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Abstract
Background  Epithelial compartments play a central role in the progression and metastasis of colorectal cancer 
(CRC), yet the mechanisms underlying their transcriptional reprogramming across disease stages remain incompletely 
understood.

Methods  We constructed comprehensive single-cell and spatial transcriptomic atlases encompassing normal 
colorectal tissue, primary CRC, and liver metastases (LMs), profiling over 200,000 high-quality cells. Specific 
coexpression modules and transcriptional regulators were identified and spatially mapped. Additionally, the clinical 
and functional roles of SCAND1 were investigated using western blot, RT-qPCR, and immunohistochemistry in clinical 
samples, as well as functional assays in CRC cell lines.

Results  Distinct coexpression modules were selectively enriched in normal epithelial cells and associated with 
vesicle transport, ion homeostasis, and barrier function, whereas LM-specific modules were linked to Wnt signalling, 
ribosome biogenesis, and cell cycle processes. High-CNV epithelial cells exhibited progressive activation of key 
transcription factors such as CEBPB, E2F, and the AP-1 family, with concurrent suppression of ARGLU1 and MTNR2L8, 
indicating coordinated remodelling of transcriptional and metabolic programs during metastasis. These changes 
were spatially validated and correlated with alterations in epithelial composition within the tumour core. Consistently, 
multiplex immunofluorescence (mIHC) confirmed the expression patterns of CEBPB, ARGLU1, S100A4 and FOSL1, 
across normal epithelium, CRC, and LM. Notably, SCAND1 was identified as a potential therapeutic target for 
malignant epithelial plasticity. We demonstrated for the first time that SCAND1 expression is significantly upregulated 
in CRC patients and is associated with superior diagnostic and prognostic value. Functional experiments revealed 
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Introduction
Colorectal cancer (CRC) is one of the most common gas-
trointestinal malignancies worldwide, ranking third in 
cancer incidence and second in cancer-related mortal-
ity [1,, 2]. Approximately 50% of CRC patients develop 
liver metastasis (LM) during disease progression, which 
is the main cause of CRC-related death [3, 4]. Despite 
recent advances in surgery, chemotherapy, radiotherapy, 
and targeted therapies, the prognosis of metastatic CRC 
remains poor. This is mainly due to the high heteroge-
neity of tumour cells, their capacity for immune eva-
sion, and treatment resistance [1, 5, 6]. Large-scale gene 
expression studies have established molecular classifi-
cation systems for CRC—most notably, the Consensus 
Molecular Subtypes (CMS), which stratify CRC into four 
subtypes (CMS1-4) [7]. However, these classifications are 
primarily based on bulk sequencing data and cannot pre-
cisely resolve the complex cellular heterogeneity of the 
tumour microenvironment.

In the pathogenesis of CRC, epithelial cells, which are 
the normal cell type in which oncogenic events arise and 
initiate tumorigenesis, are central to disease progression. 
In the normal intestine, epithelial cells maintain highly 
differentiated structures and functional homeostasis. 
However, during carcinogenesis, their transcriptional 
programs are dramatically remodelled, resulting in the 
progressive acquisition of stemness, proliferation, migra-
tion, and other malignant features [8, 9]. Previous studies 
have shown that CRC epithelial cells can increase their 
invasiveness and ability to adapt to distant sites by acti-
vating epithelial–mesenchymal transition (EMT), adapt-
ing to hypoxic and inflammatory stress environments, or 
reacquiring stem cell-like plasticity [10, 11]. These state 
transitions not only involve shifts in cell fate but also may 
drive immune evasion, chemoresistance, and the forma-
tion of a prometastatic microenvironment. However, 
there is still a lack of integrative research frameworks 
regarding the distribution patterns of these “epithelial 
plasticity states” across different disease stages and spa-
tial regions, their underlying transcriptional regulatory 
mechanisms, and their interactions with the tumour 
immune microenvironment or stromal cells.

SCAND1 is a SCAN domain-only member of the con-
served SCAN transcription factor family, most of which 

are SCAN–zinc finger (SCAN-ZF) proteins [12–14]. 
The SCAN domain mediates oligomerization; SCAND1 
lacks zinc fingers but hetero-oligomerizes with SCAN-
ZFs such as MZF1 (ZSCAN6/ZNF42) to form repres-
sive complexes that counteract SCAN-ZF transactivation 
[15–17]. Functionally, MZF1 activates the co-chaper-
one CDC37 to promote cancer progression, whereas 
SCAND1 represses CDC37 by binding MZF1, acting as a 
potential tumor suppressor; SCAND1–MZF1 oligomers 
can also reverse EMT, tumor growth, and migration by 
repressing EMT drivers and MAPK genes [16–18]. Clini-
cally, MZF1 often correlates with poor outcomes, while 
SCAND1/MZF1 expression can associate with better 
prognosis in specific contexts, indicating context-depen-
dent oncogenic versus suppressor roles [17]. Despite 
these advances, SCAND1’s role in colorectal cancer 
(CRC) remains unclear.

Recent advances in single-cell RNA sequencing 
(scRNA-seq) and spatial transcriptomics have enabled 
detailed characterization of cellular states and their 
spatial organization in complex tissues [19–22]. While 
these technologies have been used to map the immune 
microenvironment and CAF subsets in CRC [23, 24], 
the diversity and remodelling of epithelial states during 
metastasis remain underexplored. In this study, we inte-
grated single-cell and spatial transcriptomic data from 
primary CRC, normal colorectal tissue, and liver metas-
tases to systematically characterize epithelial lineage 
composition, transcriptional state transitions, and spatial 
distribution. Using hdWGCNA and pySCENIC, we iden-
tified epithelial coexpression modules and key regulators, 
highlighting metastasis-associated programs dominated 
by Wnt signalling, ribosome biogenesis, and cell cycle 
activation. CNV inference, trajectory, and spatial analy-
ses further revealed that epithelial cells with high CNV 
burdens presented increased transcriptional plasticity 
and heterogeneity and extensive signalling interactions 
with the immune microenvironment. Our work reveals 
the dynamic remodelling of epithelial plasticity in CRC 
and provides a theoretical basis for targeting key epithe-
lial states to inhibit metastasis.

that SCAND1 promotes tumour cell proliferation, inhibits apoptosis, and enhances metastatic potential. Furthermore, 
co-culture of SCAND1-overexpressing tumour cells with T cells showed that SCAND1 overexpression attenuates T 
cell–mediated cytotoxicity, supporting an additional immune-evasive role.

Conclusions  Our study elucidates the molecular logic of epithelial state transitions during CRC metastasis and 
underscores the promise of SCAND1 as a novel biomarker and therapeutic target in colorectal cancer.

Keywords  Colorectal cancer, Single-cell transcriptomics, Spatial transcriptomics, Epithelial plasticity, Copy number 
variation, SCAND1
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Methods
Data collection
Single-cell RNA sequencing (scRNA-seq) data were 
obtained from the GEO database (accession numbers: 
GSE132465, GSE178318, and GSE200997). The dataset 
includes a total of 18 normal colorectal tissue samples, 
45 colorectal cancer (CRC) samples, and 6 colorec-
tal cancer liver metastasis (LM) samples. After quality 
control, a total of 203,379 high-quality sequenced cells 
were analyzed. Spatial transcriptomics samples were 
obtained from ​h​t​t​p​​:​/​/​​w​w​w​.​​c​a​​n​c​e​​r​d​i​​v​e​r​s​​i​t​​y​.​a​s​i​a​/​s​c​C​R​L​M​
/​a​n​d GSE284061. Gene expression datasets (GSE87211, 
GSE71187, GSE41258, GSE44076, GSE103512 and 
GSE106582) were obtained from the Gene Expression 
Omnibus (GEO; ​h​t​t​p​​s​:​/​​/​w​w​w​​.​n​​c​b​i​​.​n​l​​m​.​n​i​​h​.​​g​o​v​/​g​e​o​/) as 
of October 2023. Diagnostic curves of a single hub gene 
were drawn using “pROC” package to evaluate the sen-
sitivity and specificity of a single hub gene in these data-
sets. Bulk RNA-seq expression profiles and associated 
clinical data for colorectal cancer patients were acquired 
from The Cancer Genome Atlas (TCGA; ​h​t​t​p​​s​:​/​​/​p​o​r​​t​a​​l​.​g​​
d​c​.​​c​a​n​c​​e​r​​.​g​o​v​/).

scRNA-seq data processing
We used Seurat v4.1.3 for preprocessing, quality control, 
normalization, and dimensionality reduction and clus-
tering of single-cell data. Doublets were identified and 
removed using DoubletFinder v2.0.3. Quality control cri-
teria included a minimum of 400 genes expressed per cell 
and a mitochondrial gene content threshold of 20%. Nor-
malization, identification of highly variable genes, and 
clustering were performed using Seurat’s default param-
eters and workflow. Batch correction and data integra-
tion across samples were performed using Harmony 
v1.2.3. Cell clusters were annotated using marker genes 
collected from the literature and manual curation. Differ-
entially expressed genes (DEGs) between subpopulations 
were identified using the FindAllMarkers function based 
on the Wilcoxon rank-sum test, with selection criteria of 
adjusted p-value < 0.05 and |log2FC| > 0.5.

Spatial transcriptomics data processing
Spatial transcriptomics data were processed using Seurat 
v4.3.0. Raw spatial expression matrices were normalized 
using SCTransform, followed by PCA for dimensionality 
reduction. The top 30 principal components were used 
for graph-based neighborhood detection and clustering. 
UMAP was used for spatial domain visualization and to 
display spatial feature distributions. For scRNA-seq data 
with cell type annotation, log-normalization with a scale 
factor of 10,000 was applied, and 3,000 highly variable 
genes were identified using the “vst” method. Data were 
scaled and reduced using PCA. UMAP embeddings were 
generated based on the top 30 Harmony components. 

