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ABSTRACT 
 

Background: Liver metastasis (LM) stands as a primary cause of mortality in metastatic colorectal cancer (mCRC), 
posing a significant impediment to long-term survival benefits from targeted therapy and immunotherapy. 
However, there is currently a lack of comprehensive investigation into how senescent and exhausted immune 
cells contribute to LM. 
Methods: We gathered single-cell sequencing data from primary colorectal cancer (pCRC) and their 
corresponding matched LM tissues from 16 mCRC patients. In this study, we identified senescent and exhausted 
immune cells, performed enrichment analysis, cell communication, cell trajectory, and cell-based in vitro 
experiments to validate the results of single-cell multi-omics. This process allowed us to construct a regulatory 
network explaining the occurrence of LM. Finally, we utilized weighted gene co-expression network analysis 
(WGCNA) and 12 machine learning algorithms to create prognostic risk model. 
Results: We identified senescent-like myeloid cells (SMCs) and exhausted T cells (TEXs) as the primary 
senescent and exhausted immune cells. Our findings indicate that SMCs and TEXs can potentially activate 
transcription factors downstream via ANGPTL4-SDC1/SDC4, this activation plays a role in regulating the 
epithelial-mesenchymal transition (EMT) program and facilitates the development of LM, the results of cell-
based in vitro experiments have provided confirmation of this conclusion. We also developed and validated a 
prognostic risk model composed of 12 machine learning algorithms. 
Conclusion: This study elucidates the potential molecular mechanisms underlying the occurrence of LM from 
various angles through single-cell multi-omics analysis in CRC. It also constructs a network illustrating the role 
of senescent or exhausted immune cells in regulating EMT. 
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INTRODUCTION 
 

Colorectal cancer (CRC) is a malignant tumor  

disease that poses a significant threat to human health, 

with high rates of mortality and disability. Recent 

epidemiological report [1] indicates that CRC is the 

second leading cause of death from malignant tumors, 

surpassed only by lung cancer. Despite the fact that 

early screening for CRC in high-risk populations has 

not been fully implemented, approximately 20–25% of 

new cases are diagnosed as metastatic colorectal cancer 

(mCRC). Furthermore, about 30% of early and middle-

stage cases experience postoperative recurrence after 

radical surgery. The 5-year survival rate for mCRC 

patients is less than 5% [2, 3]. Liver metastasis (LM)  

is the primary cause of death in mCRC patients, with 

about 80–90% of mCRC patients developing LM. 

Currently, the treatment approach for mCRC combines 

targeted therapy with immunotherapy. However, as CRC 

is considered a ‘cold tumor’ with low immunogenicity 

[4], less than 5% of patients benefit from immuno-

therapy, which does not significantly improve the poor 

survival rate of mCRC [5]. 

 

The progression, metastasis, and resistance to immune 

therapy of malignant tumors are closely associated  

with immune cell dysfunction, primarily characterized 

by senescence and exhaustion. Both senescent and 

exhausted immune cells exhibit characteristics of late 

cell development but promote the progression of 

malignant tumors through different mechanisms [6, 7]. 

Senescent cells secrete typical senescence associated 

secretory phenotype (SASP) [8], including factors  

such as IL-6, IL-10, AREG. These factors promote the 

progression and deterioration of malignant tumors 

through various pathways such as promoting epithelial-

mesenchymal transition (EMT) [9, 10], inducing tumor 

cell stemness [11], immune suppression [12, 13], 

inducing carcinogenesis [14], promoting metastasis 

[15], and drug resistance [16]. Exhausted immune  

cells primarily affect the progression and treatment 

effect of malignant tumors by regulating the tumor 

microenvironment (TME) [17]. They express multiple 

inhibitory receptors such as PD-1, CTLA-4, TIM-3, and 

TIGIT and form a complex inhibitory TME through 

crosstalk and interaction with stromal cells, tumor cells, 

and various secretory factors. This leads to immune 

cells losing their ability to recognize, monitor, and kill 

tumor cells [18, 19]. 

