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Abstract
Background & Aims Metastasis is the main cause of mortality in colorectal cancer (CRC) patients.
Exploring the mechanisms of metastasis is of great importance in both clinical and fundamental CRC
research. CRC is a highly heterogeneous disease with variable therapeutic outcomes of treatment.

Approach & Results In this study, we applied spatial transcriptomics (ST) to generate a tissue-wide
transcriptome from two primary colorectal cancer tissues and their matched liver metastatic tissues.
Spatial RNA information showed intratumoral heterogeneity (ITH) of both primary and metastatic tissues.
The comparison of gene expressions across tissues revealed an apparent enrichment of cancer stem
cells (CSCs) in metastatic tissues and identi�ed FOXD1 as a novel metastatic CSC marker. Trajectory and
pseudo-time analyses revealed distinct evolutionary trajectories and a dedifferentiation-differentiation
process during metastasis. CellphoneDB analysis suggested a dominant interaction of CD74-MIF with
tumor cells in metastatic tissues. FOXD1 was also found to be an independent risk factor and predictor of
patient survival.

Conclusions Our study found ITH of primary and metastatic tissues and provides novel insights into the
cellular mechanisms underlying liver metastasis of CRC and foundations for therapeutic strategies for
CRC metastasis.

Introduction
Colorectal cancer (CRC) is among the most common malignancies of the digestive system. Despite
improvements in screening and treatment, the mortality rate of CRC is rather high, ranking second among
the rates of all types of cancers (1, 2). Recurrence and metastasis are the main causes of mortality in
CRC patients; half of the patients suffer from metastasis even after radical resection and postoperative
adjuvant therapy (3). Consequently, it is urgent to discover and comprehensively explore the mechanisms
of CRC metastasis.

CRC is a highly heterogeneous and complex disease. Apart from the clinical staging, which is based on
the invasive depth of the primary tumor, the involvement of regional lymph nodes, and the
presence/absence of distant metastases, molecular features should be added to the prognostic factors
(4). Intertumoral heterogeneity has been observed in distinct patient subgroups with markedly different
genetic backgrounds, histopathological features, and clinical behaviors (5, 6). However, intratumoral
heterogeneity (ITH) has only been recognized within the past decades (7). ITH originates from the genetic
heterogeneity of cancer cells within a single tumor, which could lead to distinct populations present in the
tumor (8). Each clone has unique functional properties, such as the ability to form metastases or respond
to speci�c therapies. Additionally, heterogeneous landscapes of metastatic tumors remain under-
explored, and precision medicine may not be useful due to insu�cient understanding of the dynamic
processes leading to metastasis.
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Recent advances in sequencing have facilitated a better understanding of cancer molecular biology.
Single-cell RNA sequencing (scRNA-seq) has emerged as a cutting-edge technology that enables the
discovery, identi�cation, and study of speci�c cell types and cell-to-cell interactions (9). A major challenge
of scRNA-seq is the loss of spatial information on the RNA pro�le of the tissue, which is important in
cancer biology (10). The recently developed spatial transcriptomics (ST) can allow the quanti�cation of
the mRNA population within intact tissue, providing unbiased mapping of transcripts over the entire
tissue (11). ST has already been used to study breast cancer (11), melanoma (12), prostate cancer (13),
and heart tissue (14), and it has provided new insights into the molecular processes in cancer and other
diseases. 

In this study, we investigated the tissue-wide heterogeneity of gene expression in four tissues from one
CRC patient with matched primary tumor and liver metastasis using ST. ST showed heterogeneity of the
primary and metastatic tumors and the enrichment of cancer stem cells in metastatic tissues, as well as
a dedifferentiation-differentiation process during the development of metastasis, which has the potential
to provide meaningful biological insights into colorectal cancer metastasis.

Methods
Collection and preparation of matched primary and metastatic CRC tissues

Patients with proven colorectal cancer and liver metastasis were included, and colorectal and liver
resections were performed simultaneously. The CRC tissues and liver metastatic tissues were washed
with cold PBS and cut into small pieces. Each piece was placed in a plastic mold and covered with OCT
(#4532, Sakura, Alphen aan den Rijn, the Netherlands) and snap-frozen with dry ice.