Graph-based clustering was performed using Harmony 
reduction and the Louvain algorithm (resolution = 0.5).

Cell type identification
We used Seurat’s FindAllMarkers function to perform 
differential gene expression analysis within each cluster 
to identify marker genes. Thresholds for defining marker 
genes were: adjusted p-value < 0.05, expression percent-
age > 0.25, and |log2 fold change| > 0.25. Cell clusters were 
annotated using the SingleR package based on marker 
gene composition and reference datasets, followed by 
manual validation and correction using the CellMarker 
database.

Spatial transcriptomics spot annotation by single-cell 
deconvolution
To deconvolute cell type composition in spatial transcrip-
tomics data, we used the Robust Cell Type Decomposi-
tion (RCTD) algorithm implemented in the spacexr R 
package. Cell type labels from annotated scRNA-seq data 
were used as references. The reference matrix included 
raw counts, cell type annotations, and total UMI counts. 
For each spatial sample, spot-level count matrices, spa-
tial coordinates, and UMI counts were used to create a 
spatial RNA object. RCTD was run in ‘full’ mode to flex-
ibly assign cell types to each spatial spot. The resulting 
cell type weight matrix was integrated into Seurat’s spa-
tial metadata. RCTD was also rerun in ‘doublet’ mode to 
identify and resolve spots containing two dominant cell 
types. The results were integrated into the spatial object 
for downstream analysis and visualization.

Cell–cell communication
We used the CellChat R package (v1.1.3) to infer cell–cell 
communication based on ligand–receptor interactions 
[25]. Communication probability and number of interac-
tions were calculated to build a communication network. 
Interaction strength and frequency between any two cell 
groups were visualized. Scatter plots were used to show 
major sender (signal source) and receiver (target) cell 
types in 2D space, helping identify the key contributors 
to outgoing and incoming signals within immune cell 
populations. A global communication model was applied 
to identify how multiple immune cell types and signaling 
pathways coordinate.

Pseudotime trajectory analysis
Pseudotime trajectories were constructed using Monocle 
2 for single-cell trajectory analysis [26]. The algorithm 
reduces high-dimensional expression data into a low-
dimensional space and arranges cells along trajectories 
with branching points. Dynamic expression heatmaps 
were generated using the plot_pseudotime_heatmap 
function.

http://www.cancerdiversity.asia/scCRLM/and
http://www.cancerdiversity.asia/scCRLM/and
https://www.ncbi.nlm.nih.gov/geo/
https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/
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8. Gene set enrichment analysis (GSEA)
GSEA was performed using the GSEApy package. DEGs 
were ranked by log2 fold change in descending order to 
create a pre-ranked gene list. Hallmark gene sets were 
obtained from the MSigDB database (v2024.1, category: 
h.all) via the gseapy.Msigdb() interface. GSEA was con-
ducted using gseapy.prerank with 1,000 permutations. 
Gene sets with sizes between 1 and 10,000 were included. 
The output included normalized enrichment scores 
(NES), nominal p-values, and FDR q-values. A fixed ran-
dom seed ensured reproducibility.

Inference of copy number variation (CNV)
Single-cell CNV inference was performed using the infer-
CNV R package (v1.20.0). Gene genomic positions were 
curated and deduplicated. Raw count matrices and cell 
type annotations were extracted from the Seurat object, 
and cell type metadata was saved as a group annotation 
file. Immune cells (T cells, B cells, and myeloid cells) were 
used as the reference group. The analysis used a cutoff 
of 0.1 for UMI-based data (10x Genomics). Hierarchical 
clustering was performed using the “ward.D2” method. 
Denoising was enabled, and the HMM option was dis-
abled to improve computational efficiency.

pySCENIC analysis
Gene regulatory network (GRN) analysis was conducted 
using the pySCENIC pipeline. Raw Loom-format expres-
sion data and a curated list of human transcription fac-
tors were input to GRNBoost2 to infer co-expression 
modules. Motif enrichment analysis was performed using 
a TF motif ranking database and annotation file in the ctx 
step with dropout masking and parallelization. Regulon 
activity was quantified per cell using the AUCell algo-
rithm to generate a regulon-by-cell activity matrix.

hdWGCNA analysis
Gene co-expression networks in CRC epithelial cells were 
analyzed using the hdWGCNA package. A Seurat object 
containing epithelial cells was used to construct metacells 
with parameters: k = 25, assay = ‘SCT’, max_shared = 20, 
min_cells = 300, reduction = ‘umap’, slot = ‘data’. Cells of 
the same epithelial subtype within each sample were 
pooled to form metacells. Networks were built using 
ConstructNetwork with a soft-power threshold of 14. 
Functional enrichment of gene modules was performed 
using the EnrichR package.

Spatial transcriptomic analysis with SPATA2
Spatial transcriptomic data were analyzed using the 
SPATA2 R package. After log-normalization, highly 
variable genes were identified using the “vst” method. 
Spatially variable genes were detected using SPARK-X 
(p < 0.01). PCA was used for dimensionality reduction, 

followed by k-means clustering to define spatial domains. 
Spatial trajectories were either manually drawn or 
defined by spatial coordinates. Genes with significant 
expression gradients along these trajectories were iden-
tified using spatialTrajectoryScreening (FDR < 0.05). 
Both random and non-random gradients were visualized 
across tissues. Top genes were selected based on model 
fit for downstream analysis.

Clinical samples
Forty matched samples of colorectal cancer tissues 
and their corresponding adjacent normal tissues were 
collected from patients undergoing surgical resec-
tion at Yangpu Hospital, affiliated with Tongji Univer-
sity, between November 2018 and November 2019. The 
study protocol was approved by the Ethics Committee 
of Yangpu Hospital (Approval No. LL-2023-LW-012), 
and written informed consent was obtained from all 
participants.

RT-qPCR
Total RNA was isolated from matched tumor and 
adjacent normal tissue samples using TRIzol reagent 
(Invitrogen), followed by reverse transcription into 
complementary DNA (cDNA) using a commercial kit 
(Takara, Dalian, China), according to the manufacturer’s 
instructions. Quantitative real-time PCR (RT-qPCR) was 
subsequently carried out with gene-specific primers: 
SCAND1: 5’-​C​G​C​A​G​A​G​A​A​G​C​C​A​G​A​G​A​C​T​T-3’ and 5’-​
T​C​A​G​C​A​C​T​G​C​G​T​C​T​G​C​A​C​C-3’; β-actin: 5’-​C​C​T​G​G​C​
A​C​C​C​A​G​C​A​C​A​A​T-3’ and 5’-​G​G​G​C​C​G​G​A​C​T​G​T​C​A​T​A​
C-3’.

Western blot assay and immunohistochemistry (IHC)
Western blotting and immunohistochemistry (IHC) 
were independently performed in triplicate. For protein 
extraction, tissues were lysed in RIPA buffer (Solarbio, 
China) with protease inhibitors (1:100, Thermo Scien-
tific). For IHC, Formalin-fixed, paraffin-embedded tis-
sue blocks were sectioned at 4 μm thickness. Sections 
were dewaxed, rehydrated, and subjected to antigen 
retrieval using a pressure cooker for 30 minutes. Endog-
enous peroxidase activity was blocked using 3% hydro-
gen peroxide for 20 minutes. Non-specific binding 
was minimized with 5% BSA for 40 minutes. Sections 
were incubated overnight at 4 °C and visualization was 
achieved using a DAB detection kit and counterstaining 
with hematoxylin. The primary antibodies are used as 
follows: SCAND1 (1:1,000; Thermofisher, PA5-49816), 
β-actin (1:4,000; ProteinTech, 66009–1-Ig), ZEB2(1:1,000; 
ProteinTech, 14026–1-AP), Twist1(1:1,000; Protein-
Tech, 25465–1-AP), N-Cadherin(1:1,000; ProteinTech, 
22018–1-AP), E-Cadherin(1:1,000; ProteinTech, 20874–
1-AP), α-SMA(1:1,000; ProteinTech, 14395–1-AP), 
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Vimentin(1:1,000; ProteinTech, 10366–1-AP), β-tubulin 
(1:4,000; ProteinTech, 10094–1-AP).

Multiplex immunohistochemistry staining (mIHC)
Paraffin-embedded tissue sections were deparaffinized in 
xylene and rehydrated using graded ethanol series. Anti-
gen retrieval was carried out in EDTA buffer, followed by 
quenching of endogenous peroxidase with hydrogen per-
oxide. Non-specific binding was blocked using 3% bovine 
serum albumin (BSA). Sections were then sequentially 
incubated with primary antibodies against S100A4 
(1:500, Proteintech, 16105–1-AP), CEBPB (1:500, Pro-
teintech, 83791–6-RR), and ARGLU1 (1:500, Proteintech, 
28155–1-AP), PanCK (1:400, ZSGB, ZM0069, 1:200), 
FOSL1(Proteintech, Ag25788), followed by species-
matched secondary antibodies. Tyramide signal amplifi-
cation was applied post-incubation, with antigen retrieval 
and antibody stripping repeated between cycles. Nuclei 
were counterstained with DAPI, and slides were mounted 
in antifade medium. LM samples, matched primary 
tumors, and corresponding adjacent normal tissues were 
obtained from six patients with metastatic colorectal 
cancer and subjected to mIHC analysis.