 

Currently, the potential mechanism by which 

senescent and exhausted immune cells promote  

LM in CRC has not been fully elucidated. Although 

senescence [20] and exhaustion [21] represent two 

distinct types of immune cell dysfunction, they both 

promote the progression of malignant tumors through 

multiple mechanisms. With the advent of single- 

cell sequencing technology, it has become a new 

direction for malignant tumor research. Single-cell 

multi-omics analysis integrates metabolic analysis, cell 

communication, cell differentiation trajectory analysis 

from genomics, transcriptomics, metabolomics, and 

TME aspects to perform multi-dimensional analysis on 

the status and fate of individual cells. Therefore, this 

study explores the potential mechanism by which 

senescent and exhausted immune cells promote LM  

in CRC through single-cell multi-omics analysis. In 

combination with machine learning algorithms and 

clinical data to construct a prognostic risk model 

provides a new direction for the development of 

clinical drugs for mCRC. 
 

MATERIALS AND METHODS 
 

Data acquisition and preprocessing 
 

The single-cell RNA sequencing (scRNA-Seq) data 

employed in this study originate from two publicly 

available datasets of single-cell sequencing research 

[22, 23]. The sequencing platform utilized was the 

Illumina NovaSeq 6000. The scRNA-Seq data from 

primary colorectal cancer (pCRC) and their matched 

liver metastasis (LM) tissues underwent separate 

preprocessing using the Seurat package (v4.3.0)  

[24] in R (v4.2.2). This entailed data quality control 

and SC-Transform normalization. Subsequently, the 

harmony package (v0.1.1) in R [25] was applied to 

integrate samples and correct batch effects. 
 

Dimensionality reduction and clustering 
 

Principal Component Analysis (PCA) was conducted on 

the preprocessed scRNA-Seq data, and the Louvain 

algorithm was employed for modularity optimization. 

The clustree package (v0.5.0) in R [26] was used to 

determine an appropriate resolution (0.5–1.2) for 

defining cell clusters. Following this, UMAP [27]  

was utilized to further reduce the dimensionality of 

PCA-reduced data, and the results of dimensionality 

reduction clustering were visualized. 
 

Cell annotation and cell trajectory analysis 
 

Differential gene expression analysis for each cell 

cluster was conducted using the Wilcoxon rank-sum 

test, and differentially expressed genes (DEGs) for  

each cell type were identified based on Log2Fc >0.5 

and Benjamini–Hochberg-adjusted p-values < 0.05. The 

cell clusters obtained from dimensionality reduction 

clustering were annotated based on these DEGs. 

Automatic annotation and manual corrections were 

carried out using the SingleR package (v1.10.0) in R 

[28], classifying the cell clusters into six main cell types. 
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To identify senescence cell subtypes, cell trajectory 

analysis was performed. The Monocle3 package 

(v1.3.1) [29–31] in R was employed for pseudotime 

analysis, utilizing the SimplePPT algorithm for 

trajectory learning. An iterative algorithm for semi-

supervised pseudotime analysis was used to construct 

a developmental trajectory map of cells. Spatial 

differential gene algorithms calculated Moran’s I of 

genes, with Moran’s I values ranging between -1  

and 1, where 1 indicates a high positive correlation, 

and Moran’s I less than or equal to 0 indicates  

no correlation. This analysis identified development-

related genes based on Moran’s I. 

 

For each main cell type, the steps of dimensionality 

reduction clustering and differential gene expression 

analysis were repeated, and manual annotation was 

performed based on the expression characteristics of 

DEGs combined with the results of cell trajectory 

analysis to identify senescent and exhausted immune 

cells, annotating epithelial cells, myeloid cells, and 

NK/T cells into different cell subtypes. 

 

Enrichment analysis 

 

To explore differences in function, signaling 

pathways, and metabolic activity between senescent 

and exhausted immune cells in pCRC and LM  

tissues, senescent-like myeloid cells (SMCs) were 

extracted and merged from myeloid cells in pCRC  

and LM tissues for subsequent enrichment analysis. 

Differential gene expression analysis was performed 

on cell subtypes from different tissue sources to obtain 

DEGs for enrichment analysis. 

 

First, gene set enrichment analysis (GSEA) was 

conducted on cell subtypes from different tissue 

sources using the fgsea package (v1.22.0) [32]  

in R, with Hallmark serving as the gene set for 

signaling pathways. Subsequently, enrichment analysis 

was performed based on biological function gene set  

Gene Ontology (GO) and signaling pathway gene  

set Kyoto Encyclopedia of Genes and Genomes 

(KEGG). The results were presented as a bubble plot. 

Metabolic activity analysis was carried out using the 

scMetabolism package (v2.1.0) [33] in R, primarily  

to assess differences in metabolic pathway activity 

between cell subtypes in pCRC and LM tissues, with 

KEGG and Reactome as the gene sets for metabolic 

pathways. 