The cryosections were cut with thicknesses of 10 μm, mounted onto the ST arrays, and stored at -80°C
until use. For processing, the tissue was �rst warmed to 37°C for 1 min and �xed for 10 min with 3.6%
formaldehyde in PBS, followed by dehydration with isopropanol for 1 min and staining with hematoxylin
and eosin (H&E). The slides were mounted in 80% glycerol, and bright-�eld images were obtained using a
whole-slide scanner. Each tissue section was annotated by a professional pathologist based on the H&E
staining images. Each of the spots had a diameter of 100 μm and 200 μm from center to center, covering
an area of 6.1×6.5 mm2. The spots were printed with approximately 2×108 oligonucleotides containing
an 18-mer spatial barcode, a randomized 7-mer (unique molecular identi�er) UMI, and a poly- 20TVN
transcript capture region.

Tissue permeabilization, cDNA synthesis, and probe release.

The slides were heated for 1 min at 37°C and incubated at room temperature for 10 min after 900 μl of
formaldehyde was added to them. The formaldehyde solution was decanted, and they were washed with
PBS. Next, 500 μl of isopropanol was added to them, and they were incubated for 1 min. After drying, 900
μl of Mayer’s hematoxylin was added to them, and they were incubated for 7 min. The slides were
washed with ultrapure water and incubated for 5 min at 37°C. The black squares from the back of the
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slide were removed with ethanol-soaked tissue, and 200 μl of 85% glycerol was added to the tissue
sections. Each slide was placed in the slide module, and 70 μl of the collagenase mix was added to each
well. The mixture was incubated at 37°C for 20 min. After washing, 100 μl of 0.1x SSC was added. The
SSC was exchanged in each well for 70 μl of pepsin in a staggered sequence starting with the well with
the longest duration of incubation. The slide module was placed in the incubator and the pepsin mix was
removed. The slide was washed with 100 μl of 0.1x SSC, and 48 μl of Superscript III and 24 μl of
RNaseOUT were added to the cDNA synthesis mix. Next, 75 μl of cDNA synthesis mix was added to each
well, followed by incubation at 42°C for 18-20 hours. Each well was washed by adding 100 μl of 0.1xSSC.
Subsequently, 70 μl of proteinase K tissue removal mixture was added to each sample well. The slides
were rinsed in 2× SSC with 0.1% SDS for 10 min at 50°C, 0.2× SSC at room temperature for 1 min, and,
�nally, 0.1× SSC at room temperature for 1 min. Seventy microliters of the cleavage buffer/USERTM
Enzyme solution was added, followed by incubation at 37°C for 2 h. After incubation, 65 μl of cleaved
probes was transferred to 0.2-ml low binding tubes and kept on ice.

ST library preparation and sequencing

The ST libraries were prepared from cleaved probes as previously described (11). The barcoded
mRNA/cDNA material was cleaved off from the arrays, and sequencing libraries were prepared in
solution. Second-strand cDNA was synthesized, followed by in vitro transcription and adapter ligation.
Sequencing handles and indexes were added to a PCR, and the completed libraries were sequenced on
the 10x Genomics platform with paired-end sequencing.

ST spot selection, image alignment, and data analysis

Spot visualization and image alignment were performed as described previously (11). Raw ST
sequencing data were processed using the ST pipeline with standard settings, as described
previously (15).

Cell Cycle and partial epithelial-mesenchymal transition (p-EMT) Scoring

Each spot was assigned a fraction of its cycle based on the expression of the G2/M and S phase marker
genes. The levels of expression of these marker genes should be inversely related, and spots that do not
re�ect these marker genes should be considered in the G1 phase. The “CellCycleScoring” function was
used to calculate the cell cycle score and store the S and G2/M scores, as well as the predicted
classi�cation of each spot during the G2M, S, or G1 stage, in the metadata. 

Two previously reported gene sets (Supplemental material) were used to indicate the epithelial
differentiation and p-EMT of the cancer cells (16). Scoring was used to measure and identify the degree
of malignancy in different clusters.