Cell culture and transfection
Human colorectal cancer (CRC) cell lines HCT116, 
LOVO, SW620, RKO along with the normal colonic epi-
thelial cell line NCM460, were obtained from the Shang-
hai Institute of Biochemistry and Cell Biology. All cells 
were cultured in Dulbecco’s Modified Eagle Medium 
(DMEM) supplemented with 10% fetal bovine serum 
(FBS; Gibco, Carlsbad, CA, USA) and maintained at 
37 °C in a humidified atmosphere containing 5% CO₂. 
Transfection was performed using Lipofectamine 3000 
(Invitrogen, Carlsbad, CA, USA) with either a SCAND1-
specific siRNA or a negative control (GeneChem, 
Shanghai, China). Cells were harvested for subsequent 
experiments 48 hours post-transfection. Each experiment 
was conducted in triplicate. For overexpression studies, a 
plasmid encoding SCAND1 was custom-synthesized by 
GenePharma (Shanghai, China). The sequences of the 
siRNAs are provided in Table S1.

Proliferation and apoptosis assays
To evaluate DNA synthesis activity, colorectal cancer 
(CRC) cell lines were incubated with 5-ethynyl-2’-deoxy-
uridine (EDU) at a final concentration of 50 μM. After a 
30-minute exposure, nuclear DNA was counterstained 
with Hoechst 33342, and EDU-positive cells were visu-
alized microscopically. HCT116 cells overexpressing 
SCAND1 and SW620 cells with SCAND1 knockdown 
were dissociated into single-cell suspensions using 
0.25% trypsin. Cisplatin(1 μmol/L) was used as apop-
tosis inducer. Subsequently, the cells were stained with 

Annexin V-APC and 7-Aminoactinomycin D (7-AAD), 
and apoptotic populations were quantified by flow 
cytometry.

Cell viability assay
Cellular viability was evaluated via the Cell Counting 
Kit-8 (CCK-8) assay. HCT116 cells were plated in 96-well 
plates at 5 × 103 cells/well and incubated for 48 hours 
prior to absorbance measurement. Viability was deter-
mined using the CCK-8 kit (Beyotime Biotechnology, 
China), with optical density at 450 nm quantified on a 
SpectraMax i5x microplate reader (Molecular Devices).

Migration and invasion assays
Migration and invasion assays were performed using 
24-well Transwell chambers (Nest, China). Cells were 
seeded in serum-free DMEM (250 μL) into the upper 
chamber, and 600 μL of DMEM with 10% FBS was added 
to the lower chamber. For invasion assays, inserts were 
pre-coated with Matrigel (2 mg/mL). After 24 hours, 
non-migrated/invaded cells were removed, and cells on 
the lower membrane surface were fixed with 4% para-
formaldehyde and stained with crystal violet for 10 min-
utes. Cells were quantified in five non-overlapping fields 
under a microscope (Nikon, Japan). Confluent cells were 
scratched using a 10 μL pipette tip for the wound healing 
assay and cultured in a serum-free medium. Images were 
taken at 0 and 24 hours using phase-contrast microscopy 
to assess wound closure.

Cell co-culture assays
To investigate the functional interactions between T cells 
and CRC cells, indirect co-culture experiments were per-
formed using a Transwell system (Corning, USA) with 
0.4 μm pore-size polycarbonate membrane inserts, allow-
ing soluble factor exchange while preventing direct cell-
cell contact. The system was set up in 6-well plates. Jurkat 
cells (Human T cells) were obtained from commercial 
sources (QS-BIO, #BY-0094).

For each co-culture condition, 5 × 104 HCT116–
SCAND1-OE or control group were seeded into the 
upper chamber (insert) in 1.5 mL of RPMI 1640 medium 
(Yamei, CB004) supplemented with 10% fetal bovine 
serum (FBS, Yamei, CY106) and 1% penicillin-strep-
tomycin (Yamei, CB010). Cells were allowed to adhere 
overnight at 37 °C in a humidified 5% CO₂ incubator. 
Concurrently, 1 × 105 Jurkat cells (at a 2:1 Jurkat cell-to-
cancer cell ratio) were seeded into the lower chamber in 
2.5 mL of the same medium. Co-cultures were incubated 
for 48 h under standard conditions. All experimental con-
ditions were performed in biological triplicate. Cellular 
viability and apoptosis assays of HCT116 cells was evalu-
ated after 48 h of indirect co-culture.
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Fig. 1 (See legend on next page.)
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Statistical analysis
All statistical analyses and visualizations were performed 
in R v4.1.3. Pearson correlation coefficients were used to 
assess relationships between continuous variables. For 
quantitative comparisons, two-tailed unpaired Student’s 
t-tests or one-way ANOVA with Tukey’s post hoc test 
were used. A p-value < 0.05 was considered statistically 
significant.

Results
Cellular heterogeneity and transcriptomic perturbation in 
colorectal cancer and liver metastasis
To construct a comprehensive single-cell transcriptomic 
atlas of normal and malignant colorectal tissues, we 
systematically collected and analysed single-cell RNA 
sequencing (scRNA-seq) data from 18 normal colorec-
tal tissue samples, 45 colorectal cancer (CRC) samples, 
and 6 liver metastasis (LM) samples [27–29]. After strin-
gent quality control and preprocessing, a total of 203,379 
high-quality cells were retained for downstream analysis 
(Fig. 1A, Figure S1A-B). To comprehensively delineate 
the cellular composition of normal colorectal tissue, we 
first performed batch effect correction across datasets, 
followed by graph-based unsupervised clustering, ulti-
mately identifying 41 distinct cell clusters (Fig. 1A, Figure 
S1C-D). On the basis of Spearman correlation analysis 
and known cell type-specific marker genes [30–32], these 
clusters were further annotated into eight major cell 
types: T cells, B cells, epithelial cells (Epi), myeloid cells 
(Mye), plasma cells, NK cells, fibroblasts, and endothe-
lial cells (Fig. 1B–C, Figure S1E-F). T cells were the most 
abundant population in our dataset (104,664 cells), fol-
lowed by epithelial cells. Each cell type displayed typical 
and specific expression profiles, confirming the accuracy 
of the annotations (Fig. 1D–E, Table S4). We next quanti-
fied the proportions of each cell type in normal, CRC, and 
LM samples and used the MiloR tool to analyse changes 
in cell abundance between groups. Compared with nor-
mal tissue, CRC samples presented a significant increase 
in myeloid and epithelial cell abundance. Compared 
with normal tissues, B cells, fibroblasts, and plasma cells 
were decreased in the LM group, whereas myeloid and T 
cells were increased. These changes suggest substantial 

remodelling of the immune microenvironment and tissue 
architecture during tumour progression and metastasis 
(Fig. 1F–H).

We further compared the number of differentially 
expressed genes (DEGs) numbers for each cell type 
across groups to assess the extent of transcriptomic per-
turbation (Fig. 1I). Compared with normal tissues, both 
CRC and LM epithelial cells presented the greatest num-
ber of DEGs. Notably, T cells presented a much greater 
DEG count in LM vs. normal than in CRC vs. normal, 
suggesting more pronounced transcriptomic reprogram-
ming and potential functional changes in the metastatic 
liver microenvironment (Table S2-S3).

To explore the functional significance of these DEGs, 
we performed pathway enrichment analysis using the 
Reactome pathway database (Fig. 1J–K, Figure S2A-B). In 
epithelial cells, DEGs between CRC and normal tissues 
were enriched mainly in translation-related pathways 
such as translation and eukaryotic translation initiation/
elongation, reflecting the high dependency of cancer cells 
on protein synthesis and growth. L13a-mediated transla-
tional silencing also indicated posttranscriptional regula-
tory abnormalities in CRC. For T cells, DEGs in LM vs. 
normal samples were significantly enriched in pathways 
related to cellular responses to stimuli and stress, imply-
ing that T cells in liver metastases are under greater met-
abolic stress and functional impairment. The enrichment 
of stress response pathways, such as HSF1 activation, fur-
ther suggests that T-cell exhaustion and immune escape 
occur [33, 34]. Additionally, we applied the Augur algo-
rithm, a random forest-based tool [35], to evaluate the 
degree of transcriptomic perturbation in each cell type. 
Compared with normal tissue, epithelial cells presented 
the most prominent perturbation in both CRC and 
LM samples, whereas fibroblasts presented the great-
est changes between LM and CRC samples, which were 
associated mainly with the coagulation and glycolysis 
pathways (Figure S2C-E). Given that epithelial cells are 
the principal origin of malignancy in colorectal cancer 
(CRC), these observations motivated a focused analysis 
of the epithelial compartment in subsequent sections.