 

Cell communication analysis 

 
Myeloid cells from pCRC and LM tissues, as well  

as NK/T cells, were extracted and merged for cell 

communication analysis. The CellChat package (v1.6.1) 

[34] in R was utilized to infer ligand-receptor pair 

communication between different cell subtypes and 

create a cell communication network diagram. Through 

CellChat algorithm calculations, outgoing or incoming 

signal strength was compared to assess the overall signal 

flow strength of different secretory factors in pCRC and 

LM tissues. The focus was on crosstalk between tumor 

cells and SMCs or TEXs to identify potential ligand-

receptor pairs. 

 

In vitro validation experiments 

 

Building upon our preceding analysis of cell 

communication, we identified notably active 

ANGPTL4-SDC1/SDC4 ligand-receptor pairs within 

the SMCs. To establish the connection between the 

expression of surface receptors, SDC1 and SDC4, and 

the process of EMT, a series of in vitro experiments 

was undertaken. 

 

Initially, we conducted wound healing tests on 

HCT116 cells, employing SDC1 or SDC4 knock-

down. The extent of wound healing was assessed  

at 0 h, 24 h, and 48 h, and wound healing percentages 

were calculated using ImageJ Software (v1.54d). 

Subsequently, Transwell migration assays were carried 

out to evaluate the migratory capacity of HCT116 cells 

after the knockdown of SDC1 or SDC4. 

 

RT-qPCR was conducted to measure the expression 

levels of EMT-related markers E-Cadherin (CDH1),  

N-Cadherin (CDH2), and Vimentin (VIM) in HCT116 

cells following siRNA knockdown of SDC1 and SDC4. 

A negative control group (si-NC) and HCT116 cells 

transfected with si-SDC1 or si-SDC4 were cultured  

for 48 hours, and RNA was extracted. After cell lysis 

with Trizol, RNA was separated and extracted with  

a washing solution. cDNA was synthesized, and RT-

qPCR was performed to detect EMT-related marker 

expression levels. The relative mRNA expression level 

of EMT-related markers was calculated by the 2−ΔΔCt 

method, and the expression level difference between  

si-NC and si-SDC1/si-SDC4 was compared by unpaired 

t-test (P < 0.05 was considered statistically significant). 

The sequences of si-SDC1 and si-SDC4, as well as  

the primer sequences of EMT-related markers (CDH1, 

CDH2, and VIM) and reference genes (β-Actin), can be 

found in Supplementary Tables 1–4. 

 

According to the RT-qPCR experiment grouping 

mentioned above, the expression levels of EMT-related 

proteins E-Cadherin, N-Cadherin, and Vimentin in 

HCT-116 cells were detected by Western blot. Total 
protein was extracted from the samples using cell lysis 

buffer, and the protein mass and concentration were 

determined using a protein quantification kit (BCA 
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method). Gels were prepared using 10% or 15% PAGE 

gels, and an appropriate amount of electrophoresis 

buffer was added to the electrophoresis tank. A suitable 

molecular weight standard was selected as the Marker. 

The protein samples were mixed with 5× loading  

buffer and denatured by boiling at 95°C for 10 minutes. 

20–30 μL of protein sample was loaded per well, and 

electrophoresis was performed at an appropriate voltage 

and time. The PVDF membrane was wetted in methanol 

and then transferred to the transfer buffer. The gel and 

membrane were sandwiched between two pieces of 

filter paper, removing any air bubbles, and the transfer 

was performed using appropriate parameters in the 

transfer apparatus. After transfer, the membrane was 

blocked with blocking solution (5% milk) for 1 hour  

to prevent non-specific binding. The membrane was 

incubated with diluted primary antibody overnight at 

4°C, washed 3 times, then incubated with diluted 

secondary antibody for 1 hour at room temperature,  

and washed 3 times again. Finally, the membrane was 

treated with a chromogenic reagent and the signal was 

observed. ImageJ was used to process the images. 

β-Actin was used as an internal reference protein to 

calculate the relative expression levels of E-Cadherin, 

N-Cadherin, and Vimentin. All experimental results 

were validated through three repetitions. 

