Lusby et al. Molecular Cancer (2025) 24:2
https://doi.org/10.1186/512943-024-02182-w

Molecular Cancer

®

Pan-cancer drivers of metastasis chesior

Ryan Lusby', Engin Demirdizen?’, Mohammed Inayatullah?’, Paramita Kundu**, Oscar Maiques™>*, Ziyi Zhang’,

Mikkel Green Terp?, Victoria Sanz-Moreno®* and Vijay K. Tiwari

1,2,56,7%

Abstract

Metastasis remains a leading cause of cancer-related mortality, irrespective of the primary tumour origin. However,
the core gene regulatory program governing distinct stages of metastasis across cancers remains poorly understood.
We investigate this through single-cell transcriptome analysis encompassing over two hundred patients with meta-
static and non-metastatic tumours across six cancer types. Our analysis revealed a prognostic core gene signature
that provides insights into the intricate cellular dynamics and gene regulatory networks driving metastasis progres-
sion at the pan-cancer and single-cell level. Notably, the dissection of transcription factor networks active across dif-
ferent stages of metastasis, combined with functional perturbation, identified SP1 and KLF5 as key regulators, acting
as drivers and suppressors of metastasis, respectively, at critical steps of this transition across multiple cancer types.
Through in vivo and in vitro loss of function of SP1 in cancer cells, we revealed its role in driving cancer cell survival,
invasive growth, and metastatic colonisation. Furthermore, tumour cells and the microenvironment increasingly
engage in communication through WNT signalling as metastasis progresses, driven by SP1. Further validating these
observations, a drug repurposing analysis identified distinct FDA-approved drugs with anti-metastasis properties,
including inhibitors of WNT signalling across various cancers.
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Introduction

Cancer metastasis dramatically reduces survival and
is the greatest cause of death for these patients [1, 2].
Metastasis involves cancer cells leaving the primary
tumour and colonising distant organs [3, 4]. During the
early stages of metastasis, cancer cells acquire the epithe-
lial-mesenchymal transition (EMT) program to become
mobile and invasive [5, 6]. Furthermore, the metastatic
progression is influenced by complex interactions of
cancer cells with the microenvironment at the primary
and secondary sites, manifesting different cell fates [3, 4,
7]. Despite over 200 drugs approved in the last six dec-
ades targeting various aspects of this process, the overall
survival in metastatic disease remains poor [8]. Moreo-
ver, while all cancer types share hallmarks of metastasis,
whether a treatment could target this process irrespective
of the tissue origin is unclear [9, 10]. Although combina-
tion therapy or neoadjuvant therapy can have a thera-
peutic benefit in several cancers, their drawbacks include
triggering of the metastatic cascade and drug resistance
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[11-13]. Elucidating the potential of when a patient is
likely to metastasize and targeting it timely and effec-
tively is the biggest unmet need in clinical practice.

Previous studies have focused on investigating features
of metastatic potential in specific cancers with several
signatures showing pre-clinical utility in their corre-
sponding cancer types [14, 15]. For example, in breast
cancer, many studies have identified distinct gene expres-
sion signatures that can predict metastatic progression
[16-18]. Similar advances have been made for lung,
colorectal and prostate cancers [19-21]. However, these
signatures only apply to the cancer type which they were
identified in and thus show no versatile utility for other
cancer types [22]. This has further prevented identifying
common therapeutic targets for preventing metastasis.

In recent years, there has been a shift in the exami-
nation of the molecular mechanisms of metastasis at
the pan-cancer level, which has uncovered subtypes of
metastasis that transcend primary tumours and helped
inform precision medicine [23-25]. For example, a recent
paper investigating the genomic landscape of primary
and metastatic tumours at the pan-cancer level found
metastatic lesions to be less heterogeneous than reported
for primary tumours, implying that shared transcrip-
tional programs across metastatic tumours might exist
[26]. However, these studies applied bulk sequencing
techniques, which mask the heterogeneity within the
tumour and tumour microenvironment [27]. This is a key
limitation, as metastasis is a multi-step process, involv-
ing continuous communication within subpopulations of
the tumour and with the microenvironment. This infor-
mation is masked when averaging information in bulk
sequencing approaches [27]. These approaches have con-
sequently not been able to help current clinical practices
detect early disseminating cells, resulting in underestima-
tion of a patient’s current metastatic state and risk.

To address this unmet need and overcome the limita-
tion, we conducted a pan-cancer single-cell transcrip-
tome analysis, involving over 200 patients with metastatic
and non-metastatic tumours across six cancer types. Our
research has identified a core gene signature that effec-
tively detects disseminating cancer cells and elucidates
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the cellular dynamics and gene regulatory networks
driving stepwise metastasis progression at both the pan-
cancer and single-cell levels. Notably, we dissected tran-
scription factor networks active across various stages of
metastasis. Through functional perturbation, we identi-
fied SP1 and KLF5 as crucial regulators, acting as drivers
and suppressors of metastasis, respectively, across multi-
ple cancer types. Additionally, we found that tumour cells
and the microenvironment increasingly communicate
via WNT signalling as metastasis begins, driven by SP1.
Furthermore, a drug repurposing analysis followed by
in vitro validation identified FDA-approved drugs with
anti-metastasis properties, including inhibitors of WNT
signalling, across various cancers.

Results

A core gene signature provides insights into metastatic
potential across multiple cancer types

Given the known shared cellular hallmarks of metastasis
across cancers, we hypothesised that a conserved meta-
static signature may exist across multiple cancer types
irrespective of tissue origin. To test this hypothesis, we
curated single-cell transcriptome (scRNA-seq) data from
17 studies that encompassing 222 patients across six dif-
ferent cancer types (colorectal, gastric, lung, nasopharyn-
geal (NPC), ovarian, pancreatic ductal adenocarcinoma
(PDAC), breast) (Supplementary Table 1) all of which are
known to have a high risk of metastasis. After removing
samples with fewer than 100 malignant cells, based on
the results of applying inferCNV on each, we integrated
each sample using Seurat, resulting in a pan-cancer data-
set comprised of expression profiles of more than 1.2 mil-
lion (1,237,224) cancer cells from 266 tumour samples
(Fig. 1A-B).

Our primary objective was to identify specific groups
of cells, regardless of their cell type, with a high poten-
tial to metastasize in patients across different types of
cancer in our pan-cancer scRNA-seq. To do this, we
started by examining the Human Cancer Metastasis
Database in which they have a list of 2,183 genes available
to download that have been linked to metastasis in vari-
ous types of cancer [28]. From this database, we split the

Fig. 1 Defining the core transcriptional landscape driving pan-cancer metastasis. A Graphical overview of the study, highlighting the cancer types
examined, the multi-omics data utilised, the in-silico analysis methods employed, and the validation approaches for in silico findings. B UMAP
projection of pan-cancer single-cell RNA-seq (scRNA-seq) data, annotated by cancer types and cell types. C The top panel shows the number

of programs associated with the expression of metastatic gene lists, while the bottom panel presents the clustering analysis of genes frequently
associated with 25 or more programs across all samples, ranked by their association with the number of archetypes. D The top panel illustrates

the aim to define a refined epithelial cell type-specific signature from 286 genes, and the bottom panel displays the cell type specificity scores

of each metastatic gene across different cell types, with clusters annotated to highlight cluster-specific expression of the signature. E Metastatic
scoring of each TCGA pan-cancer patient, stratifying them into high and low metastatic potential groups. F Kaplan—Meier survival plot of patients

stratified by metastatic potential genes in the TCGA pan-cancer cohort



Lusby et al. Molecular Cancer

(2025) 24:2

Multiomics Analysis
Spatial Transcriptomics

ChIP- Drug Screening

Metastatic Cell Gene Regulatory Cell Fate In -silico validation
Identification Networks Changes
e ka
= Q i
e
Cell-Cell Patient ScRNA-seq M
i q i Drug
NIIEs
b Vg CANES)
TN - Ny,
C Identification of 286 Metastatic Genes
) ]
€
e 100
o)
o 286 Genes
S
—
o
=
7}
Q
€
=1
4
500 1000 1500
Gene rank
m I —
-06 o 06 286 Genes
E
TCGA Pan-Cancer Stratification
¢ ucs
Q
2 UCEC
5 THCA
g SKCM
< READ
v ov
LUSC
LUAD
LIHC
KIRP
KIRC
KICH
HNSC
COAD
CESC
BRCA
BLCA
PRAD

0.0

0.4

0.8

Relati ve expression of MET signature

Fig. 1 (Seelegend on previous page.)

Page 3 of 30

scRNA-seq Integration and Celltype Annotation

Cancer

©® Breast ® NPC
® Colorectal ® Ovarian
® Gastric ® PDAC
® Llung

CellType

UMAP_1
® B cell ® Monocyte
® DC ® NK_cell

® Endothelial_cells © Platelets

® Epithelial_cells ® Smooth_muscle_cells
@ Fibroblasts © Tcells

® Macrophage

Refinement of Metastatic Signature (MET)

Low Metastatic

Sco re
Epithelial
(] Metastatic Gene
.w Signatu re
H : — m High Metastatic
o .“ “A Sco re

'H\

3

BRC A-ME T High vs Low

MET - Hgh . Low

]

o

Survival probability

LUAD- ME T High vs Low

100 MET == Hgh == Low

Survival probability
g 4

°

o 200 400 600 8000
Time

READ- ME T High vs Low

MET . Hgn . Low

“\H

3

2
3
3
s
=
g
4
a

025

0.1 0.25
| h aI Cells
m 0t lf Cc 5 Cells
yte
SIls
nknown
4 5 6

HNSC- ME T High vs Low

Survival probability
°

Time

PRAD- ME T High vs Low

MET e Hgh = Low

100
075
050
025
p=0§2
000
3 2000 2000 5000

KIRC-ME T High vs Low

T - g - Low

N

Survival probability

Survival probabilty
g



Lusby et al. Molecular Cancer (2025) 24:2

downloaded gene list into two lists, in which 1,426 genes
were linked to metastasis based on one publication [28],
and 753 genes were referred by multiple publications
[28].

To create a core set of genes that can effectively identify
metastatic cells, we performed a detailed analysis on each
patient’s sample utilizing multiresolution archetypal anal-
ysis from the ACTIONet R package [29]. This enabled us
to identify common cells across different types of cancer
and different patients based on gene expression patterns
related to each metastatic gene list. Furthermore, this
approach would enable us to select relevant genes, in the
context of scRNA-seq, from a list of genes obtained from
various omics-methods and cancer types as detailed in
their publication [28].

To identify archetype programs with high metastatic
potential, we applied our metastatic gene sets to score
each archetype, using UCell, across the scRNA-seq data
from patients. Specifically, we evaluated the expression
levels of genes from each metastatic gene set within each
archetype program. Archetypes exhibiting high expres-
sion of multiple genes from both sets were deemed to
have increased metastatic potential. Supplementary
Fig. 1A illustrates representative results for lung and
breast cancer patients, where archetypes with high scores
(indicated in red) were selected for further analysis.
These high-scoring archetype programs, enriched with
numerous metastasis-associated genes, likely represent
cell subpopulations with a greater propensity for metas-
tasis, as indicated by their shared transcriptomic signa-
tures related to metastatic activity. This approach allowed
us to narrow down specific archetype programs poten-
tially linked to metastatic processes.