(See figure on previous page.)
Fig. 1  Integrated single-cell transcriptomic landscape of normal colorectal tissue, primary colorectal cancer, and matched liver metastasis. (A) UMAP pro-
jection of the integrated single-cell dataset, comprising 203,379 cells, reveals 41 clusters grouped into 8 major cell types. Each color represents a different 
cell cluster. (B) Heatmap of Spearman correlation coefficients among clusters, illustrating transcriptional similarity across cell populations. (C) Expression 
levels of canonical marker genes across major cell types. (D) Bar plot and UMAP visualization showing the number and distribution of each cell type. (E) 
Heatmap of the top 50 most highly expressed genes specific to each major cell type, highlighting transcriptional features. (F) Pie charts showing the 
proportions of each cell type in the CRC, Normal, and lm (liver metastasis) groups. (G-H) MiloR k-nearest neighbor (kNN) differential abundance analysis 
between groups. Each node represents a local cellular neighborhood, with color intensity indicating the log2 Fold change in abundance between crc 
and normal (G), or LM and normal (H). White nodes denote non-significant differences (FDR > 10%). Box plots on the right summarize cell type abun-
dance changes between groups. (I) UMAP plots displaying the distribution of cluster-wise differentially expressed genes (DEGs) in crc vs. normal and lm 
vs. normal comparisons. (J-K) Bar plots showing enrichment of reactome pathways among DEGs in epithelial cells (CRC vs. normal, J) and T cells (LM vs. 
normal, K), with pathways ranked by p-value
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Epithelial dynamics and CNV-linked inflammatory rewiring 
in CRC metastasis
We performed an in-depth analysis of the epithelial lin-
eage. A total of 26,509 epithelial cells were analysed, and 
unsupervised clustering identified eight distinct subpop-
ulations. On the basis of the literature [32] and canonical 
marker gene expression, these subtypes were annotated 
as follows: inflammatory enterocyte (Inflam.Entero-
cyte; CXCL1, MMP7, CEACAM6, KRT17, AREG), 
transit-amplifying cell (TA; KLF5, ELF3, MUC4), cycling 
transit-amplifying cell (Cycling TA; UBE2C, CCNB1, 
BIRC5, STMN1), enterocyte (KRT20, FABP1, GUCA2A, 
GUCA2B, MUC12), goblet cell (Goblet; MUC2, TFF3, 
ZG16, SPINK4), tuft cell (Tuft; TRPM5, HPGDS), secre-
tory cell (Secretory; REG1A, REG3A, LCN2, CLDN15, 
PDZK1IP1), and progenitor enterocyte (OLFM4). We 
further quantified the proportions of each subtype across 
disease states. In both CRC and liver metastasis (LM) 
samples, the fractions of inflammatory enterocytes, tran-
sit-amplifying cells, and their cycling subsets were mark-
edly increased compared with those in normal tissue, 
whereas mature enterocytes, goblet cells, and tuft cells 
were significantly reduced (Fig. 2A–B, Figure S3, S4A-E). 
These changes suggest that different epithelial subtypes 
have distinct biological functions and malignant poten-
tial during disease progression. To explore functional 
features, we applied GSVA to the MsigDB hallmark gene 
sets and detected enrichment of epithelial-mesenchymal 
transition (EMT), the inflammatory response, and KRAS 
signalling in inflammatory enterocytes, whereas prolif-
erative TA cells were enriched for MYC and mTORC sig-
nalling (Fig. 2E).

To further assess the malignant potential of the 
epithelial subtypes, we inferred copy number varia-
tion (CNV) levels using inferCNV [36]. The results 
revealed significant heterogeneity in CNV levels 
among epithelial subtypes. CNV scores were divided 
into five intervals (median 0, ±1, ±2) and further cat-
egorized as normal, low, medium, or high, follow-
ing previous approaches [37], and visualized using 
UMAP (Fig. 2C–D, Figure S4F-G). High-CNV epi-
thelial cells exhibited significant activation of inter-
feron responses (INTERFERON_ALPHA_RESPONSE, 

INTERFERON_GAMMA_RESPONSE), IL6_JAK_
STAT3 signalling, oxidative phosphorylation, and reac-
tive oxygen species pathways, indicating enhanced 
inflammatory signalling, metabolic reprogramming, and 
oxidative stress in these cells (Fig. 2E). Analysis of group-
specific CNV distributions revealed that the proportion 
of high-CNV epithelial cells was significantly greater in 
LM than in CRC (Fig. 2F–G). Among the subtypes, TA, 
cycling TA, and progenitor enterocyte had the largest 
fractions of high-CNV cells (Fig. 2H).

This high-resolution structure enabled us to compare 
the functional states of cells with similar CNV levels 
across different groups, providing insights into the mech-
anisms of tumour progression. To reveal the molecular 
drivers of CRC progression and liver metastasis, we per-
formed integrated differential gene expression analysis 
among normal epithelial cells (normal CNV), primary 
CRC cells (high CNV), and liver metastasis cells (high 
CNV), identifying 114 intersecting DEGs (Figure S5A). 
Among these, CEBPB—a core transcription factor regu-
lating inflammation and EMT [38]—was specifically 
upregulated in CRC and further activated in LM, provid-
ing an additional extension to previous findings. In con-
trast, ARGLU1, a transcriptional coactivator involved in 
RNA processing and chromatin regulation [39] which 
had been rarely reported in previous studies of cancer, 
was specifically downregulated in LM, reflecting fur-
ther suppression of nuclear gene regulatory networks in 
metastatic cells. The classical EMT marker S100A4 was 
significantly upregulated in both CRC and LM, under-
scoring its central role in promoting migration and inva-
sion. Meanwhile, the mIHC confirmed the expression 
pattern of those genes in the clinical samples (Figure S6). 
Notably, the mitochondria-derived neuroprotective gene 
MTRNR2L8 was markedly suppressed in LM, which may 
reduce the antiapoptotic capacity of metastatic cells and 
affect their survival and adaptation in heterogeneous 
microenvironments (Fig. 2I). Additionally, we conducted 
GSEA for group-specific DEGs. In CRC (high CNV) 
vs. normal (normal CNV) samples, EMT was signifi-
cantly increased, whereas oxidative phosphorylation was 
decreased (Figure S5B-D). In LM vs. normal, the apopto-
sis and EMT pathways were activated, whereas oxidative 

(See figure on previous page.)
Fig. 2  Single-cell transcriptomic analysis of epithelial cell subtypes and CNV states in colorectal cancer and liver metastasis. (A) UMAP visualization of 
epithelial cell subtypes, including inflammatory enterocyte, transit-amplifying cell (TA), Cycling TA, Enterocyte, goblet cell, tuft cell, secretory cell, and 
progenitor enterocyte. The stacked bar plot shows the proportion of each subtype in normal, CRC, and LM groups. (B) Heatmap of canonical marker gene 
expression used for identification of epithelial subtypes. (C) Inferred copy number variation (CNV) profiles of epithelial subtypes using inferCNV, with T 
cells, B cells, and myeloid cells as reference populations. (D) UMAP plots of inferred CNV score and CNV state (Normal, Low, Medium, High) distribution 
across epithelial cells. (E) GSVA heatmaps showing pathway activity across epithelial subtypes and CNV states, based on the MSigDB Hallmark gene sets. 
(F) Pie charts displaying the distribution of CNV states in CRC and LM groups. (G) Density plot of CNV scores in epithelial cells across normal, CRC, and 
LM groups. (H) Stacked boxplots depicting the proportion of CNV states within each epithelial cell subtype. (I) Scatter plot showing shared differentially 
expressed genes (DEGs) among the three group comparisons: CRC High CNV vs. Normal normal CNV, LM high CNV vs. Normal normal CNV, and lm high 
CNV vs. CRC high CNV. The x-axis represents CRC vs. Normal, the y-axis represents LM vs. Normal, and color/size indicate LM vs. CRC. Representative GSEA 
plots display pathway enrichment among DEGs
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phosphorylation and fatty acid metabolism were sup-
pressed (Figure S5E-F). In LM vs. CRC, allograft rejec-
tion was activated, and oxidative phosphorylation was 
downregulated (Figure S5G-I).

Distinct epithelial coexpression modules drive metastatic 
adaptation
To dissect the molecular changes in epithelial cells dur-
ing CRC progression and metastasis, we performed 
high-dimensional weighted gene coexpression network 
analysis (hdWGCNA) [40] on all epithelial cells, identify-
ing 12 coexpression modules and constructing cell type-
specific gene interaction networks for each (Fig. 3A–B, 
Figure S7A-B). Modules M1 and M4 were specifically 
activated in normal epithelial cells. M1 was enriched for 
cytoskeletal vesicle transport, immune regulation, and 
apoptosis, with key hub genes such as KLF5 and CSKMT. 
M4 was associated with copper and zinc ion homeosta-
sis, with the core genes GUCA2B, CA4, and OTOP2, 
suggesting a role in maintaining epithelial ion balance 
and barrier function [41, 42]. Notably, M1 and M4 were 
strongly correlated, indicating potential synergistic regu-
lation of epithelial homeostasis (Fig. 3C–E).

The module scores map onto the UMAP distribution 
of epithelial subtypes, and multiple node genes within 
each module point to the physiological or pathological 
functions of these subtypes (Figure S7C). For M3—Gob-
let, TFF3 and SPINK4 are classic goblet cell–associated 
secreted molecules: TFF3 contributes to mucus-layer 
repair and epithelial restitution [43, 44]; SPINK4 is a ser-
ine protease inhibitor–like secreted factor that reflects 
goblet cell secretory activity and is implicated in intesti-
nal barrier function and inflammation regulation [45]. In 
addition, REG4 is frequently overexpressed in colorectal 
cancer and is associated with epithelial regeneration and 
pro-growth signaling, suggesting a regenerative program 
and tumor-promoting role of the goblet/secretory lin-
eage. For M4—Enterocyte, GUCA2A/GUCA2B indicate 
the ion and fluid homeostasis axis of mature absorptive 
epithelium [46]; OTOP2 is involved in ion transport, 
reflecting distal colonic absorption/secretion features 
and potentially linking to changes in the metabolic 
microenvironment in tumors [47]. For M6—Cycling 
TA, CCNB1 and UBE2C are key drivers of the G2/M 
phase and mitotic progression, indicating robust prolif-
erative activity; BIRC5 (Survivin) is an anti-apoptotic and 
mitotic regulator associated with stemness, invasiveness, 

and poor prognosis in CRC, together delineating a highly 
proliferative, apoptosis-resistant pathological profile of 
transit-amplifying cells [48, 49].

In contrast, modules M9, M10, and M11 were specifi-
cally activated in liver metastasis (LM) epithelial cells. 
Functional annotation revealed that the M9 module 
regulated Wnt signalling and EMT, likely promoting 
tumour cell migration and invasion. M10 was enriched 
for protein synthesis and ribosome function, centred on 
ribosomal subunits such as RPS18 and RPL7, reflect-
ing enhanced translational capacity in metastatic cells. 
M11 was linked to the cell cycle and RNA polymerase 
II-driven transcription, with hub genes including FOS, 
JUN, IER2, and JUNB, indicating increased proliferative 
and transcriptional reprogramming capacity in LM cells. 
Together, these results suggest that LM epithelial cells 
transition from homeostatic to malignant adaptation via 
activation of Wnt/EMT, protein synthesis, and cell cycle 
coexpression networks, conferring greater invasiveness 
and adaptability (Fig. 3E, Figure S7C).