Trajectory and Pseudo-Time Analysis
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We used “Monocle,” an R package designed for scRNA-seq data, to perform the trajectory and pseudo-
time analysis (17). Differentially expressed genes that varied across different clusters were identi�ed. The
mean expression level of each isoform was analyzed using generalized additive models, which was
related to one or more predictor variables as shown in the equation that follows:

g(E(Y)) = 𝛽0 +f1 (x1)+f2 (x2)+⋅⋅⋅+fm (xm) (1)

where Y is a response variable and xi is a predictor variable; the function g is a link function, typically the
log function, and fis are nonparametric functions, such as cubic splines or other smoothing functions.
Gene expression levels across the cells were analyzed using a Tobit model with some approximations.
The equation for Monocle’s generalized additive model is as follows:

E (Y ) = s (Ψt (bx, si )) + 𝜖 (2)

where Ψt (bx, si ) is the assigned pseudo-time of a cell, and s is a cubic smoothing function with (by
default) three effective degrees of freedom; 𝜖 is the error term that is normally distributed with a mean of
zero. The differentially expressed genes were analyzed with an x2-approximation of the likelihood ratio
test.

Cell communication analysis

To systematically analyze the cell-cell communication between clusters, we applied cell communication
analysis based on CellPhoneDB (v1.1.0)(18), a public repository of ligands, receptors, and their
interactions. The membrane and secreted proteins of the cluster at different time points were annotated.
The signi�cance of the mean and the cell communication (P < 0.05) was calculated based on the
interaction and the normalized cell matrix using Scran normalization.

Risk Score and Evaluation of Prognostic Indicators:

The selected genes were screened using the TCGA database to analyze the prognostic differences
between patients. The risk score was calculated independent of the FOXD1 gene, and ROC curves were
plotted based on these scores.

Statistical Analysis: 

All statistical analyses were performed using “R” and “GraphPad Prism” (GraphPad 7.0) software. Each in
vitro experiment was independently repeated at least twice. The data are presented as the mean ±
standard error of measurement. The signi�cance of the differences between the two groups was
assessed using the log-rank test. Two-sided p-values of < 0.05 denoted statistical signi�cance. The
details of the statistical methods in this study have been provided above.

Results
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Spatial gene analysis

To explore the spatial gene expression, we performed the ST sequencing of two primary colorectal cancer
tissues and two matched liver metastatic tissues after simultaneous colorectal and liver resection.
Cryosections of the four tissues were mounted on spatially barcoded ST microarray slides. Before
sequencing, H&E staining and bright�eld imaging were performed, and distinct histological features were
annotated by professional pathologists. The samples were processed for ST analysis, including
complementary DNA synthesis, ampli�cation by in vitro transcription, library construction, and
sequencing (Figure 1). 

Transcriptome heterogeneity for matched primary tumor and liver metastasis 

To explore the ITH of primary CRC tissues and their matched metastatic tissues, we drew a boundary to
distinguish the malignant tissues from the nonmalignant tissues (Figures 2a, 2b). Subsequently, we
performed ST sequencing across the four tissues. The ST data consisted of 2700-4300 spots per tissue,
and each spot contained approximately 8000-15000 UMIs and 3200-4600 genes (Figures 2e, 2g). After
clustering and uniform manifold approximation and projection analysis, we identi�ed a total of 19
clusters from the four tissues (Figure 2c). ST lacks cellular resolution, and we used tissue-speci�c gene
expression analysis to further determine the annotation of spots. MUC1 and PIGR encode two epithelial-
related plasma membrane proteins rarely expressed in intestinal tissue. FGA and APOB are two liver-
speci�c markers, while OLFM4 is a cancer stem cell marker and MYC is a classic proto-oncogene. The
expression of PTPRC is selective in the cytoplasm of lymphoid tissue and immune cells (Figures 2f, 2h). 