Next, we ranked the archetypes based on their UCell
scores and concentrated on those with the highest UCell
scores, as these are most likely associated with metasta-
sis. We extracted genes present in 25 or more archetypes
across all patients from these top-scoring archetypes.
This threshold was determined by the inflection point
of our curve analysis (Fig. 1C), ensuring that we selected
genes consistently expressed in a substantial number of
archetypes. We then performed linear regression analy-
sis based on the number of archetypes in which each
gene was expressed. We identified the top-ranking genes
that define these archetype programs by clustering the
genes according to this metric. This analysis culminated
in a core metastatic signature of 286 genes (Fig. 1C),
representing a key set of genes implicated in metastatic
progression. Interestingly, these signature genes were
associated with important processes related to metasta-
sis, such as cell adhesion, regulation of cell proliferation,
and epithelial cell differentiation (Supplementary Fig. 1B)
[30].
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Next, we scored each patient in our pan-cancer
scRNA-seq data for a shared high expression of these
286 genes to identify those with high metastatic poten-
tial and to ensure that a specific cancer type was not
driving the identified gene list. Interestingly, the out-
come showed that this signature could rank each
patient from high or low metastatic potential with no
clear patterns in tumour type driving this scoring (Sup-
plementary Fig. 1C).

We extracted available metadata on tumour stages
for each patient to further investigate the relationship
between our ranking and clinical parameters. Tumours
were categorized as either above or below stage III, and
we performed a correlation analysis between the tumour
stage and the ranking scores derived from the expres-
sion of the 286 signature genes. The analysis revealed a
weak positive correlation (r=0.134) between the ranking
scores and tumour stage (Supplementary Fig. 1D). This
modest association aligns with our expectations, given
that the ranking was based on the entire gene expression
profile rather than a subset specifically optimized for pre-
dicting metastatic potential. While higher ranking scores
tend to be associated with more advanced tumour stages,
this ranking is not fully predictive.

Next, we aimed to validate the robustness of our gene
signature using bulk RNA-seq data, accompanied by
patient relapse-free survival information. However, bulk
RNA-seq data can be influenced by a mixture of cell
types, potentially skewing the results. We hypothesized
that a gene signature specific to cancer epithelial cells,
the main drivers of tumour behaviour, would provide
more accurate prognostic information. To address this,
we calculated a cell-type specificity score by evaluating
the expression of each of the 286 metastasis-associated
genes across all cell types. We then averaged these scores
across tumours and visualized them in a heatmap, reveal-
ing nine distinct clusters based on gene expression pat-
terns (Fig. 1D).

Since many genes were not specific to epithelial cells,
we focused on clusters 4 and 5, which exhibited high
expression in epithelial cells. This refinement yielded 177
genes with high epithelial specificity and minimal expres-
sion in other cell types (Fig. 1D). This subset provided a
more targeted gene signature relevant to cancer epithe-
lial cells. Gene ontology (GO) analysis of these 177 genes
revealed their involvement in migratory processes and
B cell activation (Supplementary Fig. 1E), both of which
are critical in cancer progression and metastasis. We
also conducted GO analysis on the remaining 109 genes
from the original 286 that were not epithelial-specific.
These genes were enriched in pathways related to extra-
cellular matrix organization, angiogenesis, and blood
vessel development, highlighting their significant roles
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in supporting the tumour microenvironment and meta-
static processes (Supplementary Fig. 1F).

To investigate the prognostic capabilities of our 177
gene signature, we first measured the average expression
of all 177 genes for each patient across all cancer types in
the TCGA data [31] and showed statistically significantly
higher expression in tumour versus normal tissue across
14 out 22 cancer types, in particular, cancers of epithelial
cell origin (Supplementary Fig. 1G). Hence, our refined
177 gene metastatic signature can be detected in bulk
RNA-seq datasets and holds discriminatory power for
tumour versus normal samples.

Next, we calculated a metastatic score across all
patients in the TCGA pan-cancer cohort and strati-
fied patients into high or low metastatic potential using
the median score within each cancer type as a cut-off
(Fig. 1E). Subsequently, we modelled the relapse free
survival (RFS) with high and low metastatic scores for a
range of cancers. Here, we evaluated data from various
established resources, including the Breast Invasive Car-
cinoma Collection (BRCA), head and neck squamous cell
carcinoma (HNSC), Kidney Renal Clear Cell Carcinoma
(KIRC), Rectum Adenocarcinoma (READ), Prostate
Adenocarcinoma (PRAD) and Lung Adenocarcinoma
(LUAD). In all cases, we found a high metastatic score
associated with a reduced RFS (cox hazard ratio: 2.65;
p=7.18x10-5) (Fig. 1F). The significant classification
of patients into high and low RFS across multiple can-
cer types supports the prognostic utility of our 177 gene
signature beyond specificity to a single of these cancer

types.

Identification of molecularly distinct early disseminating
cells through metastatic scoring

To delineate the potential core mechanisms of metasta-
sis shared across cancers, we examined our scRNA-seq
data to identify cells with low and high metastatic poten-
tial. Towards this, we used the refined gene signature
to score each cell from low to high metastatic potential
[32]. Interestingly, most cells displayed metastatic scores
in the intermediate range rather than high or low scores
(Fig. 2A). Subsequently, we binarized the cell scoring into
16 distinct bins. We categorized the cells with scores
at the top 20% as high, the bottom 20% as low, and the

(See figure on next page.)
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remaining 60% as mid. Using these data, we investi-
gated the differences in the transcriptional landscape
between low and high metastatic cells using pseudobulk
differential gene expression analysis (Fig. 2B). Here, the
genes that were significantly higher expressed in meta-
static cells included many genes previously known to be
involved in this process in separate cancers, including
LCN2 [33, 34] and AGR?2 [35] (Fig. 2B). These observa-
tions further validate our approach that the 177-core
gene signature can identify cells with a high metastatic
potential and further reveals a wider gene regulatory net-
work driving this progression. Interestingly, cells with a
high metastatic score showed enrichment for metastasis
associated biological processes, including cell motility,
locomotion, and immune activation (Fig. 2C).

Having identified cells in scRNA-seq data, we next
sought to explore the utility of our signature in spatially
locating metastatic cells within a tumour using spatial
transcriptomics data. This approach aimed to reveal
insights into potential cell-cell interactions within the
tumour microenvironment and validate that our signa-
ture was selecting cells with a high metastatic potential
due to their spatial locations. To this end, we obtained
and analyzed the spatial transcriptomics data of four
breast cancer patients containing the primary tumour, the
invasive edge and the surrounding stroma [36]. By imple-
menting UCell scoring [32] of our 177 gene metastatic
signature, we successfully identified groups of cells with
a high metastatic potential on each patient slide (Fig. 2D).
Of note, our signature genes were most highly expressed
along the invasive edge, followed by the tumour body as
compared to the surrounding stroma (Fig. 2E). Further-
more, cells with a high metastatic score on the invasive
edge were significantly enriched for GO terms associated
with metastasis and cell migration (Fig. 2F). We further
validated these observations by analyzing additional spa-
tial transcriptomic datasets from patients with invasive
breast cancer [36] and prostate cancer [37]. Specifically,
we applied UCell scoring to our refined 177-gene meta-
static signature and overlaid these scores onto the spatial
transcriptomics plots of the respective tissues. Visually,
the regions annotated as invasive carcinoma exhibited
higher UCell scores, indicating elevated expression of our
gene signature (Supplementary Fig. 2A-B).

Fig. 2 A refined metastatic signature uncovers the pan-cancer molecular landscape of metastatic cells. A UMAP projection of cells scored

for metastatic potential from low to high using UCell. B Differential gene expression (DEG) analysis comparing cells with low versus high metastatic

scores. C Gene Ontology (GO) terms associated with genes exhibiting higher expression in high metastatic potential cells. D Spatial transcriptomics

plots illustrating tumour regions (indicated by black dashed lines) with metastatic scoring based on a 177-gene signature using UCell. (E) Expression
patterns of the metastatic signature across stromal, tumour body, and invasive edge regions in spatial transcriptomics data. F GO terms enriched

in genes with significantly higher expression in invasive edge clusters compared to the tumour body
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To quantify this observation, we extracted the meta-
data from both datasets and performed a Wilcoxon rank-
sum test to compare the UCell scores between invasive
carcinoma regions and all other tissue regions. The sta-
tistical analysis revealed that invasive carcinoma regions
had significantly higher scores than non-carcinoma
regions (Supplementary Fig. 2C-D). This result reinforces
the specificity and relevance of our 177-gene signature in
identifying regions of invasive carcinoma within spatial
transcriptomic data. Thus, our 177 gene signature can
capture cells with metastatic phenotypes in both scRNA-
seq and spatial transcriptomic data from different can-
cers. Furthermore, using our 177 gene signature, we are
classifying cells that are potentially on the verge of dis-
semination, highlighting the validity and relevance of our
signature to the pan-cancer phenomenon.

Shared metastatic fate driven by correlated gene
expression program across distinct cell types
Subsequently, to enhance the visualisation of scored
cells in the scRNA-seq data, we employed force-directed
graph (FDG), which depicts cellular relationships based
on their mutual interactions and similarities in gene
expression profiles. This analysis revealed a compelling
observation in which cells with elevated metastatic scores
clustered together (Fig. 3A). This spatial organisation of
metastatic scored cells suggested a coherent progression
or trajectory associated with metastatic scoring (Fig. 3A).
To resolve the metastatic trajectories at the pan-cancer
level, we used a CellRank computed KNN graph as well
as the CytoTRACE pseudotime [38] (Supplementary
Fig. 3A). Additionally, we calculated the directed transi-
tion matrix and transition streams on the FDG embed-
ding to determine cellular differentiation kinetics.
Interestingly, we identified a collective metastatic tra-
jectory from low to high metastatic potential irrespective
of cancer and cell types (Fig. 3B). Importantly, CellRank
revealed that cell type-specific genes drive metastasis,
implying that distinct genes can drive the same meta-
static fate in different cell types (Fig. 3C). Of note, a set
of these genes have previously been implicated in similar
processes. For example, we identified CTHRC1 as a key
gene in driving metastatic progression, and it has been
previously implicated in several metastatic cancers [39,
40]. In particular, CTHRC1 was shown to be secreted
from cancer-associated fibroblasts in breast cancer and
promote invasion, EMT processes and activation of the
Wnt/B-catenin pathway [41]. In epithelial cells, ANO3
and FGP4 were identified as key drivers of metastasis
and may represent novel therapeutic targets across can-
cers. Next, we explored the expression of our cell type-
specific metastatic genes in RNA-seq data from primary
breast cancer and metastatic sites [42]. CTHRC1 and
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ANO3 were shown to be highly expressed in metastatic
tumours compared to primary tumours (Fig. 3D-E). To
gain further insights into the underlying transcriptional
landscape driving each distinct cell type of metastatic
progression, we extracted the top genes driving this
progression as calculated by CellRank for epithelial and
fibroblast cells and performed gene ontology analysis on
each. This showed enrichment for many cancer and met-
astatic related KEGG terms associated with driving this
progression (Supplementary Fig. 3B-C). Of note, WNT
signalling was found to be the top pathway driving epi-
thelial metastatic progression as well as in fibroblasts,
hinting that many cell types, whilst having distinct gene
expression profiles, may share common signalling path-
ways to drive a metastatic progression.

These results highlight that correlated expression of
distinct genes in specific cell types and common signal-
ling pathways may contribute to metastatic progression
across different cancers, opening the opportunity to
identify novel pan-cancer biomarkers.