Importantly, most core genes in the M9, M10, and M11 
modules were closely associated with CNV levels and 
were upregulated in more malignant cells. For example, 
JUN, a classical AP-1 transcription factor, drives cell 
cycle progression and EMT, promoting tumour migra-
tion and drug resistance; ASCL2, a downstream Wnt tar-
get, is essential for CRC stemness and regeneration, and 
its upregulation may enhance self-renewal and adaptabil-
ity in metastatic cells; and NKD1, a negative regulator of 
Wnt signalling, may reflect complex Wnt pathway regula-
tion in tumour cells [50–52]. The high expression of these 
genes, which is correlated with increased CNV, highlights 
the molecular basis for functional diversity and adapta-
tion in tumour progression and metastasis through coex-
pression network remodelling (Fig. 3F).

Transcription factor network remodelling drives CRC 
progression and metastatic adaptation
To systematically dissect the key regulatory mechanisms 
of epithelial subpopulations across CRC disease stages 
and metastasis, we used pySCENIC to infer transcrip-
tion factor (TF) regulatory networks from single-cell 
transcriptomic data, revealing subtype-specific changes 
in TF activity (Fig. 4A, Figure S8A). Dimensionality 
reduction of TF activity profiles revealed clear stratifica-
tion among epithelial subtypes at the regulon level (Fig. 
4B). Heatmaps of the top 50 TFs (Fig. 4C) revealed that 

(See figure on previous page.)
Fig. 3  Gene co-expression network analysis of epithelial cells using hdWGCNA. (A) Dendrogram of gene modules identified by hdWGCNA, with distinct 
modules indicated by unique colors. (B) UMAP visualization of module eigengene scores (M1–M12), showing the spatial distribution of each co-expres-
sion module across epithelial cells. (C) Pairwise correlation matrix of module eigengenes, illustrating relationships between different gene modules. (D) 
Dot plot showing average expression and percent of cells expressing each module eigengene in Normal, CRC, and LM groups. (E) Network representation 
of representative modules, highlighting hub genes and enriched Gene Ontology (GO) terms for selected modules (M1, M2, M4, M6, M10, M11, M12). (f) 
boxplots showing the expression of representative genes across different CNV states (Normal, Low, Medium, High). Statistical significance was assessed 
by anova
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CEBPB was highly activated in inflammatory and absorp-
tive enterocytes, which is consistent with its known roles 
in inflammation, tumour microenvironment remodel-
ling, and EMT—key processes in CRC metastasis and 
immune escape [38, 53]. The E2F family (E2F1, E2F7, and 
E2F8) is specifically activated in proliferative subpopula-
tions, whereas JUN, JUNB, and JUND (AP-1 family) are 
enriched in inflammatory enterocytes, corresponding to 
EMT, migration, and drug resistance phenotypes [50, 54, 
55]. MYBL2 and NFYB are activated in cycling TA cells 
and are associated with the cell cycle and poor prognosis 
(Fig. 4D) [56–58].

We further compared TF network activation across 
disease groups and CNV states (Fig. 4E–F, Figure S8B-
D), finding distinct TF activation patterns related to 
both disease stage and genomic instability. Shared mod-
ules such as E2F1, CEBPB, and FOSL1 are activated in 
both primary and metastatic cancer, driving prolifera-
tion, inflammation, and transcriptional reprogramming 
[59–61]. FOSL1, in particular, is known to regulate EMT 
and invasiveness [62], and its expression was validated by 
mIHC (Figure S6). Primary CRC also showed activation 
of angiogenesis- and migration-related TFs such as ERG, 
ETS1, ERF, and ETV2, whereas metastases displayed spe-
cific activation of FOS, CREM, FOXL1, FLI1, and ATF3, 
the latter promoting tumour survival and drug resistance 
[63–65]. High-CNV epithelial cells presented broader 
and more specific TF activation, especially for the E2F 
family (e.g., E2F2 and E2F7), suggesting that genomic 
instability drives sustained proliferation. FOXO3 was also 
highly activated in high-CNV cells. While cells with nor-
mal or low CNV maintained relatively stable TF activa-
tion, medium and high CNV states were characterized by 
proliferative and stress-adaptive TFs.

Linear modelling revealed that the expression of TFs, 
including E2F2, TRPS1, MEIS2, NFE2, and the FOXO 
family (increasing) and HMGA1, HMGA2, CREB2, and 
TFAP2A (decreasing) (Fig. 4G), tended to increase with 
increasing CNV, suggesting that high-CNV tumour 
cells adapt to adverse microenvironments by driving the 
cell cycle and stress response programs. In the disease 
groups, IKZF1 and NR3C1 were specifically activated in 
liver metastases (LM), indicating roles in distant metas-
tasis and microenvironmental adaptation (Fig. 4H, Figure 
S8E-H) [66, 67]. Overall, our results provide a compre-
hensive map of TF regulatory networks in CRC epithelial 

cells across disease stages, metastatic states, and genomic 
instability, revealing how dynamic TF activity reprogram-
ming underlies tumour progression and adaptation.

Trajectory differentiation and state-specific molecular 
features of epithelial subtypes during CRC progression
To systematically characterize the dynamic changes in 
epithelial subtypes during disease progression, we per-
formed pseudotime analysis of eight epithelial subtypes 
using Monocle. This approach reconstructed the devel-
opmental and state transition trajectories of epithelial 
cells and identified five major cell states (Fig. 5A–B). 
Analysis of the distribution of each subtype across states 
revealed notable differences: for example, epithelial cells 
from the normal group were almost exclusively found 
in State 3, whereas those from the liver metastasis (LM) 
group were predominantly in States 2 and 4. Importantly, 
high-CNV epithelial cells were significantly enriched in 
States 3 and 4, suggesting that genomic instability pro-
foundly shapes epithelial cell states (Fig. 5C–E).

To uncover the molecular mechanisms underlying state 
transitions, we used BEAM analysis to examine gene 
expression changes at key branch points. At Node 1, Cell 
fate 1 (towards State 4) was associated with the upregula-
tion of stress- and malignancy-associated genes, includ-
ing the stress-response TFs ATF3 and ANGPTL4, which 
are involved in angiogenesis and metastasis, indicating 
that their activation may promote tumour cell invasive-
ness and adaptability (Fig. 5F–G). At Node 2, Cell fate 1 
(towards State 3) was characterized by sustained upreg-
ulation of RACK1, a key signalling scaffold known to 
promote cancer cell migration and invasion and associ-
ated with poor prognosis in CRC, underscoring its role 
in tumour progression. Additionally, GUCA2A and 
SPINK4—markers of secretory and barrier-protective 
epithelial lineages—were also upregulated along this 
branch, reflecting the involvement of secretory and pro-
genitor enterocyte lineages in microenvironment regu-
lation and epithelial homeostasis (Fig. 5F–H, 5K, Table 
S5-S6).

To validate the robustness of these pseudotime infer-
ences, we independently reconstructed cell trajectories 
using the pyVIA algorithm. The results revealed that 
secretory and progenitor enterocyte subpopulations 
were located mainly at the trajectory endpoints, whereas 
enterocytes were concentrated at the origin (Fig. 5I–J).

(See figure on previous page.)
Fig. 4  Transcription factor regulatory network analysis of epithelial cells using pySCENIC. (A) Binary regulon activity matrix showing the active status of 
transcription factor regulons across epithelial cell subtypes. (B) UMAP visualization of single-cell regulon activity, colored by epithelial cell subtype. (C) 
Heatmap displaying scaled activity of the top 50 regulons across cell subtypes. (D) Heatmap of the top 20 differentially active transcription factors (TFs) 
for each epithelial cell subtype, based on mean AUC scores. (E) Heatmaps of regulon activity across disease groups (Normal, CRC, LM; upper panel) and 
CNV states (Normal, Low, Medium, High; lower panel). (F) UMAP plots showing regulon activity colored by disease group (left) and CNV state (right). (G) 
Scatter plot showing correlation between regulon activity and CNV score, with significantly correlated TFs highlighted. (H–J) Scatter plots comparing 
mean regulon (tf ) activity (AUC) between CRC and Normal (H), LM and Normal (I), and LM and CRC (J) groups; Color scale indicates the magnitude of 
activity differences
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Immune subset reprogramming underlies tumour 
progression and metastatic adaptation
Given the marked perturbation of immune responses and 
the microenvironment observed in tumour samples, we 
systematically analysed lymphoid and myeloid cell popu-
lations. Unsupervised clustering divided lymphoid cells 
into eight subpopulations, which were annotated on the 
basis of specific marker gene expression [32] (Fig. 6A–B, 
Figure S9A-C). Notably, effector memory CD8+ T cells 
and Tregs were significantly expanded in both CRC and 
LM samples, indicating the activation of both effector 
and immunosuppressive mechanisms during tumour 
progression and metastasis (Fig. 6C–D).

In terms of transcriptomic disturbance, Tregs pre-
sented the greatest changes in CRC vs. normal, Tph cells 
in LM vs. normal, and Tn/Tcm cells in LM vs. CRC (Fig. 
6E). GSEA revealed that in CRC vs. normal tissues, Tregs 
exhibited activation of the IL6_JAK_STAT3_SIGNAL-
ING pathway, which enhances Treg immunosuppressive 
function and promotes tumour immune evasion [68]. In 
LM vs. normal, Tph cells presented significant enrich-
ment of interferon responses (IFN-γ and IFN-α signal-
ling), suggesting roles in antiviral and inflammatory 
regulation within the metastatic liver environment [69]. 
In LM vs. CRC, the complement pathway was strongly 
activated in Tn/Tcm cells, indicating the involvement of 
the complement system in remodelling the metastatic 
niche (Fig. 6F–G). Together, these results highlight that 
Tregs are both expanded and transcriptionally remodeled 
in CRC and LM, suggesting a key role in tumour devel-
opment, whereas Tph cells are consistently altered during 
liver metastasis, indicating that they are critical for meta-
static adaptation (Fig. 6E, Figure S9D-F).