 

Transcription factor regulation analysis 

 

Epithelial cells from pCRC and LM tissues were 

extracted and merged for transcription factor regulation 

analysis. Using the SCENIC package (v1.3.1) [35] in R 

and the GENIE algorithm, a co-expression network was 

constructed to predict transcription factor-target gene 

network modules (Regulons). The activity of Regulons 

was scored using AUCell, and specifically active 

Regulons were identified based on the area under the 

curve (AUC) values. Highly active Regulons were 

selected based on the AUC value, and EMT-related 

genes from the EMTome database [36] were screened to 

construct a ligand/receptor signal pair - Regulons 

network regulating CRC’s transition to EMT via SMCs 

and TEXs. 

 

Weighted co-expression network analysis (WGCNA) 

 

SMCs from myeloid cells in pCRC and LM tissues 

were extracted and merged for WGCNA using the 

WGCNA package (v1.72-1) [37, 38] in R. Initially, 

gene modules were identified through the dynamic 

tree-cutting algorithm. Module eigengenes (MEs) were 

calculated for modules, and hierarchical clustering was 

performed on modules to obtain final gene modules. 
Subsequently, a correlation heatmap between modules 

and tissue sources was drawn to identify gene modules 

related to LM and obtain MEs for further analysis. 

Machine learning algorithm constructs prognostic 

risk model 

 
Differential expression analysis was conducted on the 

merged SMCs to obtain DEGs. The intersection of 

DEGs with MEs of the turquoise module in WGCNA 

was used to obtain senescence-related genes (SRGs).  

To construct a prognostic risk model, 12 machine 

learning algorithms (Lasso, Ridge, Enet, Stepglm, 

SVM, glmBoost, LDA, plsRglm, RandomForest, GBM, 

XGBoost, NaiveBayes) were selected. In the framework 

of cross-validation, one algorithm was used for variable 

selection, while another algorithm was employed to 

construct a classification prediction model. The AUC 

under the ROC curve of the model combination in the 

dataset (including the training set and validation set) 

was calculated. The data for constructing the prognostic 

risk model were divided into a training set (TCGA-

COAD dataset, https://portal.gdc.cancer.gov/repository) 

and a validation set (GEO dataset including GSE17536 

[39], GSE17537 [39], GSE29621 [40], GSE38832 [41], 

and GSE39582 [42], https://www.ncbi.nlm.nih.gov/geo/). 

The best model was selected based on AUC. The 

formula for the prognostic risk model is as follows: 

 

1

n

ii i
Risk Score Coe x

=
=   

 
Coe ∫i represents the risk coefficient, and xi denotes the 

gene expression level. Samples are categorized into 

high-risk and low-risk groups based on the median risk 

score. Kaplan-Meier survival curves are employed to 

visualize overall survival (OS) for all samples, both the 

training and validation sets. 

 
Data availability statement 

 
The single-cell RNA sequencing (scRNA-Seq) data 

generated and analysed during the current study are 

available in the Gene Expression Omnibus (GEO) 

database, GSE178318 (http://www.ncbi.nlm.nih.gov/ 

geo/query/acc.cgi?acc=GSE178318) and GSE205506 

(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=

GSE205506). The bulk RNA-Seq data generated and 

analysed during the current study are obtained from 

TCGA-COAD dataset (https://portal.gdc.cancer.gov/ 

repository), GSE17536 (https://www.ncbi.nlm.nih. 

gov/geo/query/acc.cgi?acc=GSE17536), GSE17537 

(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=

GSE17537), GSE29621 (https://www.ncbi.nlm.nih. 

gov/geo/query/acc.cgi?acc=GSE29621), GSE38832 

(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=

GSE38832), and GSE39582 (https://www.ncbi.nlm.nih. 

gov/geo/query/acc.cgi?acc=GSE39582). The in vitro 

data are available upon reasonable request from the 
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corresponding author, or in the ScienceDB database 

website https://www.scidb.cn/en/s/vyEBF3. 

 

RESULTS 
 

Data preprocessing and dimensionality reduction 

clustering 

 

The scRNA-Seq data for this study were obtained  

from publicly available dataset. CRC tissues were 

collected from 16 patients, with matched pCRC and 

LM tissues. Quality control was performed based  

on three data features: the number of RNA features 

(nFeature), total gene expression within cells (nCount), 

and the proportion of mitochondrial genes (percent.mt). 