Transcriptional networks underlying metastatic continuum
across diverse cancer types

Our previous analysis was based solely on primary tumour
data and metastatic scoring. Next, we aimed to leverage
our 177-gene metastatic signature with pseudotime anal-
ysis to identify cells within the primary tumour that have
a high potential to metastasize. Additionally, we aimed
to identify cells within the secondary site that may have
originated from the primary tumour. To achieve this, we
obtained scRNA-seq of paired primary PDAC and sec-
ondary liver tumours in a PDX model [43]. Following
pre-processing, we focused our analysis on epithelial cells
only. Next, using our 177 gene metastatic signature, we
scored each cell using an unbiased cellular fate trajectory
inference using Monocle 2 and observed a continuum.
In the mouse data from the primary tumour to the liver
metastatic site, the highest-scoring cells appear to align
with the low and intermediate pseudotime range, while in
human primary breast cancer to lymph node metastasis,
they align with the intermediate and later range of pseu-
dotime cells in a separate branch (Fig. 4A-B). Identical
results were obtained using datasets from paired samples
of primary PDAC to lung metastatic site in a PDX model.
(Supplementary Fig. 4A&B). Furthermore, similar analyses
were obtained using scRNA-seq from primary breast can-
cer and paired lymph node and lung metastases [44] where
our 177 gene metastatic score identified cells on a contin-
uum with the highest scoring cells spanning the interme-
diate and later pseudotime ranges (Fig. 4B, Supplementary
Fig. 4C). These observations suggest that our 177-gene
signature can identify cells undergoing dissemination and
those recently metastasized to the secondary site.
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in primary breast cancer compared to metastatic sites, as measured by RNA-sequencing (RNA-seq)

We next attempted to identify the order in which
genes are either switched on or off along the discov-
ered metastasis trajectory and therefore exported our
Monocle 2 objects as inputs into the R package Gene-
Switches that uses a statistical framework based on
logistic regression for this purpose [45]. Interestingly,

this analysis in PDX primary-to-liver and human breast
cancer-to-lymph node trajectory identified several dis-
tinct and shared genes that are dynamically switched
on or off as cells moved towards a highly metastatic
fate (Fig. 4C-D). For example, the transcription factor
SP1, a known driver of metastasis, was identified to
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Fig. 4 Refined metastatic signature can recapitulate the cascade of tumour migration. A Monocle 2 trajectory analysis of paired patient-derived
xenograft (PDX) pancreatic ductal adenocarcinoma (PDAC) and liver metastasis cells, with cells coloured by site, pseudotime, and metastatic
score using UCell. B Monocle 2 trajectory analysis of paired breast cancer and lymph node metastasis cells, similarly, coloured by site, pseudotime,
and metastatic score using UCell. C Differential gene expression along pseudotime for the PDX PDAC and liver metastasis pair, quality of fitting

is calculated using McFadden’s Pseudo R? D Differential gene expression along pseudotime for the breast cancer and lymph node metastasis

pair, quality of fitting is calculated using McFadden’s Pseudo R? (E) Spatial transcriptomic profiling of a breast cancer patient, scored for metastatic
potential using UCell. F Trajectory analysis of the breast cancer spatial transcriptomics data, highlighting genes that drive the observed cellular
trajectories

gain in activity in the later stages in both cases. In PDX time points (Fig. 4C), two enzymes with opposing func-
primary to liver metastasis trajectory, we also found a  tions in DNA methylation, which is known to be aber-
dramatic switch between Tet2 and Dnmt1 at the earlier  rant in cancer [46].
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Utilising human breast cancer spatial-transcriptomics
data, we next sought to explore the trajectory from non-
invasive ductal carcinoma in situ (DCIS) to invasive car-
cinoma and identify drivers common with our metastatic
gene list. We began by using stlearn [47] to reconstruct
cell type evolution in spatial transcriptomics data [47].
After scoring each region with our 177 gene metastatic
signature, we aimed to reconstruct the spatial trajectory
between a DCIS cluster with a low metastatic score and
an IDC cluster with a high metastatic score (Fig. 4E-F).
Interestingly, this analysis revealed that many genes driv-
ing this trajectory were within our pan-cancer 177 gene
metastatic signature (Fig. 4F), including COL1A2, whose
high expression is known to promote the tumour cell
proliferation and metastasis in oesophageal cancer [48],
highlighting the utility of our pan-cancer 177 gene signa-
ture in distinct cancer types. Altogether, our pan-cancer
177 gene metastatic signature can accurately identify and
arrange cells along a metastatic continuum across mul-
tiple cancer types. Furthermore, these results further
highlight that many of the genes within our signature
potentially contribute to the dissemination of tumour
cells.

Emergence of intercellular WNT signalling

from the microenvironment to tumour epithelial cells
during metastatic progression

Communication between cancer cells and the surround-
ing stromal cells impacts tumour proliferation, metas-
tasis and treatment failure [49, 50]; and its disruption
holds the potential to combat metastatic progression
[27]. Since our 177 gene signature showed high expres-
sion in cell types beyond epithelial cells, and each distinct
subtype shared similar signalling pathways (Fig. 1D), we
next sought to investigate the cell-to-cell communica-
tion networks driving metastatic progression at the pan-
cancer level. In the first instance, we used CellChat [51]
to uncover signalling interactions between low, mid and
high scored metastatic cells. We calculated the cell—cell
communication network for all cell types in high metas-
tasis scored cells, where the width of the edges represents
the strength of the communication and revealed a wide
range of communication networks between all cell types

(See figure on next page.)
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(Fig. 5A). Finally, we compared all the signalling pathways
in cells scored as high to low (Supplementary Fig. 5A)
and mid (Fig. 5B, Supplementary Fig. 5B).

Interestingly, we found that WNT signalling was most
active in high metastatic cells, followed by mid and inac-
tive in low metastatic cells across all cancers. WNT sig-
nalling has previously been implicated in metastatic
progression, and it appeared among one of the top path-
ways driving epithelial and fibroblast metastatic cell
fate (Supplementary Fig. 3A-B). However, the cell types
involved in the communication networks were previ-
ously unknown [52]. In mid scored cells, endothelial cells
were the dominant cell type receiving, sending, mediat-
ing (controlling signalling flow), and influencing (a hybrid
measure of controlling communication) WNT signalling.
In high scored cells, multiple cell types received WNT
signalling, with epithelial cells emerging as the domi-
nant receiver along with the endothelial cells (Fig. 5 C-F).
Notably, we found that this communication was primar-
ily driven by the WNT3A ligand, the FZD8 receptor and
the LRP5 co-receptor (Fig. 5G). In line with these obser-
vations, LRP5 has been shown to correlate significantly
with tumour metastasis [53]. The robustness of these
observations was further confirmed using another highly
cited tool, LIgand-receptor ANalysis framework (LIANA
[54]) where we see a higher activity of WNT5A and
FZD4 ligand and receptors only in metastatic cells (Sup-
plementary Fig. 5E). Interestingly, genes encoding some
of these ligand-receptor pairs were found to be bound by
SP1, suggesting its potential involvement in regulating
their expression cells undergoing metastasis (Supplemen-
tary Fig. 5F).

To corroborate these findings, we performed cell—cell
communication analysis on spatial transcriptomics data
of invasive breast cancer using stlearn [47]. We scored
cells using our 177 gene signature and calculated the
communication networks between highly scored (i.e.
“metastasis high”) cells and the surrounding stromal
cells (Fig. 4E-F). To further substantiate these findings,
we next investigated the dynamics in the expression of
WNT signalling target genes during metastatic progres-
sion. Towards this, we scored each cell using UCell for
WNT target gene expression and plotted their scores

Fig. 5 Identification of WNT signalling as a key driver of communication networks in metastatic cells. A Total cell-cell interactions across different
cell types in samples with high metastatic potential. B Comparison of the number of interactions between metastatic high and metastatic medium
scored cells. C WNT signalling interactions among cell types in metastatic medium scored cells. D WNT signalling interactions among cell types

in metastatic high scored cells. E Communication networks mediated by WNT signalling in metastatic medium scored cells. F Communication
networks mediated by WNT signalling in metastatic high scored cells. G Top ligand interactions driving WNT signalling in metastatic high cells. (H)
UCell scoring of WNT target genes across metastatic timepoints, highlighting gradual increases in expression and the implication of WNT signalling

in metastatic cells
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across each metastasis timepoint (Fig. 5H). Notably, this
analysis revealed that the WN'T target genes had increas-
ing expression across metastasis time points, with high
scored cells having the highest expression. This aims to
validate our findings and supports previous observations
that WNT signalling plays a key role in the maintenance
and proliferation of tumour cells [39, 55]. Altogether,
these observations establish that emergent WNT signal-
ling from the stroma to tumour epithelial cells potentially
plays a key role in the metastatic transition.

Drug repurposing analysis reveals distinct FDA-approved
drugs targeting pan-cancer metastasis

Drug repurposing has recently become highly attractive
as it permits new uses of a drug outside the scope of its
original medical approval or investigation, accelerating
patient support [56]. Given the strong potency of our
signature in identifying metastatic cells across cancers,
we implemented the drug repurposing recommendation
tool ASGARD [58] on our scRNA-seq data to identify
any existing drugs with the potential to target metastasis.
Here, we first divided our merged pan-cancer scRNA-seq
dataset into low metastatic cells (bottom 20% score) and
high metastatic cells (top 20% score) (Fig. 6A). We then
used limma [59] to identify differentially expressed genes
between cell types classified as metastasis low vs metas-
tasis high. These consistently differentially expressed
genes were then used as inputs to identify drugs that can
significantly (FDR<0.05) reverse their expression levels
in the L1000 drug response dataset, which comprises
591,697 drug/compound treatments. We next applied
ASGARD and predicted 15 drugs (FDR<0.05 and over-
all drug score >0.99) for the treatment of metastasis from
breast, colorectal, lung, NPC, ovarian and/or PDAC can-
cers (Fig. 6B).

The top candidate in our repurposing analysis, Vori-
nostat, was shown to have a high drug score across five
out of 6 cancer types. It is a histone deacetylase (HDAC)
inhibitor approved for the treatment of cutaneous T-cell
lymphoma and has been used to treat metastatic tumours
in several cancer types and is the focus of many clinical
trials, including for breast cancer treatment [60-63]. Fur-
thermore, Vorinostat has been shown to have a potential
role in modulating cell proliferation via WNT signal-
ling and the cell cycle through degradation of -catenin,
resulting in an inhibition of cell proliferation, with a cell
cycle arrest occurring in G1/G0. Additionally, Vorinostat
treatment has been shown to impede cell migration [64,
65]. We performed a GO analysis to identify the target
genes and pathways of the top three candidates (Vori-
nostat, thioridazine, sirolimus) across the top four cell
type clusters based on cell type proportion in each condi-
tion (Fig. 6C). This analysis uncovered WN'T signalling as

Page 12 of 30

a target, particularly in epithelial, endothelial, and T cells
(Fig. 6C). Altogether, these findings suggest that FDA-
approved drugs that disrupt WNT signalling could be
repurposed to overcome or prevent metastatic progres-
sion across multiple cancer types.

Conserved gene regulatory networks driving metastatic
cascade

Next, we investigated how transcription factor (TF) net-
works contribute to the stage-specific metastasis pro-
grams we identified from scRNA-seq data. Utilising
CellOracle [66] we defined gene regulatory networks, in
which CellOracle [66] constructed GRN models between
a TF and its target genes for each metastatic timepoint.
We then utilised CellOracle [66] again to assess the con-
tribution of each TF using centrality metrics, resulting
in a final list of TFs for each metastatic score category
(Fig. 7A). Here, degree centrality scoring in the high
metastatic cluster gene regulatory network configuration
successfully recognised key TFs associated with meta-
static disease, such as SP1 and E2F4 (Fig. 7A). In contrast,
the low and mid metastatic score clusters identified TFs
that are known to be associated with reducing or inhib-
iting metastatic progression, such as STAT1 and KLF5
(Fig. 7A) [67, 68].

As we had details on each regulon across each meta-
static stage, we analysed how network connectivity
changes during metastasis to gain an insight into the con-
tribution of each GRN along our metastatic continuum.
We were particularly interested in two TFs, SP1 and
KLFS5, given their previous implications in cancer metas-
tasis and opposite kinetics in our data during metastasis
progression (Fig. 7B). Interestingly, the network scores
for SP1 recapitulate the metastatic progression scores,
with reduced activity in the low-to-mid scored cells and
a sharp increase in the high scored cells (Fig. 7B). In con-
trast, KLF5 had a high network score in the mid scored
cells and a sharp decrease in cells with a high metastatic
score (Fig. 7B) [67].