Further analysis revealed that LGALS1 was upregulated 
in Tregs from both CRC and LM, with further elevation 
in LM; this gene is known to promote Treg tolerance 
and suppress effector T-cell function [70, 71]. Addition-
ally, MHC II molecules (e.g., HLA-DRA and HLA-DRB1) 
were further activated in Tregs from LM, suggesting 
enhanced antigen presentation capacity and a greater 
contribution to tumour immune escape [72, 73] (Figure 
S9G). In Tph cells, the upregulation of MHC-I (B2M) 
and MHC-II genes (HLA-DRA, HLA-DRB1), as well as 
DUSP4 and TNFRSF18, indicated increased immune 
activity (Figure S8H-I).

For myeloid cells, we identified six subpopulations 
(TAMs, monocytes, cDC2s, macrophages, mature DCs, 

and cDC1s). Monocytes were significantly expanded 
in both CRC and LM, whereas cDC1s and cDC2s were 
reduced (Fig. 6I–J, Figure S9J). Pathway analysis revealed 
that macrophages and mature DCs displayed specific 
pathway activation in CRC and LM, participating in 
microenvironment remodelling via the regulation of 
inflammation, antigen presentation, and immunosup-
pression (Fig. 6K).

Inflammatory enterocytes and tams orchestrate key 
signalling hubs
On the basis of the identified epithelial and immune 
cell subsets in CRC, we systematically analysed cell-cell 
communication networks across different disease stages 
using CellChat. The results revealed that the number of 
cell–cell interactions was significantly greater in CRC 
and LM tissues than in normal tissues, with CRC exhib-
iting the highest levels (Fig. 7A). Directionality analysis 
revealed that in CRC, inflammatory enterocytes (Inflam.
Enterocyte), tumour-associated macrophages (TAMs), 
and Th17 cells were the main signal receivers, whereas 
Inflam.Enterocyte and Th17 cells were also major signal 
senders. In contrast, in LM, effector memory T (Tem) 
cells were the main signal receivers, and TAMs were the 
most active signal senders (Fig. 7B), indicating a notable 
shift in immune regulation within liver metastases, where 
TAMs may promote immune adaptation by modulating 
Tem function [74].

Analysis of key signalling sources revealed that in 
CRC, Inflam.Enterocyte predominantly transmitted MIF, 
VEGF, CCL, and PDGF signalling axes. MIF and CCL 
are involved in immune cell recruitment and inflamma-
tion, whereas VEGF and PDGF directly participate in 
angiogenesis and tissue remodelling [75–77]. The active 
engagement of these pathways suggests that inflam-
matory epithelial cells may drive both immune evasion 
and tumour angiogenesis in a coordinated manner (Fig. 
7C). In LM, TAMs communicate with surrounding cells 
mainly via SPP1 (osteopontin), GALECTIN, and BAFF 
signalling, indicating a role for TAMs in promoting 
microenvironmental adaptation and immune suppres-
sion through immune modulation, cell adhesion, and 
B-cell survival [78–81]. With respect to signal recep-
tion, Inflam.Enterocyte in CRC notably received IGFBP 
(insulin-like growth factor-binding protein) and PAR 
(protease-activated receptor) signals, which may increase 
epithelial cell survival and regeneration [82, 83]; in LM, 

(See figure on previous page.)
Fig. 5  Trajectory and pseudotime analysis of epithelial cell differentiation using Monocle and pyVIA. (A) Monocle trajectory plot of epithelial cells colored 
by subtype (left) and cell state (right), illustrating the inferred differentiation trajectory and pseudotime progression. (B) Monocle trajectory plots for Nor-
mal, CRC, and LM groups, colored by cell subtype. (C–E) Stacked bar plots showing the distribution of (C) cell subtypes, (D) disease groups, and (E) CNV 
states across pseudotime-defined states. (F–G) Heatmaps of representative gene expression along pseudotime. (H) Monocle trajectory plots highlighting 
the distribution of Secretory and Progenitor enterocyte subtypes. (I) umap plots of epithelial cells colored by cell subtype (left) and pyVIA-derived pseu-
dotime (right). (I) pyVIA trajectory graph showing cluster composition and pseudotime progression. (K) Expression dynamics of selected marker genes 
(RACK1, GUCA2A, SPINK4, MT1G, ZG16, PYY) along pseudotime and different trajectory branches
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Tem cells mainly received SPP1 and GALECTIN signals, 
suggesting that their functional state is profoundly influ-
enced by TAM-derived signals, potentially affecting their 
antitumour activity or exhaustion status (Fig. 7D).

CRC ligand-receptor pair analysis revealed that Inflam. 
Enterocyte communicated with other cells via the MDK 
pathway axis and uniquely activated interactions such 
as LGALS9–P4HB/CD44, distinguishing them from TA 
and Th17 cells. LGALS9 is known to induce T-cell apop-
tosis and immune tolerance, potentially contributing to 
immune suppression in the TME [84]. On the receiving 
end, Th17 cells specifically received MIF-related signals. 
Previous studies have shown that MIF regulates Th17 cell 
differentiation and function, and our findings support 
a key role for MIF-driven Th17 responses in the CRC 
immune microenvironment [85, 86]. We observed signif-
icant enhancement of MIF and VEGF signalling in CRC. 
MIF is involved in inflammatory responses, immune cell 
recruitment, and tumour immune escape, whereas VEGF 
is a central driver of tumour angiogenesis [75, 77]. Our 
data indicate that Inflam.Enterocyte and TA cells are the 
main sources of MIF signalling, primarily via the MIF-
(CD74+CXCR4) and MIF-(CD74+CD44) receptor pairs. 
For VEGF signaling, Inflam.Enterocytes and monocytes 
were the main senders, with endothelial cells as the prin-
cipal receivers, predominantly via the VEGFA–FLT1 
(VEGFR1) and VEGFA–KDR (VEGFR2) interactions 
(Fig. 7E–H).

Beyond CRC, we examined ligand–receptor pairs 
between intestinal epithelial subtypes and key immune 
communicators in Normal (B cells, Tn/Tcm) and LM 
(Tem, TAM, and CTL) samples (Figure S10). In Normal 
tissues, epithelial subtypes acted as signal senders pre-
dominantly via the MIF and LGALS9 pathways, with 
Cycling TA, Inflam.Enterocyte, and Progenitor entero-
cyte being the main sources. MIF signals likely oper-
ate through the CD74–CXCR4 or CD74–CD44 axes 
to regulate recruitment and survival of lamina propria 
immune cells; LGALS9, via P4HB/CD44, lowers T-cell 
activation thresholds, thereby preventing excessive 
inflammation and supporting barrier function. In LM, 
MIF and LGALS9 remained the dominant outgoing sig-
nals from epithelial cells but were more frequent and of 
higher intensity, indicating a shift of epithelial programs 

toward immune modulation within the hepatic meta-
static niche: enhanced MIF signalling promotes inflam-
matory cascades and immune-cell reprogramming, while 
the LGALS9 axis drives T-cell suppression/exhaustion, 
forming a positive feedback loop with TAM enrichment. 
Epithelial subtypes primarily received PPIA–BSG signals, 
with PPIA expressed on the epithelial side responding to 
BSG on immune cells. This pathway likely mediates epi-
thelial–matrix remodelling and increased motility via 
CD147 (BSG)-dependent activation of MAPK/ERK and 
MMPs [87, 88]. The same mechanism is present—and 
more pronounced—in LM, suggesting cooperation with 
the amplified MIF/LGALS9 axes to drive tissue remodel-
ling and metastasis-related plasticity.

Tumour-associated epithelial gradients and spatial 
signalling networks
To further validate the spatial distribution and interac-
tions of key epithelial subpopulations identified at the 
single-cell level, we analysed spatial transcriptomic data 
from three CRC patients in the GEO database [30, 89]. 
Using previously constructed single-cell annotations, we 
applied the RCTD algorithm to deconvolute the spatial 
transcriptomic data and infer the cell type composition 
at each spot. The results revealed that TAs (transit-ampli-
fying cells) and Inflam.Enterocyte (inflammatory entero-
cytes) were the predominant epithelial subtypes within 
tumour regions, highlighting their close association with 
tumourigenesis and microenvironmental remodelling 
(Fig. 8A–G, Figure S11A-B).

We then used the SPATA platform to perform spatial 
gradient gene expression analysis from tumour-enriched 
areas to distant normal regions. With increasing dis-
tance from the tumour, the expression of the chemo-
kines CXCL2 and CXCL3 and the tight junction protein 
CLDN1 gradually decreased, whereas the levels of the 
secreted proteins SFRP2 and SFRP4 increased. CXCL2 
and CXCL3 are classic inflammation-related chemo-
kines that recruit neutrophils and other immune cells, 
and CLDN1 is involved in epithelial barrier alterations; 
their high expression in tumour zones indicates a highly 
inflammatory and structurally remodelled microenvi-
ronment [90, 91]. SFRP2 and SFRP4, antagonists of Wnt 
signalling, are upregulated in distant normal regions, 

(See figure on previous page.)
Fig. 6  Subclustering and functional analysis of T cell and myeloid cell populations in colorectal cancer and liver metastasis. (A) UMAP visualization of 
104,664 T cells, revealing eight subclusters: Tn/Tcm, effector memory CD8+ T cells, cytotoxic CD8+ T cells (ctl), tregs, Th17, proliferating T cells, Tph cells, 
and isg T cells. (B) Heatmap of canonical marker gene expression for identification of T cell subtypes. (C) UMAP plots showing the density distribution of 
T cells in Normal, CRC, and LM groups. (D) Bar plot displaying the proportions of T cell subtypes across different disease groups. (E) Dot plots showing the 
Augur AUC scores for the most differentially enriched T cell subtypes across pairwise group comparisons (crc vs. Normal, lm vs. Normal, LM vs. CRC). (F) Bar 
plots of the top 10 GSEA hallmark pathways enriched in Tregs (CRC vs. Normal), Tph cells (lm vs. Normal), and Tn/Tcm cells (LM vs. CRC). (G) Representative 
GSEA enrichment plots for selected Hallmark pathways. (H) Scatter plot showing differentially expressed genes in T cells between crc vs. Normal and lm vs. 
Normal groups, with color indicating log2 Fold change between LM and CRC. (I) UMAP visualization of 20,019 myeloid cells, identifying six clusters: tam, 
Monocyte, cDC2, Macrophage, mature DC, and cDC1. (J) Stacked bar plot showing the proportion of each myeloid cell subtype across Normal, CRC, and 
LM groups. (K) Heatmap of GSVA pathway activity scores for myeloid cell subtypes, highlighting functional differences among groups
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suggesting that normal epithelial cells may restrict aber-
rant proliferation through Wnt inhibition [92, 93].