In the cancerous regions, the ST data showed apparent transcriptome heterogeneity in both primary and
metastatic tumors, with three clusters of spots in primary tumors and �ve clusters in metastatic tumors
(Figure 2c). Next, we performed differential gene expression analysis in all clusters to obtain a detailed
view of the heterogeneity (Figure 2d). Cluster 3 variably expressed COL12A1, MMP1, and KRT17. Cluster 4
showed the upregulation of CD24, TNNC2, and RUBCNL, and cluster 16 differentially expressed RPL36A,
RPL22A, and ZFAS1. Uniform manifold approximation and projection analysis showed that clusters 2, 6,
11, 12, and 13 were colorectal liver metastatic tissues; however, clusters 2 and 12 were consistent with the
observed cancer cells based on the H&E staining, and the remaining clusters were stromal cells. Cluster 2
demonstrated the upregulation of DEFA5, REG1A, and SPP1, and cluster 12 variably expressed DAPL and
AC078993. Interestingly, the stromal region was heterogeneous in the metastatic tissues. Cluster 6 was
mainly associated with immune-related genes such as IGHG2, IGLC3, and IGHG1. Cluster 11 was enriched
with MGP, AEBP1, and IGFBP7, whereas cluster 13 was differentially expressed CHIT1, APOE, and
GPNMB. Combined with the spatial information, we observed that clusters 2 and 12 were surrounded by
cluster 6, where immune-related genes were enriched. Considering this phenomenon, metastatic tumors
may be in�ltrated with more immune cells, and the crosstalk between immune cells and metastatic
cancer cells may facilitate metastasis. Taken together, the ST maps provided a global view of ITH in the
primary tumor and its paired liver metastases.
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Spatial expression patterns of cancer stem cell markers revealed the enrichment of stem cells in
metastatic tumors

The development of cancer is a multi-step process and involves unlimited replicative potential and
acquired invasive and metastatic abilities, among others. We have identi�ed ITH in primary tumor and
liver metastases, and each subgroup of heterogeneous cells can have distinct involvements in tumor
progression, drug resistance, and metastasis. To further analyze the unique biological functions of each
cluster, we evaluated the expression of proliferation-related genes in each cluster. The results showed that
clusters 6, 9, 10, 11, 13, 14, 15, 17, and 18 had relatively higher G1 phase scores and, thus, the least
proliferation ability (Figure 3a). Epithelial-mesenchymal transition is another feature of cancer
progression, during which epithelial cells acquire features of mesenchymal cells for metastasis. We
initially evaluated the expression of sets of genes related to epithelial-mesenchymal transition to identify
the clusters that have the highest possibility of metastasis (Figure 3a). However, considering that the
boundaries of spots have no natural correspondence to the boundaries of cells, the gene expression
pro�les of spots can encompass multiple cells and/or portions of cells rather than truly resolving
individual cells. Clusters with the highest p-EMT scores may contain a higher proportion of mesenchymal
cells than those with the highest metastatic ability. Thus, we chose clusters 2, 4, 12, and 16 for further
analysis, as these four clusters had the highest proliferation ability and abundance of epithelial
proportions, which indicated that these clusters had the highest proportion of tumor cells. 

In primary tumors, 508 genes (e.g., PIGR, IGHA1, IGHA2, IGKC, and IGHG4) were upregulated in cluster 4
while 282 genes were upregulated in cluster 16 (e.g., SLC25A5, TXN, HSPE1, SNHG6, and RPS15A)
(Figure 3b). In the metastatic tumors, 783 genes were upregulated (e.g., BGN, MT2A, VIM, APOE, and
APOC1) in cluster 2, while 151 genes (e.g. AGR2, SLC6A2, EPCAM, VAV3, and FOXD1) were upregulated in
cluster 12 (Figure 3b). When the details of differentially expressed genes were analyzed, several cancer
stem cell (CSC) markers in cluster 12, including EPCAM (19), LGR5 (20), OLFM4 (21) and FOXD1 (22),
were upregulated, which suggested that CSCs were enriched in cluster 12 (Figure 3b). 

CSCs belong to a subpopulation of tumor cells capable of self-renewal, multilineage differentiation, and
survival in adverse microenvironments and are key to tumor initiation and tumor relapse (23, 24). CSCs
were identi�ed based on the expression of speci�c markers. To further explore the global distribution of
CSCs in cancerous tissues using ST, we investigated a set of stem cell-related genes in all clusters. BMI1,
HOPX, LRIG1, and LGR5 are recognized for their ability to self-renew and differentiate into normal
intestinal epithelium (25). The violin plots indicated that cancerous clusters (clusters 2, 3, 4, 6, 11, 12, 13,
and 16) had higher expression of intestinal stem cell markers than other regions of the four tissues
(Figure 3c). A group of CSC markers (ALCAM, CD44, EPCAM, EPHB2, OLFM4, and PROM1) (19, 26) were
analyzed, and the results demonstrated that CSC markers were signi�cantly enriched in cancerous
clusters. Surprisingly, metastatic clusters (clusters 3, 4, and 16) also showed a higher expression of these
markers than the primary clusters (Figure 3c). DPP4 (27) and PROX1 (28) have been reported as
metastatic CSC markers, and our results showed an increase in the expression of these two markers in
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metastatic clusters (Figure 3c). We identi�ed FOXD1 as another metastatic CSC marker because of its
similar expression as DPP4 and PROX1 (Figure 3c). 