To further validate these observations, we investigate
the expression dynamics of these TFs in normal tissues,
primary and metastatic tumours. We found that KLF5
had lower expression in metastatic tumours versus pri-
mary tumours and normal tissue, hence potentially act-
ing as a tumour/metastatic suppressor, whereas SP1
displayed the opposite pattern, functioning likely as a
tumour/metastatic promoter (Fig. 7C). These expression
patterns clearly highlight that our observed continuum
correlates with metastatic cancer progression and is also
in line with previous observations where high expression
of SP1 was found to be associated with an unfavourable
prognosis across multiple cancer types, which directly
correlates with TNM staging [69].
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We next sought to explore the possibility of SP1 in
directly regulating WNT-related genes in metastatic
cells. Towards this, we processed SP1 ChIP-seq from
a metastatic (Colon: HCT116) and a non-metastatic
(Breast: MCF7) cancer cell line from the ENCODE
database and further analysed to identify SP1-drive
transcriptional circuitry in these cell models (Fig. 7D).
Interestingly, we found a dramatically larger number of
regions bound by SP1 in metastatic cells compared to
non-metastatic cells, suggesting a more active gene reg-
ulatory role of SP1 in metastatic cells (Fig. 7E). Notably,
SP1 binding occurs more in the distal regulatory regions
within metastatic cells compared to non-metastatic cells,
where SP1 occupancy is at the proximal regulatory sites
(Fig. 7F). Given the established critical role of distal regu-
latory elements in defining cell identity, SP1 potentially
functions as a dominant driver of metastatic cell features
in these cells. Notably, these data showed a clear occu-
pancy of SP1 at regulatory elements of several WNT tar-
get genes, such as WNT7B and JUN genes in metastatic
cells, but did not target these loci in non-metastatic like
cells [70-73] (Fig. 7G-H). These results suggest that SP1
is an upstream inducer of WNT signalling genes during
metastatic progression. Overall, our data uncovered key
TFs that function at different stages of metastatic pro-
gression to drive essential driver pathways.

SP1 controls cell survival, invasive growth and metastatic
colonisation

As a proof-of-principle for prioritising TFs as novel ther-
apeutic targets, we examined our breast cancer scRNA-
seq and perturbed SP1 in silico (Supplementary Fig. 6A).
We scored each cell using our 177 gene signature on an
FDG layout of the breast cancer subset and again found
that metastatic cells appeared to cluster together (Sup-
plementary Fig. 6B). We first calculated the pseudotime
and development flow using CellOracle [66] and found
it followed the sample progression as our metastatic
score (Fig. 8A). Next, we used CellOracle-based simula-
tion of SP1 perturbation to recapitulate the progression
from low to high metastatic cell fate. Using the 16 meta-
static gene regulatory network configurations inferred by

(See figure on next page.)
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CellOracle, we simulated SP1 knockout signal propaga-
tion (expression set to 0 across all cells), enabling the pre-
diction of future gene expression, and hence the direction
of cell identity transitions, at single-cell resolution. This
simulation predicts a visual shift of high metastatic cell
identity toward a low metastatic signature following SP1
knockout (Fig. 8B).

We repeated this analysis in a mouse scRNA-seq data-
set containing primary and matched lung metastases to
validate these findings. We scored each cell using our
177 gene signature and calculated the gene regulatory
networks at each metastatic stage, which revealed Spl
as a key regulator in highly metastatic cells (Supplemen-
tary Fig. 6C-D). Interestingly, another transcription fac-
tor, KIf2, was found to have the highest activity in mid
scored cells(Supplementary Fig. 6D) and is a well-known
repressor of metastasis in multiple cancer types [74,
75]. Calculating the pseudotime and development flow
using CellOracle followed the sample progression as our
metastatic score (Supplementary Fig. 6E). Notably, the
in-silico perturbation of SP1 predicted a clear shift from
high to low metastatic potential (Supplementary Fig. 6F).
Targeting SP1 TFs has been previously shown to disrupt
metastatic cancer in vitro [76]. Collectively, these find-
ings suggest that SP1 inhibitors could potentially prevent
or reverse metastatic progression across multiple cancer
types.

Following the initial in silico analysis, we sought to vali-
date and gain deeper insights into the transcriptional and
cell-fate changes resulting from SP1 and KLF5 knock-
down in vitro. For this purpose, we identified the MDA-
MB-231 cell line as having a high metastatic potential and
the HCC1806 cell line as having a low metastatic poten-
tial based on our 177-gene signature (Supplementary
Fig. 7A-B). Subsequently, we conducted SP1 depletion in
the highly metastatic MDA-MB-231 cell line and KLF5
knockdown in the low metastatic potential HCC1806 cell
line and performed single-cell transcriptome (scRNA-
seq) analysis in biological replicates. Further analysis
revealed that the loss of SP1 made the highly metastatic
cells cluster together with the low metastatic poten-
tial control cells (Fig. 8C). Moreover, SP1 knockdown

Fig. 7 Reconstructing low to high metastatic regulatory networks conserved across cancers. A Transcription factors (TFs) within the gene
regulatory network (GRN) associated with different metastatic stages. B Network dynamics of TFs across metastatic stages, coloured by MET_Score
stage. C Expression levels of KLF5 and SP1 in normal, tumour, and metastatic samples, as measured by RNA sequencing (RNA-seq). D Genome
browser tracks of SP1 ChiP-seq data, highlighting WNT target genes bound by SP1. D Schematic overview of the SP1 ChIP-seq data analysis. The

SP1 ChiP-seq data were derived from ENCODE database for metastatic-like HCT116 and non-metastatic-like MCF7 cells and analysed using standard
ChlP-seq analysis pipeline. E The barplot shows number of peaks detected for SP1 bound regions in HCT116 and MCF7 cells. F The barplot shows
annotation of SP1 bound genes at promoter and non-promoter regions of the genome. G The dotplot represents top enriched pathways of SP1
bound genes in HCT116 and MCF7 cells. The top enriched pathways were derived using hallmark gene signatures from Molecular Signatures
Database (MSigDB). H) The browser tracks show SP1 binding signal at hallmark WNT pathway genes
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cells exhibited a significant reversal in metastatic scor-
ing of the 177 genes, confirming the inhibitory effects of
SP1 knockdown (Fig. 8D). Furthermore, gene ontology
analysis revealed a remarkable decrease in the expres-
sion of genes associated with metastasis (Supplementary
Fig. 7C-D). For example, key pathways related to GTPase
signalling were prominently downregulated, indicating
a potential suppression of the metastatic phenotype [77,
78]. Additionally, genes associated with cell migration
exhibited reduced expression levels, further supporting
the role of SP1 in governing the metastatic gene expres-
sion program. Overall, these results highlight a signifi-
cant role of SP1 in driving the gene expression program
underlying metastatic progression.

Conversely, KLF5 knockdown in HCC1806 cells
showed a significant increase in metastatic scoring,
resulting in KLF5 knockdown cells clustering with the
high metastatic potential control cells and separat-
ing from the control, poorly metastatic HCC1806 cells,
indicating an increase in metastatic potential following
KLF5 knockdown (Fig. 8C-D). In direct contrast to the
SP1 depletion, the gene ontologies for KLE5 loss were
enriched for pro-metastatic biological processes (Sup-
plementary 7Fig E-F). For example, GTPase signalling
pathways and genes associated with cell migration were
significantly upregulated, confirming an enhancement in
metastatic potential (Supplementary Fig. 8E).

To further confirm our in-silico findings, we performed
SP1 knockdown in MDA-MB-231 cells and subjected
them to a set of assays that measure features of metastatic
cells. First, we observed reduced cell viability compared
to control cells (Fig. 8E-F). Next, we measured the inva-
sive growth of SP1 knockdown cells using the 3D sphe-
roid assay on collagen [79]. We observed reduced invasive
growth in SP1 knockdown cells compared to control
(Fig. 8F). Finally, we performed in vivo lung colonisation
assays that measure cancer cell survival in the lung paren-
chyma. Briefly, siRNA-transfected cells stained with vital

(See figure on next page.)
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dyes were co-injected at a 1:1 ratio into the tail-vein of
immunocompromised mice, and the percentage of cells
retained in the lungs was quantified [80—82]. We observed
that SP1 knockdown cells were less competent to grow in
the lung parenchyma than control cells (Fig. 8G). Over-
all, this data suggests that SP1 controls several features of
metastatic cancer cells in vitro and in vivo.

SP1-driven WNT Pathway activity is essential for metastatic
features
To explore a direct role for SP1 in driving WNT path-
way activity to promote metastatic features, we further
analyzed the SP1 ChIP-seq datasets from metastatic
(HCT116) and non-metastatic (MCF7) cancer cells
(shown in Fig. 7D-H). By overlapping SP1-bound genes
with those misregulated upon SP1 knockdown, we iden-
tified a subset of targets, including key WNT pathway
genes (WNT7B, DVL1, JUN, PPP2R5B, and NFATC2),
that were downregulated in the absence of SP1 (Fig. 9A).
To further validate SP1’s regulation of WNT pathway
genes, we performed SP1 knockdown in two metastatic
cancer cells MDA-MB-231 and HCT116. The results
showed a marked reduction in cell migration upon SP1
knockdown compared to controls (Supplementary Figure
S8C, D), consistent with the previous assays (Fig. 8E, F)
that demonstrated reduced metastatic potential. Impor-
tantly, WNT7B and DVL1 were significantly downregu-
lated following SP1 knockdown (Fig. 9B-C), reinforcing
the idea that the WNT pathway is a downstream target
of SP1 in regulating metastasis. We also investigated
whether SP1 overexpression alone in non-metastatic cells
is sufficient to induce metastatic behavior. Interestingly,
such ectopic overexpression of SP1 in HCC1806 cells
resulted in a dramatically faster migration, as confirmed
by scratch assays and Incucyte Live-Cell imaging (Sup-
plementary Figure S8E-F; Fig. 91, J). Furthermore, this
accompanied an induction of WNT pathway genes at the
RNA (Supplementary S8A) and protein level (Fig. 9C).

Fig. 8 SP1 and KLF5 have opposing roles in the metastasis program. A Pseudotime calculation of cells, showing overlap with metastatic scoring
and the transition from low to high metastatic potential cells. B In silico perturbation of SP1 alters the metastatic transition trajectory. C UMAP

projections of MB231 (high metastatic) and HCC1806 (low metastatic) cells, coloured by transcription factor knockdown (TF KD) and non-targeting
control (sINTC) cohorts. D UMAP projection with cells scored from low to high metastatic potential using UCell. E Representative immunoblotting
images of SP1 knockdown and non-targeting control (NT) MDA-MB-231 cells (n=4). F Representative Crystal Violet assay images for viability in SP1
knockdown and non-targeting control (NT) MDA-MB-231 cells (n=4), with quantification of absorbance at 595 nm (right). G Representative images
and quantitation of knockdown and control MDA-MB-231 spheroid growth embedded in Collagen-I at day 0 (D0) and day 1 (D1), scale bar=50 um
(n=3). H Schematic of lung colonisation assay using vital dye-stained SP1 knockdown (red) and control MDA-MB-231 cells (green) co-injected

into the tail vein of NXG mice. Lungs were imaged 24 h post-injection, displaying representative images with a heatmap analysis using QuPath
pixel mapping. Cell nuclei are stained with Hoechst 33,342. Quantitation of the area occupied by fluorescent cells in the lungs (%) for siNT and siSP1
MDA-MB-231 cells is shown (right). Scale bar=100 um. The same experiment was repeated with inverted vital dye colours (SP1 knockdown in green
and NT controls in red) (n=2). Violin plots display median (blue) with interquartile ranges. p-values were calculated using unpaired t-tests. All n
numbers indicate independent experiments unless otherwise stated
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ChIP-seq analysis further showed that SP1 binds at
the regulatory elements of these genes only in metastatic
cancer cells and not in non-metastatic cells (Fig. 9D). To
independently confirm the occupancy of SP1 at WNT
pathway genes, we performed chromatin immunoprecip-
itation assay followed by qPCR (ChIP-qPCR) for WNT7B
and DVLI loci. The results show a clear occupancy of SP1
at the regulatory elements of these genes in independent
metastatic cancer cells (MDA-MB-231) but not in non-
metastatic (HCC1806) cancer cells (Fig. 9E).