To nominate genes with both malignant relevance 
and spatial informativeness, we intersected genes that 
increase monotonically from Normal to CRC to LM 
(Fig. 2I) with the top spatial gradient genes identified 
by SPATA, focusing on those expressed within epithe-
lial compartments. For example, ASCL2 and TM4SF1 
were more highly expressed near tumours and decreased 
with distance. ASCL2 is a key transcription factor for 
intestinal stem and transit-amplifying cells, indicat-
ing enhanced stemness and regenerative capacity near 
tumours, whereas TM4SF1 is associated with epithe-
lial migration and invasion, supporting an active migra-
tory state within tumour regions [94, 95] (Fig. 8H, Figure 
S11D-E).

Cell-cell communication analysis of the spatial tran-
scriptomic data revealed that TA and goblet cells were 
central hubs in the tumour tissue network (Fig. 8I, Figure 
S11C). Pathway analysis revealed spatial enrichment of 
TGFβ, WNT, CXCL, and EGF signalling, indicating that 
these pathways play pivotal roles in regulating intercel-
lular interactions, tumour growth, and immune modula-
tion (Fig. 8J–M, Figure S11F-L). Collectively, these results 
demonstrate that specific tumour-associated epithelial 
subtypes orchestrate spatial signalling networks, driving 
microenvironmental inflammation, cellular remodel-
ling, and tissue homeostasis changes, thus providing new 
molecular insights into spatial heterogeneity and poten-
tial therapeutic targets in CRC.

SCAND1 as a novel biomarker for diagnosis and prognosis 
in colorectal cancer
Using SPATA, we identified genes exhibiting gradient 
expression patterns across the tumor parenchymal region 
(Fig. 8H). We then intersected this gene list with genes 
previously found to be upregulated in high-CNV epithe-
lial cells from both CRC and LM groups in our scRNA-
seq analysis (Fig. 2I). This analysis highlighted SCAND1, 
which not only displays a distinct spatial gradient but also 
shows progressively increased expression in high-CNV 
cells from CRC to LM. Moreover, SCAND1 serves as a 

hub gene in the LM-specific coexpression module M9
（Figure 3E）. Based on these findings, we further inves-
tigated the functional role of SCAND1. We first con-
firmed elevated SCAND1 expression in both paired and 
unpaired tumor tissues within the TCGA database (Fig. 
9A). Consistent results were further validated by Western 
blotting (n = 24) (Fig. 9B), RT-qPCR (n = 40) (Fig. 9C), and 
immunohistochemistry (n = 6) (Fig. 9D).

Logistic regression analysis revealed that elevated 
SCAND1 expression was significantly associated with 
advanced T stage (p = 0.045) (Fig. 9E). TCGA and our 
validation cohorts confirmed higher SCAND1 levels in 
patients with lower T stages (Figs. 9F–9G).

Subsequently, receiver operating characteristic (ROC) 
curve analysis demonstrated that SCAND1 exhibited 
robust diagnostic performance in the TCGA colorectal 
cancer dataset (Fig. 9H), as well as in the separate colon 
and rectal cancer cohorts (Fig. 9I–J). These findings were 
further corroborated across multiple GSE datasets (Fig. 
9K). Survival analysis confirmed that higher SCAND1 
expression was associated with poorer prognosis (Fig. 
9L–N), which was validated in the patient cohort from 
Yangpu District Central Hospital (Fig. 9O). To better 
assess the prognostic value of SCAND1, stratified analy-
ses were performed across various clinical subgroups. 
The results revealed that patients with high SCAND1 
expression had significantly poorer prognosis in the 
female, T3&T4, M0, age > 65, Stage II&III&IV, as well as 
N0&N1 subgroups (Figs. 9P–9>U, Figure S12).

SCAND1 enhances malignant behaviors of CRC cells and 
confers resistance to T cell-mediated cytotoxicity
SCAND1 protein expression was first examined in the 
normal colonic epithelial cell line NCM460 and four CRC 
cell lines (HCT116, SW620, RKO, and LOVO). Com-
pared with NCM460, all four cancer cell lines exhibited 
increased expression, with the lowest level observed in 
HCT116 and the highest in SW620 (Fig. 10A). In order 
to explore the functions of SCAND1 in CRC, it was 
knocked down by siRNA in SW620 and overexpressed 
in HCT116, and the efficiency was verified by western 
blotting and RT-qPCR (Fig. 10B-C). EDU results showed 

(See figure on previous page.)
Fig. 7  Cell-cell communication analysis across normal, CRC, and liver metastasis samples using CellChat. (A) Bar plots showing the total number of in-
ferred intercellular interaction numbers (top) and overall interaction strength (bottom) among cell populations in Normal, CRC, and lm groups. (B) Scatter 
plots of outgoing versus incoming interaction strength for each cell type in Normal, CRC, and LM, with point size indicating the number of inferred inter-
actions. (C) Heatmaps displaying outgoing signaling patterns, highlighting the relative contribution of each signaling pathway from sender to receiver 
cell types in Normal, CRC, and LM. (D) Heatmaps showing incoming signaling patterns, illustrating the relative strength of incoming signals for each cell 
type across the three groups. (E, F) Dot plots showing the probabilities of specific ligand–receptor pairs mediating communications between epithelial 
and immune subtypes, with panels (E) and (F) displaying sender–receiver roles swapped. (G, H) Signaling pathway network analysis for MIF (G) and VEGF 
(H) pathways, showing sender, receiver, mediator, and influencer roles of each cell type, as well as the relative contribution of key ligand-receptor pairs. 
“Sender” denotes cell groups that produce and emit the pathway ligands, while “Receiver” are those expressing cognate receptors and responding to 
these signals. “Mediator” cells provide intermediate components that facilitate or modulate transmission between senders and receivers. “Influencer” cells 
express regulatory molecules that globally enhance or dampen the pathway’s communication strength across the network; VEGFR1R2” denotes a recep-
tor complex comprising FLT1 (VEGFR1) and KDR (VEGFR2)
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that SW620 had a decreased proliferation, while HCT116 
had an increased viability (Fig. 10D). Furthermore, we 
detected the effect of SCAND1 on CRC apoptosis, and 
our study indicated that overexpression of SCAND1 
significantly reduced the apoptosis rate of CRC cells, 
while knockdown of SCAND1 significantly increased 
the apoptosis rate of CRC cells (Fig. 10E). The wound 
healing assay showed a marked decrease in cell migra-
tion following SCAND1 knockdown (Fig. 10F) and an 
increase after its overexpression. Consistent with the 
results, transwell assays verified that SCAND1 knock-
down inhibited SW620 invasion and migration, and 
its overexpression in HCT116 had the opposite trend 
(Fig. 10 G). In addition, we examined the expression of 
key epithelial–mesenchymal transition (EMT) mark-
ers, including ZEB2, E-cadherin, N-cadherin, vimentin, 
α-SMA, and Twist1. We found that SCAND1 overex-
pression reduced E-cadherin levels while increasing the 
expression of ZEB2, N-cadherin, vimentin, α-SMA, and 
Twist1. Conversely, SCAND1 knockdown produced the 
opposite effects. Furthermore, to investigate the changes 
in immune cells within the tumor microenvironment, 
we performed co-culture experiments of HCT116 cells 
overexpressing SCAND1 with Jurkat T cells, and sub-
sequently assessed the proliferation and apoptosis of 
HCT116 cells. The results demonstrated that compared 
with the control group, Jurkat T cells significantly sup-
pressed CRC cell proliferation and promoted apoptosis. 
However, SCAND1 overexpression markedly attenuated 
these inhibitory and pro-apoptotic effects of T cells on 
CRC cells (Fig. 10I-J).

Discussion
CRC liver metastasis is a complex, multifactorial pro-
cess. In this study, we leveraged large-scale integration 
of public datasets to revisit the biological characteris-
tics of CRC, constructing a comprehensive, multidi-
mensional single-cell and spatial transcriptomic atlas of 
colorectal cancer (CRC) and liver metastases (LM). Our 
dataset integrates over 200,000 high-quality cells from 
normal tissue, primary tumours, and metastatic lesions. 
Our findings reveal profound transcriptional reprogram-
ming and cellular heterogeneity across disease stages, 
highlighting diverse epithelial and immune remodelling 
events that regulate tumour progression and metastatic 
adaptation.