Trajectory and pseudo-time analysis revealed a dedifferentiation-differentiation process during
metastasis

Cellular plasticity allows cancer cells to shift between differentiated and undifferentiated states, and this
contributes to cancer progression (29, 30). To gain insights into the development of liver metastasis, we
performed trajectory analysis of eight cancerous clusters, and the results revealed two distinct trajectories
(Figure 4). To quantify the progression through differentiation, we calculated the pseudo-time for each
branch and observed three states of differentiation (Figure 4). Integrating the pseudo-time and spatial
information, most spots of cluster 12 were collected at the top of the evolution tree; this indicated more
dedifferentiation (Figure 4), which was consistent with the high abundance of CSCs in cluster 12. The
bifurcation spots from metastatic and primary tumors were clustered at each branch (Figure 4),
suggesting that the tumor cells in primary tumors undergo dedifferentiation to metastasize before
differentiating into seeds in the liver. Figure 4b shows that the expression of genes signi�cantly varied
over pseudo-time, and the heatmap demonstrated six clusters based on the expression changes. Next, we
analyzed the expression patterns of several stem cell markers over pseudo-time, including ALCAM,
FOXD1, BMI1, HOPX1, CD44, LGR5, EPCAM, and OLFM4 (Figure 4c). Apart from the low expression of
ALCAM over the pseudo-time, we observed three different expression patterns. FOXD1, BMI1, and LGR5
were highly expressed during early differentiation; HOPX and CD44 were upregulated midway through
pseudo-time, while EPCAM and OLFM4 were downregulated midway through pseudo-time. Moreover, the
expression patterns of FOXD1 and LGR5 were almost identical, implying crosstalk between FOXD1 and
LGR5. Therefore, we performed a correlation analysis of FOXD1 and LGR5, and the results revealed that
the expression of FOXD1 was positively correlated with LRG5 (Figure 4d). We observed the upregulation
of FOXD1 and LGR5 in cluster 12. Therefore, we conducted a functional analysis of cluster 12, and the
Hippo signaling pathway was signi�cantly enriched (Figure 4e). Compared with other clusters, the Hippo
signaling pathway was hyper-activated in clusters 2 and 12 (Figure 4f). 

Dominant crosstalk of CD74-MIF between clusters in metastatic tumors. 

Cell-cell communication is fundamental to various processes in CRC, such as cell fate decisions,
proliferation, migration, and homeostasis (31). For deeper insights into the direct interaction networks of
cancer cells, we performed CellPhoneDB analysis of the cancerous clusters in primary and metastatic
tissues. Overall, we observed a signi�cant increase in the cell-cell interactions in metastatic tissues
relative to the primary tissues (Figure 5a), suggesting a more complex cell-cell communication in the
development of metastasis. In the primary tumor, the dominant interaction was between C5AR1 and
RPS19 in clusters 3 and 4. RPS19 is known to be associated with a high incidence of cancer in humans
and upregulated in colon cancer (32). RPS19 interacts with C5aR1 expressed on tumor-in�ltrating
myeloid-derived suppressor cells (MDSCs), facilitating MDSC recruitment in tumors to promote tumor
growth (33). In metastatic tissues, communication between CD74 and MIF was the most dominant. MIF
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secreted by the cells of cluster 12 interacted with CD74 in clusters 2, 3, 6, 11, and 13. MIF is a
multifunctional cytokine and a ligand of the CD74 receptor (34). Activated by the secreted MIF from
cluster 12, the MIF/CD74 axis in clusters 2, 3, 6, 11, and 13 could be initiated to promote cell survival by
modulating glucose uptake and metabolism through the activation of AKT and AMPK proteins (35),
which was veri�ed by KEGG pathway analysis. However, the reserve communication between MIF and
CD74 among the clusters was not observed.