We extended our analysis by investigating WNT path-
way activity in metastatic tumors. First, we injected met-
astatic breast cancer cells (MDA-MB-231) into mice and
collected tumor samples post-metastasis. Staining for
WNT7B and DVL1 in these tumors revealed their high
expression levels and a strong co-localization (Supple-
mentary S8B). Furthermore, RNA-seq analysis in a large
cohort revealed that the expression of SP1-target WNT
pathway genes were significantly elevated in metastatic
tumors compared to the controls (Fig. 9F). These obser-
vations were further validated by immunohistochemistry
in colorectal cancer patient samples, where DVL1 and
WNT7B exhibited significantly higher and more homo-
geneous expression in metastatic tissues compared to
non-metastatic ones (Fig. 9G, H).

Lastly, we aimed at testing whether such SP1-driven
metastatic behaviour can be disrupted by pharmacologi-
cal approaches for therapeutic purposes. In our earlier
analysis, we had identified vorinostat and thioridazine as
the top drugs targeting metastatic cells in majority of the
cancer types (5 of 6 cancer types) in ASGARD analysis
which ranks FDA-approved drugs against cell populations
using scRNA-seq datasets (Fig. 6B). Furthermore, given

(See figure on next page.)
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the activation of WNT signaling in metastatic cells, we
also shortlisted three WNT pathway inhibitors: Niclosa-
mide and Salinomycin (both FDA-approved), and Foxy-5
(currently in Phase 2 clinical trials). Interestingly, applica-
tion of these drugs in two independent highly metastatic
cancer cell lines, MDA-MB-231 (breast) and HCT116
(colon), severely impaired their migratory capacity to
varying degrees, with some cell-type specific exceptions
(Fig. 91, J; Supplementary Figure S8 G-I). Furthermore,
similar effects were observed for SP1-overexpression
induced migratory behaviour in normally non-metastatic
cancer cells (HCC1806) (Fig. 91, J). These findings under-
score the essential role of the SP1/WNT axis in metasta-
sis and highlight the potential for therapeutic targeting of
this pathway to inhibit cancer progression.

Discussion
Our study presents a comprehensive analysis of a 177-
gene signature that offers significant insights into the
metastatic progression of various cancer types. This
pan-cancer approach underscores the utility of a unified
genetic framework to understand the complex biology
underlying metastasis across diverse tumour types and
microenvironments. The 177-gene signature highlights
key molecular pathways involved in metastatic dissemi-
nation, including those related to cell adhesion, migra-
tion, and extracellular matrix remodelling. Notably,
several genes within this signature have previously been
implicated in metastatic processes in specific cancers,
suggesting a broader applicability of these molecular
mechanisms across multiple cancer types.

The results demonstrate that this gene signature
can serve as a predictive tool for metastatic potential,

Fig. 9 Induction of WNT pathway genes by SP1 drives metastatic features. A Venn diagram shows overlap of SP1 bound genes with downregulated
genes upon siSP1. The five genes shown inside the venn diagram are WNT pathway genes. B The bar graph shows relative gPCR fold change

for the expression of GAPDH, SP1, WNT7B, DVL1, JUNC and NFATC2 upon SP1 knockdown in MDA-MB-231 cells. Each bar indicates the mean

of replicate values. Error bar indicates SEM. For statistical analysis, student’s t-test is performed (* p <0.05, *** p <0.001). Gene expression

was normalized to the corresponding expression of each gene upon siNTC control knockdown in MDA-MB-231. C Immunoblotting for SP1
knockdown in MDA-MB-231 (left plot) cells against SP1, a-Tubulin and DVL1. A-Tubulin served as a loading control. siNTC: siRNA for non-targeting
control. The right plot showing Immunoblotting for GFP-SP1 overexpression in HCC1806 cells against GFP, a-Tubulin and DVL1. A-Tubulin served

as a loading control. siNTC: siRNA for non-targeting control. D The browser tracks show SP1 binding signal at hallmark WNT pathway genes

WNT7B and DVL1 in HCT116 and MCF7 cells. E ChIP-gPCR relative fold enrichment for SP1 binding at the promoter sites of WNT7B and DVL1.

Each bar indicates the mean of replicate values. Error bar indicates SEM. For statistical analysis, student’s ttest is performed (* p < 0.05). IgG is used
as a negative antibody control for ChIP. Non-metastatic: HCC1806 cells; metastatic: MDA-MB-231 cells. F The boxplot showing expression of WNT7B
and DVL1 in normal, primary and metastatic tumors from colon and breast cancer patients. The expression levels were derived from TNMplot
database. G Representative images of Immunofluorescent staining for non-metastatic and metastatic CRC human tissue section. DVL1 in green,
WNT7B in red and DAPI in blue. Scale bar indicates 20 microns. Region of interest is marked in dashed yellow rectangle. H) Quantification

of immunofluorescent signal intensity for WNT 7B and DVL1. Each bar represents the mean intensity. Error bars indicate SEM. Each dot represents
the quantification value for each individual region. For statistical analysis, student’s t test was performed (* p <0.05, ** p <0.01). | Representative
bright field images of incucyte experiment for SP1 overexpressing HCC180 and highly metastatic HCT116 cancer cells with and without treatment
with the five selected drugs (vorinostat, Thiaridazine, Niclosamide, Salinomycin and Foxy 5 on Day 0, 2 and 3. J Quantification for the incucyte
experiment coupled with all drug treatments shown in (I). Vor: vorinostat, Thio: thioridazine, Salino: salionomycin, Niclo: niclosamide, Foxy: Foxy-5
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providing a valuable resource for both basic and trans-
lational cancer research. The ability to predict metasta-
sis using a common genetic signature could facilitate
earlier intervention and personalised treatment strate-
gies, potentially improving patient outcomes. Moreover,
the integration of this gene signature with existing clini-
cal parameters could enhance the accuracy of prognos-
tic models. Future studies should aim to validate these
findings in larger, independent cohorts and explore the
therapeutic implications of targeting these key pathways.
Our analysis reveals that the metastatic scoring across
samples follows a continuous distribution, highlight-
ing the nuanced spectrum of metastatic potential within
individual cells. Utilising cellular dynamics modelling
on single cells, we observed that cells with lower meta-
static scores tend to progress towards a higher metastatic
state. This trend is consistent across various cell and
cancer types, suggesting a universal trajectory towards
metastasis, which presents novel opportunities for thera-
peutic intervention aimed at halting metastatic progres-
sion universally across cancers. Interestingly, while this
shared metastatic fate is common among different cell
and cancer types, each exhibits a unique underlying tran-
scriptional program. Notably, genes such as ANO3 and
CTHRCI1 emerged as novel contributors to pan-cancer
metastasis, with their expression levels showing a direct
correlation. This finding underscores the potential for
these genes to serve as biomarkers or therapeutic targets,
warranting further investigation.

Moreover, our exploration into the transcriptional
programs driving cellular progression towards meta-
static high scored cells identified WNT signalling as the
primary pathway influencing metastatic progression.
This pathway’s significant role across different cell types
underscores its potential as a target for broad-spectrum
anti-metastatic therapies. WNT signalling has been
reported to be involved in metastatic progression [55,
83]. Our findings reveal specific WNT signaling net-
works involved in cell-to-cell communication at the sin-
gle cell level during metastatic progression. This insight
opens the opportunity to target WNT signalling to dis-
rupt these communication networks and prevent meta-
static progression.

We further show that a higher WNT activity is primar-
ily governed by the SP1 transcription factor in high meta-
static cells. High levels of SP1 protein have been shown to
correlate with tumour cell migration and metastasis in a
number of tumour models and patient samples, including
gastric and breast cancers [84—88] and WNT signalling
activity [89, 90]. However, a role for SP1-WNT signal-
ling axis in metastatic progression had remained poorly
understood, thereby highlighting the importance of our
study which has clearly filled this knowledge gap that
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applies at the pan-cancer level. Furthermore, our in-silico
knockout in breast cancer and paired primary and meta-
static site mouse scRNA-seq datasets showed that a loss
of SP1 in high metastatic cells could reverse the fates to a
low metastatic state.

Through our detailed mechanistic investigation in vitro
and in vivo validation, we confirmed that SP1 knock-
down in metastatic cells MDA-MB-231 and HCT116
resulted in significant suppression of metastatic features
which accompanied a downregulation of WNT path-
way genes such as WNT7B, DVL1, and JUN. Noticeably,
these genes were strongly bound by SP1 in metastatic
cells but not in non-metastatic cells. These observations
were further confirmed in human tissue sections as well
as RNA-seq of low and high metastatic tumours, hence
demonstrating the clinical relevance of these findings.
Conversely, overexpression of SP1 in lowly metastatic
cancer cells was sufficient to confer a migratory behav-
iour which accompanied upregulation of these markers
both at the RNA and protein levels.

Furthermore, clustering analysis confirmed the inhibi-
tory effects of SP1 knockdown, while KLF5 knockdown
in low metastatic HCC1806 cells resulted in the opposite
effect, enhancing metastatic gene ontologies and upregu-
lating GTPase signalling. GTPase signalling plays a cru-
cial role in cancer metastasis. GTPases, such as Ras and
Rho, act as molecular switches that regulate cellular pro-
cesses, including migration [91]. Activation of GTPases
promotes dynamic changes in the cytoskeleton, leading
to cell protrusions and motility, and Rho GTPases control
actomyosin contractility [92]. Dysregulation of GTPase
signalling contributes to enhanced cancer cell migration
and invasion, promoting metastatic dissemination [93].
Understanding the intricate interplay between GTPase
signalling pathways and cell migration mechanisms is
vital for developing targeted therapies to impede cancer
metastasis and improve patient outcomes. These intrigu-
ing findings shed light on the complex and context-
dependent roles of SP1 and KLF5 in cancer metastasis.
Of note, there have previously been links between KLF5
expression and SP1 in breast and prostate cancers, link-
ing elevated KLF expression with tumour suppressive
functions [94]. Further experiments showed that SP1 is
critical for cancer cell survival, invasive growth and met-
astatic colonisation, highlighting its critical importance
in metastasis at the pan-cancer level. In conclusion, our
integrated analysis of scRNA-seq and metastatic scor-
ing data reveals the opposing roles of SP1 and KLF5 in
regulating metastasis by governing the underlying gene
expression program in cancer cells. Ultimately, these
findings contribute to a better understanding of the
metastatic process and offer potential targets for preci-
sion medicine approaches in cancer treatment. Future
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studies aimed at unravelling the downstream targets and
crosstalk between SP1 and KLF5 could provide valuable
insights into novel therapeutic strategies for managing
metastatic breast cancer.

Lastly, we set out to explore whether our findings can
be used for pharmacological targeting to block metastatic
activity across cancers. Our ASGARD analysis revealed
FDA-approved vorinostat and thiaridazine as the most
effective drugs in targeting metastatic cells in the major-
ity of cancer types. Additionally, given our findings on
the activation of WNT signaling in metastatic cells, we
included three WNT pathway inhibitors: Niclosamide
and Salinomycin (both FDA-approved), and Foxy-5 (in
Phase 2 clinical trials). Notably, applying these drugs to
naturally metastatic cancer cells or cancer cells forced to
migrate with SP1 overexpression markedly reduced their
migratory abilities. Vorinostat is a histone deacetylase
(HDAC) inhibitor, FDA-approved for the treatment of
cutaneous T cell lymphoma [95, 96]. In addition, several
preclinical and clinical investigations have its promising
potential in inhibiting metastasis in cancer [97-100]. Thi-
aridazine is a low-potency typical antipsychotic but has
been shown to have anticancer effects in the brain [101,
102] and aggressive breast cancer [103, 104]. Similarly,
WNT inhibitors salinomycin, Niclosamide and Foxy-5
have previously been known to have anti-tumour activ-
ity across cancers [105—109]. These findings demonstrate
the therapeutic potential of these drugs in targeting and
preventing metastasis in aggressive cancers.