A key observation is the dynamic remodelling of epi-
thelial subpopulations. We found significant expansion 
of inflammatory enterocytes and proliferative transit-
amplifying cells in CRC and LM, with concomitant loss 
of mature absorptive and secretory epithelial subtypes. 
These transitions reflect increased lineage plasticity and 
the acquisition of malignant traits. Notably, high-CNV 
epithelial cells exhibited increased activation of the EMT, 
oxidative phosphorylation, and interferon response path-
ways, suggesting a link between genomic instability and 
inflammatory remodelling in the metastatic microen-
vironment [96]. Importantly, CEBPB has emerged as a 
central transcriptional regulator of the inflammatory 
epithelial program, with progressive upregulation from 
CRC to liver metastasis. Multiple studies have con-
firmed its oncogenic roles in CRC, including promoting 
EMT via the TRIM2/p53 axis [38], enhancing chemo-
resistance through the CCL20/FOXO1/CEBPB/NF-κB 
pathway [53], and driving STAT3-mediated tumour pro-
gression by upregulating SERPINA1 [97], underscoring 
its multifaceted effects on CRC malignancy and meta-
static potential. Conversely, the nuclear coactivator and 
RNA processing factor ARGLU1 was downregulated 
in metastatic epithelial cells. Although rarely studied in 
CRC, ARGLU1 loss has been associated with chromatin 
dysregulation and therapy resistance in head and neck 
squamous cell carcinoma and breast cancer [98–100], 
suggesting its involvement in transcriptional instability 
during metastasis. Similarly, the mitochondrial-derived 
peptide MTNR2L8—known for its antiapoptotic func-
tion—was suppressed in liver metastases, potentially 
reflecting impaired mitochondrial stress responses 
and increased epithelial vulnerability in the metastatic 
microenvironment. Consistently, multiplex immuno-
fluorescence (mIHC) validated the spatial and disease-
stage-specific expression patterns of CEBPB, ARGLU1, 
S100A4, and FOSL1 across normal epithelium, CRC, and 
LM, providing orthogonal support for the inferred TF 
and effector dynamics.

Through high-dimensional gene coexpression net-
work analysis, we mapped epithelial modules associ-
ated with either homeostatic maintenance or metastatic 
adaptation. Modules enriched in normal tissue featured 
ion transport and vesicle trafficking, whereas LM-spe-
cific modules promoted Wnt signalling, ribosome bio-
genesis, and cell cycle progression. These shifts were 

(See figure on previous page.)
Fig. 8  Spatial transcriptomic analysis, spatial trajectory inference, and cell-cell communication in colorectal tumor tissue. (A) Spatial maps showing the 
distribution of Seurat clusters in Visium slides. (B) UMAP visualization of spot-level clusters identified by spatial transcriptomics. (C) Spatial mapping of 
major cell types as determined by RCTD deconvolution. (D, F) Annotation of spatial tissue regions, including fibroblast, lamina propria, normal epithe-
lium, and tumor, across two spatial transcriptomic samples. (E, G) Spatial weights for inflammatory enterocyte, goblet, and transit amplifying (TA) cells 
as estimated by RCTD Spatial trajectory analysis in two samples, highlighting spatial gradients of cell-type enrichment. (H) Spatial expression patterns of 
representative genes, with arrows indicating directional signaling regions. (I) Heatmaps depicting the number (left) and strength (right) of inferred cell-
cell interactions among major cell types, based on spatially resolved communication analysis. (J–M) Spatial signaling pathway networks for TGFB (J), WNT 
(K), CXCL (l), and EGF (M), illustrating the directionality and strength of cell-cell signaling within the tissue context
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accompanied by TF network remodelling, with acti-
vation of E2F, FOSL1, and AP-1 family members in 
high-CNV and metastatic cells, supporting a model of 
transcriptional plasticity underlying immune evasion 
and invasion. Trajectory and pseudotime analyses further 
revealed branched differentiation paths of epithelial cells, 
with distinct molecular features driving specific fates. 
Stress-responsive TFs (e.g., ATF3) and prometastatic 
factors (such as ANGPTL4 and RACK1) were enriched 
along metastatic trajectories, indicating early initiation of 
invasive programs. Spatial transcriptomics confirmed the 
localization of high-risk epithelial subpopulations (e.g., 
inflammatory enterocytes and TA cells) within tumour 
cores, which participate in intense signalling interactions 
via the MIF, VEGF, and TGFβ axes, thereby reshaping the 
immune microenvironment.

Importantly, to validate our bioinformatic findings, 
we selected SCAND1—a gene identified as a key player 
in our integrated analysis—for further functional inves-
tigation. We confirmed elevated expression of SCAND1 
in tumour tissues at both the mRNA and protein levels, 
and demonstrated its robust diagnostic potential across 
multiple independent datasets, with SCAND1 expres-
sion significantly correlated with poor prognosis. Nota-
bly, SCAND1 was differentially expressed across tumour 
stages and also exhibited differences in survival predic-
tions between different subgroups, suggesting a dynamic 
role during CRC progression, which needs to be further 
validated in a larger cohort. Functional assays revealed 
that SCAND1 promotes colorectal cancer cell prolif-
eration, inhibits apoptosis, and enhances migration and 
invasion. Mechanistically, SCAND1 upregulation was 
associated with increased epithelial-mesenchymal transi-
tion (EMT), further supporting its pro-metastatic func-
tion. Extending these observations to tumour–immune 
interactions, co-culture of SCAND1-overexpressing 
tumour cells with T cells demonstrated that SCAND1 
overexpression attenuates T cell–mediated cytotoxicity, 
indicating a potential immune-evasive mechanism linked 
to SCAND1 activity. These results not only validate the 
predictions from our multi-omics analysis, but also high-
light SCAND1 as a potential biomarker and therapeutic 
target in CRC metastasis.

A recent study profiling the “normal–inflammatory 
polyp–adenoma–carcinoma” continuum reported key 

features of colorectal tumorigenesis, including cellular 
heterogeneity, the utility of ligand–receptor axes, marked 
Treg expansion during progression, stage-dependent 
elevation of heat-shock programs in immune cells, and 
prominent EGF/EGFR-mediated epithelial–stromal 
crosstalk [101]. In contrast, our work emphasizes the 
extended “primary–liver metastasis” dimension, with 
a larger dataset and complementary spatial transcrip-
tomics. We resolve CNV-driven epithelial state stratifica-
tion and TF-network rewiring (e.g., CEBPB, E2F, AP‑1) 
linked to metastatic plasticity, define LM-specific coex-
pression modules (Wnt, ribosome biogenesis, cell cycle) 
with tumor-core spatial enrichment, and functionally 
validate SCAND1 as a pro-tumorigenic factor. The two 
studies are temporally complementary: the recent study 
focuses on early-to-invasive tumorigenesis, whereas 
our study delineates state remodeling across primary 
tumors and distant metastases in space, together outlin-
ing a single-cell and spatial continuum from initiation to 
dissemination.

In summary, our study provides a spatially resolved 
single-cell framework for understanding CRC progres-
sion and metastasis. We demonstrate that transcrip-
tional, genomic, and signalling alterations collectively 
reshape epithelial and immune compartments, enabling 
malignant cells to adapt to and remodel their microen-
vironment. These insights may inform therapeutic strat-
egies targeting key epithelial states, immune hubs, and 
intercellular signalling to inhibit CRC metastasis. Nev-
ertheless, our study has several limitations. Our findings 
require further validation in larger clinical cohorts. Addi-
tionally, our work is primarily based on bioinformatic 
analyses and lacks functional experimental confirmation. 
In future studies, we plan to investigate the functional 
characteristics and mechanisms of epithelial subtypes 
in CRC progression through in vitro and in vivo experi-
ments and assess their potential as therapeutic targets. 
We will also explore the relationship between these sub-
populations and responses to immunotherapy, aiming to 
provide new avenues for improving immunotherapeutic 
efficacy.

(See figure on previous page.)
Fig. 9  Expression Pattern and Clinical Significance of SCAND1. (A) Expression differences of SCAND1 in paired and unpaired samples from the TCGA 
colorectal cancer dataset. (B) WB results in 24 pairs of matched samples. (C) The mRNA expression of SCAND1 in the enrolled forty patients. (D) IHC results 
in six pairs of matched samples. (E) Logistic regression analysis of SCAND1. (F) Box plots evaluating SCAND1 expression according to different T stages. (G) 
Validation cohort of 40 patients with varying T stages from Yangpu District Central Hospital. (H-J) Diagnostic ROC curves of SCAND1 in TCGA datasets of 
colorectal (H), colon (I), and rectal cancer (J). (K) Diagnostic ROC curves of SCAND1 across multiple GSE datasets. (L-N) The effect of SCAND1 expression 
on the OS (L), DSS (M), and PFI (N) was analyzed by Kaplan-Meier method in TCGA database. (O) Survival rate in patients with high versus low SCAND1 
in 40 patients from Yangpu District Central Hospital. (P-U) Survival curves of high and low SCAND1 expression groups across different gender (P), T stage 
(Q), M stage (R), Age (S), pathological stage (T), N stage (U). IHC: Immunohistochemistry, OS: overall survival; DSS: disease-specific survival, PFI: progression 
free interval. *p < 0.05; **p < 0.01; ***p < 0.001 compared to the corresponding groups
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Abbreviation
OS	� Overall survival
GSEA	� Gene get enrichment analysis
DEGs	� Differentially expressed genes
RT-qPCR	� Quantitative real-time polymerase chain reaction
IHC	� Immunohistochemistry
WB	� Western blotting
ROC	� Receiver operating characteristic curves
hdWGCNA	� High dimensional weighted gene co-expression 

network analysis
CRC	� Colorectal cancer
GO	� Gene ontology
KEGG	� Kyoto Encyclopedia of Genes and Genomes
LMs	� Liver metastases
CMS	� Consensus Molecular Subtypes
EMT	� Epithelial–mesenchymal transition
scRNA-seq	� Single-cell RNA sequencing
Mye	� Myeloid cells
Epi	� Epithelial cells
CNV	� Copy number variation
TAs	� Transit-amplifying cells
Inflam.Enterocyte	� Inflammatory enterocytes
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