FOXD1 was associated with cancer cell stemness, and the protein-protein interaction network showed
that FOXD1 interacted directly with WNT9B, which functions in the canonical Wnt/β-catenin signaling
pathway. To further examine the clinical implications of FOXD1, we explored the TCGA dataset and found
that patients with lower expression of FOXD1 demonstrated better overall survival than those with higher
expression of FOXD1. Multivariate analysis veri�ed the independent protective role of FOXD1 in surviving
patients (AUC = 0.6725) and its usefulness for predicting clinical survival with satisfactory accuracy. 

Discussion
In this exploratory study, we used ST to demonstrate ITH in both primary colorectal cancer and its
matched liver metastasis. Spatial RNA sequencing revealed an apparent enrichment of CSCs in
metastatic tissues and identi�ed FOXD1 as a novel metastatic CSC marker. Furthermore, trajectory and
pseudo-time analyses revealed a dedifferentiation-differentiation process involved in the development of
metastasis. Cell-cell communication indicated a prominent role of the CD74/MIF axis in metastatic
tissues. Overall, ST can combine histological entities and gene expression pro�les and provide us with
deeper insights into cancer biology.

scRNA-seq can provide high-throughput and high-resolution transcriptomic analyses of individual cells,
which can facilitate a better understanding of the diversity of cell states and the heterogeneity of cancer
cells (36). However, scRNA-seq requires the segregation of cells that can disrupt the spatial context of
cancer tissues (37, 38). Physical location is important for understanding tissue function and associated
pathological changes. ST is an in situ RNA sequencing technology that can capture mRNAs while
maintaining the spatial information of histological tissue. Whole-tissue transcriptomic sequencing allows
the comparison of different areas within the same tissue (11). CRC is a heterogeneous and complex
disease. Apart from the intertumor heterogeneity that patients present, with the distinct genetic
characteristics, histopathological features, and clinical behaviors, our ST data revealed apparent ITH in
both primary and metastatic tissues. Comparing each cluster with the tumor, the results demonstrated
distinct differentially expressed genes and functional pathways. Notably, we also found evidence of CSC
enrichment in metastatic tissues and identi�ed FOXD1 as a metastatic CSC marker.

FOXD1 is a member of the FOX transcription factor family and is involved in tumor progression,
metastasis, and drug resistance. In colorectal cancer, Pan et al. reported that FOXD1 promotes
tumorigenesis and progression by activating the ERK 1/2 signaling pathway (39). However, little is known
about the association between FOXD1 and cell stemness, especially metastatic cell stemness. Moreover,
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our study revealed a positive correlation between FOXD1 and LGR5, and the clusters with the upregulation
of FOXD1 demonstrated the activation of the Hippo pathway. CSCs are critical for the formation and
maintenance of liver metastasis, and LGR5 is a speci�c CSC marker. Selective LGR5+ cell ablation can
restrict primary tumor growth but not result in tumor regression. Instead, tumors are maintained by
proliferative LGR5− cells that continuously attempt to replenish the LGR5+ CSC pool, leading to rapid re-
initiation of tumor growth after the continuation of treatment (40). Cheung et al. found that the activation
of YAP results in molecular reprogramming toward Wntlow and Klf6high intestinal cell states with the loss
of stemness while acquiring a regenerative program that can hamper tumor initiation and the metastatic
potential of LGR5+ CSCs (41), implying a connection between LGR5 and the Hippo pathway in CSCs. On
the other hand, FOXD1 was reported to be associated with the Hippo pathway. Fu et al. revealed that YAP
can cooperate with the TEA domain transcriptional factor (TEAD) to activate the expression of FOXD1 to
alleviate senescence and osteoarthritis (42). Additionally, the protein-protein interaction network revealed
an interaction between FOXD1 and the Wnt/β-catenin signaling pathway. Combined with our results
above, it can be implied that there may be interactions among FOXD1, LGR5, the Hippo pathway, and the
Wnt/β-catenin pathway to mediate cancer cell stemness in colorectal liver metastasis, and further
investigations are needed to verify this hypothesis.