Conclusions

In this study, we investigated pan-cancer core mecha-
nisms of metastasis by performing the largest single-cell
transcriptome analysis involving over 200 patients with
both metastatic and non-metastatic tumours across six
cancer types. Our findings uncovered a prognostic core
gene signature that sheds light on the complex cellu-
lar dynamics and gene regulatory networks that govern
metastasis. Specifically, the examination of transcription
factor networks active at different stages of metastasis,
along with functional perturbation experiments, identi-
fied SP1 and KLF5 as key regulators at critical transition
steps of this process. SP1 acts as a driver of metastasis,
while KLF5 functions as a suppressor across multiple
cancer types at defined time points of the metastatic
transition. In vivo and in vitro loss-of-function studies of
SP1 in cancer cells demonstrated its critical role in pro-
moting cancer cell survival, invasive growth, and meta-
static colonisation. Moreover, our results showed that
as metastasis advances, tumour cells and their micro-
environment increasingly communicate through WNT
signalling, a process that is driven by SP1. Supporting
these findings, a drug repurposing analysis identified
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several FDA-approved drugs with potential anti-metas-
tasis properties, including inhibitors of WNT signal-
ling, effective across various cancer types. These findings
mark a groundbreaking advancement in cancer research
by unveiling the core gene regulatory circuitry driving
metastasis conserved across various cancers and discov-
ering novel therapeutic avenues.

Methods

Processing and annotation of scRNA-seq

Single-cell RNA sequencing data obtained through drop-
let-based 10X Genomics technology was selectively uti-
lised for meaningful comparisons in the analysis. Raw
count matrices consisting of Unique Molecular Identifi-
ers (UMIs) and corresponding cell metadata were aggre-
gated from diverse sources (Supplementary Table 1).

Quality control

Preliminary quality control procedures were conducted
for each individual dataset using the Seurat R package
(v4.0). Cells selected for subsequent analysis were those
with more than 200 detected genes and genes identified
in a minimum of 3 cells. To identify and eliminate poten-
tial cell doublets, scDblFinder v1.6.0 was applied with
default parameters. Cells manifesting a mitochondrial
transcript content exceeding 20% were also excluded to
mitigate confounding effects. To identify samples with
fewer than 100 malignant cells we utilised inferCNV with
default parameters.

Normalisation and transformation

Normalisation was achieved by scaling UMI counts with
respect to library size, followed by a log transformation
to stabilise variance. Subsequently, the dataset under-
went Principal Components Analysis (PCA) to reduce
dimensionality.

Clustering and visualisation

Utilising the first 30 principal components, a nearest
neighbour graph was constructed, facilitating subsequent
clustering via the Louvain algorithm at a lower resolu-
tion (FindClusters, resolution=0.2). For illustrative pur-
poses, uniform manifold approximation and projection
(UMAP) embeddings were produced based on 30 princi-
pal components, enabling effective visualisation.

Cell Identity annotation

SingleR v1.6.1 in conjunction with the Human Pri-
mary Cell Atlas from the celldex R package (v1.2.0) was
employed to accurately annotate individual cell identi-
ties within each sample. Importantly, the references for
annotation encompassed expected cell types within the
tumour microenvironment (TME), which include, but are
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not limited to, B cells, dendritic cells, endothelial cells,
epithelial cells, fibroblasts, macrophages, monocytes, NK
cells, platelets, smooth muscle cells, and T cells.

Multiresolution archetypal analysis

A multiresolution archetypal analysis was performed
on each cancer cell derived from a total of 222 tumour
samples. This process was accomplished using the
ACTIONet software (v2.1.7). The primary goal was to
disentangle the gene expression profiles of the cells into
a concise collection of latent expression programmes.
These programmes exhibited heterogeneous expression
patterns across the cellular population.

Kernel matrix reduction

The initial step involved the computation of reduced ker-
nel matrices. This was achieved using the "reduce.ace()"
function, a feature of the ACTIONet package in R. The
parameter "reduced_dim=20" was specified for this
operation.

Selective ACTIONet parameters

As each population exclusively represented a distinct
cell type, specific parameters were employed for running
ACTIONet. Specifically, the "k_max=10" option was set
to ensure a controlled reduction. To mitigate the influ-
ence of a small number of cells on archetype generation,
the parameter "min_cells_per_arch=>5" was used. This
safeguarded against the emergence of archetypal expres-
sion programmes driven by only a handful of cells.

Pseudotime analysis

The Monocle2 package (v2.8.0) was used to analyse
single-cell trajectories to discover the cell-state transi-
tions from GSE180286 and GSE173958. We used the top
100 differentially expressed genes in CNV cluster cells
identified by Seurat to sort cells in pseudo-time order.
‘DDRTree’ was applied to reduce dimensions and the
visualisation functions ‘plot_cell_trajectory’ were used
to plot the minimum spanning tree on cells. we get three
states of cancer cells. Next, RNA-velocities were pre-
dicted using scVelo in the python program.

GeneSwitches analysis

To determine the significant genes that regulate
the trajectory from primary to pre-metastatic cells,
GeneSwitches v0.1.0R package was applied. Cells
from the primary tumour site were first extracted
from the specific trajectories. Then the correspond-
ing single-cell log-transformed gene expression and
monocle pseudo-time were input into GeneSwitches.
Function binarize_exp with fixed cut-off 0.2 was used
to binarise the gene expression into on or off states. For
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each gene, find_switch _logistic_fastglm function calcu-
lated a switching time and associated confident level.
Top 50 genes of high confident levels, including surface
proteins and transcription factors, were plotted using
function plot_timeline_ggplot to visualise the switching
orders.

Gene set scoring

Gene set scoring was performed using the R package
UCell v1.0.0. UCell scores are based on the Mann—Whit-
ney U statistic, which evaluates the rank of each query
genes’ expression level in individual cells. Because it
is rank-based, the scores are independent of the cel-
lular composition of the dataset and are interpretable
as the relative ranking of the gene set within the cell’s
transcriptome.

Pan-cancer TCGA pre-processing

The bulk RNA-seq profiles and clinical outcome data
were downloaded from the online repository at https://
gdc.cancer.gov/node/905. For each sample, RNA-seq
count data underwent normalisation to counts per mil-
lion, followed by a logarithmic transformation to achieve
stability in the data.

Pan-cancer TCGA metastatic signature calculation

To quantify metastatic signature scores, the average
gene-level Z score of cancer cell-specific genes was com-
puted for each sample. This calculation provided a meas-
ure of metastatic signature activity within each sample.

Metastatic signature association with clinical outcomes
We assessed the relationship between metastatic signa-
ture activity and progression-free interval (PFI) using a
Cox proportional hazards model. This model incorpo-
rated tumour type, purity, stage, and age as covariates,
along with continuous metastatic scores. These analyses
aimed to uncover potential associations between meta-
static signature activity and clinical outcomes. To address
the issue of multiple comparisons, P values were adjusted
using the Benjamini—-Hochberg method. This correction
ensured robustness in our statistical inferences while
considering the possibility of chance findings.

Spatial transcriptomics analysis

The UMI count matrix underwent processing using the
R package Seurat (v4.0) with default parameters. Ini-
tially, the data were normalised using sctransform, and
principal component analysis was conducted to reduce
the dimensionality of the log-transformed gene-barcode
matrices of top variable genes. To pinpoint molecular
features correlating with spatial location within a tissue,
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Seurat was employed for differential expression based on
pre-annotated anatomical regions within the tissue. Sub-
sequently, the metastatic score for each ST spot was cal-
culated using UCell.

Spatial co-localisation of receptor-ligand pairs

To investigate cell-cell interactions between DCIS
and ICS, we identified significant ligand-receptor pairs
between neighbouring spots using CellPhoneDB, as
implemented in StLearn.

Spatial trajectory analysis

To explore cellular trajectories in situ, we reprocessed
the raw spatial data following documented protocols in
StLearn. Post-Louvain clustering and global and local
pseudo-space—time trajectory analyses were carried out
in StLearn. Genes showing differential upregulation or
downregulation along the trajectories were identified using
Spearman’s rank correlation, with a set threshold of 0.3.

Cellular dynamics of metastatic cells

CytoTRACE (v.0.3.3) and CellRank (v.1.5.1) were used
to infer the metastatic trajectory of tumour and TME
cells using CellRank tutorials. Following the creation of
the log,-normalised expression matrix, the predicted
orders were projected onto the pan-cancer force direc-
tion graph. CellRank was performed to map the cell fate
of metastatic cells from low to high metastatic potential.

Cell-cell communication analysis

To evaluate cellular interactions between different high-
and low-metastatic cells, we applied CellChat (v.1.1.3) to
infer ligand-receptor interactions from the scRNA-seq
data. We used the normalised count data as an input and
followed the CellChat tutorial with default parameters
and CellChatDB.human as the interaction database. Cel-
lular interactions were visualized using the netVisual_cir-
cle function. The cellchat based cellular communication
analysis was further validated using another widely used
software LIgand-receptor ANalysis framework (LIAN)
tool (PMID: 35,680,885) which is a LIgand-receptor
ANalysis frAmework as an open-source interface to all
the resources and methods. We ran the LIANA using
consensus mode with filtered interactions specific to
WNT signaling pathway.

ChIP-seq data analysis

SP1 ChIP-seq dataset of metastatic-like HCT116 cells
and non-metastatic cells MCF7 was obtained from
ENCODE database, HCT116: ENCSROO0BSF and MCF?7:
ENCSR729LGA, reads were aligned to HG19 using bow-
tie and peaks were called using MACS2 and resulting
files were visualised using UCSC genome browser. The
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peaks were further annotated to identify SP1 occupancy
in these cell lines using annotatePeak() in ChIPseeker
R package. Pathway enrichment analysis of SP1 bound
genes was performed enrichGO() in clusterProfiler R
package.

CellOracle GRN analysis
We built gene regulatory networks (GRNs) with CellOra-
cle (v.10.10) using default parameters.

In silico perturbation

In silico perturbation was performed using CellOracle
as previously defined using default parameters with SP1
expression set to 0.

ASGARD Drug repurposing screen

We used the normalised count data as an input, with
metastatic low-scoring cells set as the control, and fol-
lowed the ASGARD tutorial with default parameters. We
calculated individual drug scores for each cancer type to
identify drugs with a significant score across each.

Cell culture

The TNBC line HCC1806 was maintained in RPMI 1640
(Gibco, 21,875,034) medium supplemented with 10%
FBS, 1% glucose, and 1 mM sodium pyruvate (Thermo,
11,360,070). MDA-MB-231 cells were maintained in
DMEM (Dulbecco’s modified Eagle’s medium) with
10% EBS. Cells were grown as monolayers at 37 °C in a
humidified CO2 (5%) incubator.

siRNA transfection

The scrambled siRNA control and ON-TARGETplus
SMARTpool siRNA targeting human SP1 and KLF5
were purchased from Dharmacon. Transfection was
performed using Lipofectamine” RNAIMAX (Inv-
itrogen, 13,778,150) according to the manufacturer’s
instructions. In brief, cells were seeded at 225 k/well
for MDA-MB-231. Cells were seeded at 250 k/well for
the HCC1806 cell line. All cells were seeded the day
before the transfection. siRNA at a final concentration
of 20 pmol was diluted in 125 pL of Opti-MEM (Gibco,
31,985,047) and 7 pl of Lipofectamine RNAIMAX was
diluted in 125 pl of OPTI-MEM. The diluted siRNA and
Lipofectamine RNAIMAX were mixed and incubated at
room temperature for 10 min. 250 ul of the transfection
mixture were added to each well of the six-well plates.
Twenty-four hours later, the transfection cocktail was
replaced with complete media for each cell line.