Another key �nding in our study is the plasticity that allows cancer cells to undergo a dedifferentiation-
differentiation process during the development of metastasis. Cluster 12, with the highest abundance of
CSCs in metastatic tissues, demonstrated more differentiation, and the bifurcation spots were clustered
at each branch from the metastatic and primary tumors. Cancer cell plasticity can endow cells with the
capacity to shift dynamically and reversibly between non-CSCs and CSCs. The ST data directly illustrated
the dynamic transition based on trajectory and pseudo-time analysis.

Cell-cell communication between tumor microenvironments (TME) and cells drive cancer progression and
in�uences the response to existing therapies. Our results in this study showed increased cell-cell
interactions in metastatic tissues relative to primary tissues. The dominant interaction was between
C5AR1 and RPS19 in the primary tissues and between CD74 and MIF in metastatic tissues, suggesting
further activation of macrophages in metastatic tissues. MIF secreted from cluster 12 can interact with
CD74 in clusters 2, 3, 6, 11, and 13 to promote cell survival, but the reverse interaction was not observed.
Chaube et al. reported that CSCs can be protected by energy-default processes that force cancer cells
with defective mitochondria to generate energy through AMPK-regulated glycolysis in the cytoplasm (43)
In our study, cluster 12 was enriched with CSCs, and the CSCs in the clusters were maintained through the
dominant communication between CD74 and MIF. As a result, MIF inhibitors, particularly in conjunction
with CD74 inhibition, may be promising for treating CRC metastasis.

Conclusion
The spatial transcriptomic atlas of primary CRC tissues and their matched liver metastases provided us
with detailed cellular and phenotypic ITH. Our systematic investigation into the tissue-wide transcriptome
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provided valuable insights into the formation of metastasis and opened up new possibilities for the
treatment of CRC metastasis.
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Figure 1

Work�ow of this study, including sample collection, spatial transcriptomics sequencing, and data
analysis.
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Figure 2

Spatial transcriptomic atlas of primary colorectal cancer tissues and their matched liver metastasis. (a)
Primary tumor cryosections on slides for spatial transcriptomics (ST). (b) Metastatic tumor cryosections
on slides for ST. (c) Uniform manifold approximation and projection plot of all spots from the four
tissues. Nineteen clusters were identi�ed. (d) Differentially expressed genes in all 19 clusters. (e, g) The
ST data were for 2700-4300 spots per tissue, and each spot contained approximately 8000-15000 unique
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molecular identi�ers (UMIs) and 3200-4600 genes. (f, h) Tissue-speci�c gene annotations across the four
tissues.

Figure 3

Enrichment of cancer stem cells (CSCs) in metastatic tissues. (a) The proportions of spots with different
cell cycles or malignancies for each tumor organoid cluster. (b) Volcano plots of differentially expressed
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genes between clusters 4 and 16 and clusters 2 and 12. The upregulated genes were labeled. (c) Violin
plots of CSC markers in all clusters. The width of a violin plot indicates the kernel density of the
expression values.

Figure 4
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A dedifferentiation-differentiation process during metastasis revealed by trajectory and pseudo-time
analysis. (a) Trajectory and pseudo-time analysis of all clusters revealed a dedifferentiation-
differentiation process during the development of metastasis. (b) Heatmap of genes signi�cantly varying
over pseudo-time in all three trajectories and clustered into 6 groups. (c) The expression patterns of stem
cell markers over pseudo-time. (d) Correlation analysis of FOXD1 and LGR5 suggested that the
expressions of FOXD1 and LGR5 were positively correlated. (e) Functional analysis of cluster 12 showed
the enrichment of the hippo signaling pathway. (f) The hippo signaling pathway was hyper-activated in
clusters 2 and 12.
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Figure 5

Dominant crosstalk of CD74 and MIF across the clusters in metastatic tumors, with FOXD1 as a
prognostic indicator in colorectal cancer (CRC). (a) Molecular interactions between clusters in primary
and metastatic tissues. (b) Protein-protein interaction (PPI) network showed that FOXD1 had a direct
interaction with the Wnt/ -catenin signaling pathway. (c) Expression of FOXD1 indicating different long-
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term outcomes. (d) Forest plot of clinical indicators and the risk scores (calculated by FOXD1). (k)
Receiver operating characteristic (ROC) curve for the risk score.
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