Single-cell RNA-seq library preparation
Cells were collected at 200x g for 5 min, fixed using the
Parse Biosciences Cell Fixation Kit (ECF2001) and stored
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at —80 °C. To create a single-cell suspension, cells were
resuspended in the Cell Fixation Additive Buffer pro-
vided by the Parse Cell Fixation Kit. Then the RNase
inhibitor contained prefixation buffer, which was added
for the next fixation. Cell pellets were collected after
10 min of centrifugation at 200x g at 4 °C. The cell sus-
pension containing BSA (Thermo Fisher 15,260,037) was
strained through a 40 pm strainer (Corning 431,750) to
achieve a single-cell suspension. Cell numbers were then
counted. Samples were preserved at —80 °C until the ini-
tiation of bar-coding and library prep with the Evercode
Whole Transcriptome kit (ECW02030).

SP1 and KLF5 knockdown scRNA-seq data analysis

After sequencing, the FASTQ files representing each
sub-library were demultiplexed into individual FASTQ
files, with each file representing one single cell using the
PARSE pipeline (v1.1.0). Sequencing reads were mapped
to the human transcriptome (HG38) using the PARSE
pipeline (v1.1.0). Output files were then loaded into Seu-
rat using the function ReadParseBio(). Downstream anal-
ysis, including normalisation and dimension reduction,
was performed as above.

ChIP-seq data analysis

SP1 ChIP-seq data was obtained from ENCODE, ID:
ENCSROOOBSE, reads were aligned to HG19 using bowtie
and peaks were called using MACS2 and resulting files
were visualised using UCSC genome browser.

Cell lines

In vitro viability and invasion assays, and in vivo lung
colonisation assays were carried out in the triple nega-
tive breast cancer MDA MB 231 cell line. All experiments
were repeated at least three times.

Transfections

For siRNA based knockdowns, reverse transfections
in MDA MB 231 cells were carried out in 6 well plates.
7.5 uL of Lipofectamine 2000 (Invitrogen) was mixed
with 250 pL of OptiMEM media (Gibco) while 4 pL of
OnTarget siRNA pool (Dharmacon) was mixed in 250
pL of OptiMEM media. After 5 min, both solutions were
mixed and incubated at room temperature for 20 min.
400,000 cells/well were resuspended in 2.5 mL per well
of a 6 well plate and 500 uL of the solution was added to
each well. The media was changed the next day and func-
tional assays were initiated 48 h later.

Immunoblotting

72-96 h after siRNA transfection, cells were lysed in Lae-
mmli lysis buffer and snap frozen in —80 °C. Lysates were
boiled directly at 95 °C for 10 min, sonicated for 120 s and

Page 24 of 30

spun at 13,000 g for 20 min. Lysates were then resolved
in non-reducing SDS-PAGE gels using 4-12% gradient
precast gels (NuPAGE, Invitrogen), and proteins trans-
ferred to 0.45 um PVDF membranes (Immobilon-P) sub-
sequently. Membranes were blocked in 4% BSA in 0.1%
Tween 20-TBS for 1 h at room temperature, and probed
with SP1 antibody (21,962-1-AP, ProteinTech, 1:2000) or
GAPDH (MAB374, Invitrogen, 1:10,000). For chemilumi-
nescent detection, ECL Prime detection system (Amer-
sham) in a BioRad ChemiDoc MP machine was used.

Spheroid assays

For invasive growth in spheroid assays, the hanging drop
method (Del Duca et al.,, 2004) was employed to gener-
ate spheroids from 2000 cells per drop. Briefly, 40,000
cells were resuspended in 500 uL of low viscosity media
(80% complete DMEM and 20% 1X MethylCellulose
solution), and 25 pL were plated on the lid of a 60 mm
dish for overnight hanging drop formation. The next day,
spheroids were transferred to 2.2 mg/mL Purecol matrix,
and allowed to invade for 24 h. The area invaded was nor-
malised to the spheroid area on DO, and fold change in
invasive growth was calculated using Qupath.

Pictures of Day 0 and Day 1 were taken at 4 X magnifi-
cation using a brightfield phase contrast microscope. A
QuPath project was created, and annotations from Day
0 were transferred to Day 1. Once transferred, the anno-
tations were expanded by 100 um. A pixel classifier was
then developed to detect and differentiate areas of the
tumour from the ignore class (background). This classi-
fier was applied, allowing for the calculation of the per-
centage of invasion.

Viability assays

For viability assays, control and knockdown MDA MB
231 cells were replated at a density of 100,000—200,000
cells/well in a T12 dish, 48 h after transfection. After
72 h of growth, cells were fixed with 4% PFA for 15 min,
washed twice with PBS and stained with 0.5% Crys-
tal Violet stain for an hour. Excess stain was washed off
and the plates allowed to dry overnight. The stain was
dissolved in 10% Acetic Acid and absorbance read at
595 nm.

In vivo lung colonisation assays

For experimental metastasis assays, MDA-MB-231 cells
were transfected with non-targeted control (NT) or
siSMART pool SP1 (siSP1). After 48 h from transfection
cells were labelled with 10 uM CMFDA-Green (C7025,
Life Technologies) or 10 uM CMRA-Orange (C34551,
Life Technologies) for 10 min and then trypsinised
and counted. Mixed cells ratio (1:1) total number of
10.5x10° labelled cells / 0.1 ml were co-injected into
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tail vein of 36-week-old female NOD/SCID/ IL2Ry-/-
mice (NSG, Charles River). Mice were sacrificed 24 h
(to confirm that equal numbers arrived at the lung)
and 24 h after tail vein injection. Lungs were extracted,
washed with PBS (with calcium/magnesium) twice and
fixed with 4% formaldehyde for 16 h at 4 °C and co-
stained with DAPI. Lungs were examined using Super
Resolution Spinning Disk (TIRF/STORM/SoRa) with
C-Apochromat X 20 objective lens, CSU-W1 camera
and i3 Marianas software. z-stacks used in analyses of
collagen attachments, 30 um thick stacks were taken
with a fixed step size of 0.5 pm. Analysis of lung fluo-
rescence images was performed in QuPath. An aver-
age threshold from three channels (Blue, Green, and
Orange) was created. This average was then used as a
general mask and created as a single annotation. Two
independent thresholds for the Green and Orange
channels were made using the simple threshold tool.
Threshold masks for Green and Orange were gener-
ated as detection measurements inside the higher-level
annotation. Data are presented as the percentage of the
area covered by fluorescence, with 10 fields per mouse
analysed. n=6 mice/condition for each experiment.
Experiments were done twice and each time the colours
for each condition were swapped.

Animal licence ethics

All animals were maintained under specific pathogen-
free conditions and handled in accordance with the
Institutional Committees on Animal Welfare of the UK
Home Office (The Home Office Animals Scientific Pro-
cedures Act, 1986). Animals were housed in the QMUL
Biological Services holding facility, which maintained a
7 h light/dark cycle, an ambient temperature of 19-22 °C
and humidity of 50-60%. All animal experiments were
approved by the Ethical Review Process Committees
at Barts Cancer Institute and King’s College London, in
accordance with the Animals (Scientific Procedures) Act
1986 and according to the guidelines of the Committee of
the National Cancer Research Institute.

Statistical analyses

Student’s unpaired t-test was conducted for tests of
significance, using GraphPad Prism. Data were plot-
ted as graphs as Mean+ SEM. Level of significance was
denoted using p-values, with p<0.05 considered statis-
tically significant (*P<0.05, **P<0.01, ***P<0.001, and
###%P<0.0001). Further statistical analyses were per-
formed using R (version 4.1.1). Student’s ¢-test, Wilcoxon
rank-sum test and Kaplan—Meier were utilised in this
study. p-values of less than 0.05 were considered statisti-
cally significant.
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Immunofluorescence staining on FFPE tissues

Human CRCnon-metastatic/metastatic FFPE tissue sec-
tions were purchased from the company Biochain, and
MDA-MB-231-injected mouse breast xenograft breast
tissue section was kindly shared by an in-house collabo-
rator Mikkel Green Terp. Tissue sections were deparaffi-
nized in xylene for 10 min, followed by immersion in 99%
ethanol for 5 min, 96% ethanol for 3 min, and rinsed in
running water for 5 min. For antigen retrieval, the sec-
tions were boiled in TEG buffer (10 mM Tris, 0.5 mM
EGTA, pH of 9.0.) for 15 min, then cooled for 15 min
before being rinsed with TBS. After drying gently with
the tissue paper, a circle was drawn around the FFPE sec-
tion with a PAP-pen. Blocking of non-specific binding
was performed in 1X blocking buffer (For 1 ml: 50 ml
horse serum, 250 ml 10% BSA, 700 ml 1X PBS with 0.1%
Triton X-100 in PBS) for 2 h at RT. It was washed with
PBS for 5 min. Primary antibodies were diluted in 0.5X
blocking buffer (For 2 ml: 1 ml 1Xxblocking buffer and
1 ml 1X PBS with 0.1% Triton —100). The antibodies used
and dilutions applied were as follows: WNT7B, biorbyt,
#orb100915, Rb, 1:100; DVL-1, Santa Cruz, #sc-8025, Ms,
1:50. Primary antibody incubation was performed at 4 °C
in a humidified chamber for overnight. Then, the slides
were washed three times with PBS during 3 min for each
wash. Secondary antibodies were diluted in 0.5X block-
ing buffer (AF 488 donkey anti-mouse IgG (H+L), Ther-
mofisher #A21202, 1:500; AF568 Donkey anti-Rabbit IgG
(H+L), Thermofisher #A10042, 1:500) and incubated in
a humidified chamber at RT to protect light for 30 min.
Next, it was followed with 2 times PBS wash during
3 min each and 2 times ddH20O wash during 5 min each.
Mounting was done in 1-2 drops of mounting medium
with DAPI (Abcam #ab104139). The slides were then let
to dry for 30-60 min in the dark and kept in refrigerator.
The imaging was performed using confocal microscope
(Nikon Eclipse Ti2-E Inverted, #52,634). Images were
quantified using FIJI. In total, 15 independent regions
of interest were randomly selected from 3 independent
images. Mean intensity for each region of interest were
measured, and the data was plotted as a scatter plot illus-
trating the average mean for WNT7B and DVLI signal
intensity using Graphpad prism.

Chromatin immunoprecipitation assay

A chromatin immunoprecipitation (ChIP) assay was per-
formed as described previously (Pataskar et al., 2016a).
Briefly, MDA-MB-231 and HCC1806 cells were cross-
linked in a medium containing 1% formaldehyde for
10 min at room temperature, neutralised with 125 mM
glycine, scraped off and rinsed twice with 10 ml of ice-
cold 1xPBS. The cells were pelleted by centrifugation
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for 7 min at 4 °C at 600 g. The pellets were resuspended
in 10 ml of buffer L1 [50 mM HEPES KOH (pH 7.5),
140 mM NaCl, 1 mM EDTA (pH 8.0), 10% glycerol, 5%
NP-40 and 0.25% Triton X-100] and incubated at 4 °C
for 10 min. This step was followed by centrifugation for
5 min at 4 °C at 1300 g. The pellet was resuspended in
10 ml of buffer L2 [200 mM NaCl, 1 mM EDTA (pH 8.0),
0.5 mM EGTA (pH 8.0) and 10 mM Tris (pH 8.0)] and
incubated at room temperature for 10 min, followed by
centrifugation for 5 min at 4 °C at 1300 g. The pellet was
resuspended in buffer L3 [1 mM EDTA (pH 8.0), 0.5 mM
EGTA (pH 8.0), 10 mM Tris (pH 8.0), 100 mM NaCl,
0.1% Na-deoxycholate and 0.17 mM N-lauroyl sarcosine]
containing protease inhibitors, sonicated using a Cova-
ris ME220 (Duration: 720, Peak power: 75, Duty factor:
20, Cycles: 400) and incubated overnight at 4 °C. After
clearing the cellular debris by spinning at 14,000 g for
10 min at 4 °C, 30 pg of chromatin was incubated over-
night at 4 °C with 1 pg of SP1 antibody (Proteintech,
21,962—1-AP) after 1 h of preclearing. The mixture was
then incubated with 40 ul of protein A- -Agarose beads
that had been preblocked with tRNA and BSA for 3 h at
4 °C. The beads were washed twice with 1 ml of buffer
L3 and once with 1 ml of DOC buffer [10 mM Tris (pH
8.0), 0.25 M LiCl, 0.5% NP-40, 0.5% Na-deoxycholate and
1 mM EDTA], and the bound chromatin was eluted in
1% SDS/0.1 M NaHCO3. Next, treatment with RNase A
(0.2 mg/ml) was performed for 30 min at 37 °C followed
by treatment with proteinase K (50 pg/ml) for 2.5 h at
55 °C. The cross-linking was reversed at 65 °C overnight
with gentle shaking. The DNA was purified by phenol-
chloroform extraction followed by ethanol precipitation
and was recovered in 40 ul of TE buffer.

Quantitative RT-PCR

Total RNA of cultured cells was prepared using TRIzol
reagent (Invitrogen) and reverse—transcribed with a First
Strand cDNA Synthesis kit (Thermofisher). The tran-
scripts were quantified by qPCR using Power-up SYBR
Green Master Mix (Applied Biosystems) on a Lightcycler
480 II (Roche). The sequences of all primers used in this
study are provided in Table Primers.

siRNA Knockdown and transfection

SiRNA was purchased from Horizon Discovery (On tar-
get plus human SP1, 5 nmol) and prepared in a stock con-
centration of 20 pM. MDA-MB-231 cells (6106 cells/
well) were seeded overnight in 12-well plate. 0.8 pl
siRNA was mixed in 45 pl Optimem (Gibco), and 2.25 pl
Lipofectamine RNAimax (Thermofisher) was mixed
in 45 pl Optimem. Transfection reagents were mixed
and incubated for 5-10 min at RT. The cocktail was
added to the cells and the cells were collected then after
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2—4 days. Then the downstream experiments, includ-
ing WB, qPCR and wound healing, were performed.
SP1 -carrying pEGFP-C1 (Addgene) expression plasmid
was transfected into the HCC1806 cells. 5 pg plasmid
was mixed in 300 pl Optimem (Gibco) and 15 ul PEI-
max (Polysciences), incubated for 15 min. Downstream
experiments, including WB, qPCR, wound healing and
incucyte, were performed after 48 h of transfection.

Immunoblotting

The cells were lysed in RIPA lysis buffer (Millipore,
10X), and lysates from samples were boiled in 6 x SDS-
PAGE loading buffer, run on a polyacrylamide gel, trans-
ferred to a PVDF membrane, blocked with 5% milk and
probed with the appropriate antibodies overnight at 4
degrees. (DVL-1, Santa Cruz, #sc-8025, SP1, Protein-
tech, #21,962-1-AP, GAPDH, Santacruz, #sc-47724,
GFP, Thermofisher, #A11122). After washing three times
with TBS-T, secondary HRP-conjugated antibodies (San-
tacruz) were applied for 1 h at RT. After washing three
times with TBS-T, the membranes were treated in Super
Signal West Femto (Thermofisher) and bands were visu-
alized using iBright 1500 device.

Wound healing

Briefly, the MDA-MB-231, HCC1806 and HCT116 cells
(6x106 cells/well) were plated in 12-well plates for
48 h to a confluence of 100%, then wounded by scratch-
ing with a p200 pipette tip. Thereafter, the debris was
removed and washed twice with PBS. The cells were
then incubated with DMEM medium containing 10%
FBS and treated with 1 mM of drugs. The control sam-
ple contained the cells treated only with DMSO vehi-
cle. For wound healing assay coupled to live imaging,
incucyte (Sartorius) was used. The automated camera
took images every 2 h during 5-7 days. For the manual
wound healing assay, the images were taken in different
time intervals by Invitrogen EVOS M300 microscope.
Cell migration was assessed by FIJI, with an in-house
wound healing tool macro.

Statistical analysis

All results are expressed as means+SEM and were
obtained from three separate experiments. The results
were performed with independent sample ¢-tests. The
experimental and control means were compared and the
differences between them were assessed for significance.
A p-value less than 0.05 was considered statistically
significant.

Abbreviations

scRNA-seq  Single-cell transcriptome profiling
FDA Food and Drug Administration

TF Transcription Factor
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PDX Patient derived xenograft

TCGA The Cancer Genome Atlas Program

KD Knockdown

DCIS Ductal carcinoma in situ

TME Tumor Microenvironment

UMl Unique Molecular Identifiers

WNT Wingless/Integrated

UMAP Uniform Manifold Approximation and Projection
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Supplementary Material 1. Supplementary Figure 1. scRNA-seq of each
cancer type and scoring of each patient (A) Archetypal analysis of lung
and breast cancer patients, with each archetype scored using both gene
lists. (B) Gene Ontology (GO) enrichment results for the 286 metastatic
gene signature. (C) Stratification of cancer patients based on metastatic
scoring. (D) Correlation between the 286-gene signature scores and
patient stages (r = 0.134). (E) GO enrichment analysis of the 177-gene
signature. (F) GO enrichment analysis of the 109-gene set. (G) Average
expression levels of the refined gene signature across TCGA pan-cancer
datasets, where * indicates significantly higher expression in tumours
compared to normal tissues. Supplementary Figure 2. Spatial transcrip-
tomics scoring and pseudotime analysis (A) Spatial transcriptomic map of
a breast cancer patient scored for metastatic potential using a 177-gene
signature with UCell. (B) Spatial transcriptomic map of a prostate cancer
patient scored for metastatic potential using the same 177-gene signature
with UCell. (C) Expression patterns of the metastatic signature across
invasive carcinoma and other annotated regions in breast cancer spatial
transcriptomic data. (D) Expression patterns of the metastatic signature
across invasive carcinoma and other annotated regions in prostate
cancer spatial transcriptomic data. Supplementary Figure 3. Genes driv-
ing cell type specific metastatic progression (A) Schematic overview of
the CellRank method, illustrating how cells are arranged and mapped
based on their cellular fate trajectories toward a common endpoint. (B)
KEGG pathway enrichment analysis of the top genes driving metastatic
progression in epithelial cells. (C) KEGG pathway enrichment analysis

of the top genes driving metastatic progression in fibroblast cells. Sup-
plementary Figure 4. Extended pseudotime analysis (A-C) pseudotime
analysis with metastatic scoring of cells using UCell. Supplementary
Figure 5. Cell-Cell communication analysis. (A) Comparison of signalling
pathway-mediated cell-cell communications between high and low
metastatic potential samples; (B) comparison of signalling pathway-medi-
ated cell-cell communications between high and medium metastatic
potential samples; (C) spatial transcriptomic profiling of a breast cancer
patient, illustrating the spatial distribution of gene expression within the
tumour microenvironment; (D) identification of top ligands driving cell-
cell communications in the breast cancer spatial transcriptomics dataset;
and (E) The upper heatmap shows cell-cell interaction between the cell
types of high, mid and low metastatic cells. The colour intensity (light

to dark) shows stronger interaction between the cell types. The bottom
dot plot shows Ligand-receptors involved WNT in cell-cell communica-
tion in high, mid and low metatstatic cells. The cell-cell communication
analysis was performed using LIANA package and the signalling assessed
between epithelial cells and other cell types. F) the venn diagram shows
overlap of the downregulated genes upon siSP1 with SP1 bound targets
and WNT signaling ligand-receptors of high, mid and low metastatic
datasets. Supplementary Figure 6. Cell oracle GRN inference. (A) Overview
of the in-silico perturbation approach using CellOracle, illustrating the
methodology for modelling gene regulatory networks. (B) Metastatic
scoring of breast cancer single-cell RNA-seq (scRNA-seq) data, depicting
the transition of cells from low to high metastatic potential. (C) Metastatic
scoring of mouse primary tumours and paired liver metastasis SCRNA-
seq data, highlighting the differences in metastatic potential between
primary and metastatic sites. (D) Identification of SP1 as a key regulator in
highly metastatic cells and KLF2 as a regulator in medium-scored cells. (E)
Pseudotime analysis showing the overlap between metastatic scoring and
the transition of cells from low to high metastatic potential. (F) In silico
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perturbation of SP1, demonstrating its impact on altering the metastatic
transition trajectory. Supplementary Figure 7. Gene Ontology Results of
SP1 and KLF5 knockdown. (A) Expression levels of the metastatic signature
in non-targeting control (siNTC) and SP1 knockdown (KD) MDA-MB-231
(MB231) cells; (B) Expression levels of the metastatic signature in siNTC
and KLF5 KD HCC1806 cells; (C) Gene Ontology (GO) enrichment analysis
of genes upregulated in MB231 siNTC cells; (D) GO enrichment analysis

of genes upregulated in MB231 SP1 KD cells; (E) GO enrichment analysis
of genes upregulated in HCC1806 siNTC cells; and (F) GO enrichment
analysis of genes upregulated in HCC1806 KLF5 KD cells. (G) Expression

of WNT target genes in SP1 KD and siNTC High cell line (H) ASGARD
results on SP1 KD and siNTC High cell lines. Supplementary Figure 8. (A)
Relative gPCR fold change for the expression of GAPDH, SP1, WNT7B,
DVLT, JUNC and NFATC2 upon SP1 overexpression in HCC1806 cells. Each
bar indicates the mean of replicate values. Error bar indicates SEM. For
statistical analysis, student’s t-test is performed (* p < 0.05, *** p < 0.001).
Gene expression was normalized to the corresponding expression of each
gene upon GFP only overexpression in HCC1806 cells. B) Representative
images of Immunofluorescent staining for MDA-MB-231-injected mouse
breast tumour tissue section. DVL1 in green, WNT7B in red and DAPI in
blue. Scale bar indicates 20 microns. C) Representative bright field images
of wound healing assay using MDA-MB-231 cells treated with control
(siINTC) and SP1 siRNA (siSP1) after 0, 6 and 20 hours. The dashed lines in
blue marks the initial wound area at Oh. Scale bar indicates 200 microns.
D) Quantification of the relative wound area (%) for the wound healing
assay in part A. Each bar represents the mean of triplicate values. Error bars
indicate SEM. For statistical analysis, student’s t-test was performed (* p <
0.05). E). Representative bright field images of wound healing assay using
HCC1806 cells transfected with control (GFP-empty) and SP1-overex-
pressing plasmid (GFP-SP1) after 0, 2, 16 and 24 hours. The dashed lines in
blue marks the initial wound area at Oh. Scale bar indicates 200 microns.
F) Quantification of the relative wound area (%) for the wound healing
assay in part A. Each bar represents the mean of triplicate values. Error bars
indicate SEM. For statistical analysis, student'’s t-test was performed (* p<
0.05). G) Quantifications for wound healing assays following various drug
treatments in MDAMB231 cells. H) Images of crystal violet-staining for
wound healing assay using HCT116 and MDA-MB-231 cells treated with
increasing doses of drugs (0, 0.2 uM, 1 uM and 4 uM). C: control (DMSO), V:
vorinostat, T: thioridazine, S: salionmycin, N: niclosamide, F: Foxy-5.

Supplementary Material 2. Sheet1: scRNA-seq datasets used in this study.
Sheet2: 177 metastatic genes. Sheet3: 109 metastatic genes. Sheet4:
CellRank gene lists driving Epithelial and Fibroblast cell fate. Sheet5: Primer
sequences used for cloning, gPCR and ChIP-qPCR.
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