The quality control criteria were defined as follows: 

nCount between 1000 and 10000, nFeature between 

250 and 4000, and percent.mt less than 15%. Initially, 

quality control was applied to the scRNA-Seq data 

from pCRC, and the data characteristics before and 

after quality control are presented in Supplementary 

Figure 1A, 1B. Following quality control, a total of 

73,139 cells were retained. Subsequently, the data 

underwent SC-Transform normalization and harmony 

sample integration to correct batch effects. PCA was 

employed for dimensionality reduction clustering,  

and the optimal resolution of 0.9 was selected based 

on the clustree dendrogram, resulting in 36 clusters 

(Supplementary Figure 1C). Finally, UMAP was 

employed to visualize the results of dimensionality 

reduction clustering (Supplementary Figure 1D), and 

differential expression analysis was conducted using 

the Wilcoxon rank-sum test, with the top 5 DEGs in 

each cluster presented in a heatmap (Supplementary 

Figure 1E). The same preprocessing steps were 

replicated for the scRNA-Seq data of LM-CRC.  

Data characteristics before and after quality control  

are displayed in Supplementary Figure 2A, 2B,  

with 80,888 cells remaining after quality control. 

Batch effect correction was subsequently performed, 

and an appropriate resolution of 1.0 was chosen 

(Supplementary Figure 2C). PCA-based dimensionality 

reduction clustering yielded 29 clusters. UMAP was 

utilized to visualize the results (Supplementary Figure 

2D), and the top 5 DEGs in each cluster were 

identified (Supplementary Figure 2E). 

 

Cell annotation 

 

In this study, we performed cell annotation to 

categorize the main cell types found in pCRC  

(Figure 1A) and LM (Figure 1B) into six distinct 

groups, which include B cells, endothelial cells, 

fibroblast cells, epithelial cells, myeloid cells,  

and NK/T cells. Notably, our analysis of UMAP 

dimensionality reduction clustering plots for pCRC 

and LM demonstrated the clear demarcation of these 

six main cell types. However, it is of particular interest 

that within pCRC’s Myeloid cell population, two outlier 

clusters emerged, with one cluster closely associated 

with B cells. Upon further subtype annotation, these 

two clusters were identified as Mastocytes and plasma 

cell-like dendritic cells (Figure 1A). In contrast, the 

corresponding LM exhibited only one outlier cluster 

identified as plasma cell-like dendritic cells, with the 

Mastocytes subtype absent (Figure 1B). Subsequently, 

we characterized marker features for the main  

cell types present in pCRC and LM. The marker 

features for pCRC (Figure 1C) encompass B cells 

(IGHA1, JCHAIN, CD79A), endothelial cells (PLVAP, 

PECAM1, VWF), fibroblast cells (COL1A1, COL1A2, 

ACTA2), epithelial cells (KRT8, KRT18, KRT19), 

myeloid cells (LYZ, S100A9, CD68), and NK/T cells 

(CD3D, NKG7, CD3E), aligning with prevailing 

literature. It is worth mentioning that LM’s marker 

features exhibit slight divergence from those in pCRC 

(Figure 1D), especially in the case of endothelial  

cells (GATA2, MS4A2, CPA3) and fibroblast cells 

(IGFBP7, MGP, TAGLN), indicating a noteworthy 

distinction in the stromal cell composition between 

LM and pCRC. Furthermore, we depicted the 

expression patterns of primary cell type markers using 

density maps generated via UMAP dimensionality 

reduction (Figure 1E, 1F). Cell proportion plots 

(Figure 1G, 1I) reveal a higher proportion of epithelial 

cells and B cells in pCRC as compared to LM, while 

LM exhibits a significantly elevated proportion of 

NK/T cells. Detailed expression profiles of the top 50 

DEGs for the six main cell types are presented in 

Figure 1H, 1J. 

 
Moreover, we conducted dimensionality reduction 

clustering for epithelial cells, myeloid cells, and  

NK/T cells (Supplementary Figure 3A–3F), followed 

by the annotation of cell subtypes (Figure 1A, 1B).  

We designated epithelial cells as malignant cells  

and CSCs, identified SMCs within the Myeloid cell 

population, and pinpointed TEXs in the NK/T cell 

type. The distribution of cell subtypes can be observed 

in detail in Supplementary Figure 4A–4F. Notably,  

in LM’s myeloid cells, a substantial proportion of 

Mastocytes, present in pCRC, was not detected in the 

LM tissue. Additionally, the proportion of SMCs in LM 

was significantly higher than in pCRC (Supplementary 

Figure 4B, 4E). Within NK/T cell subtypes, pCRC 

exhibited a notably higher proportion of cytotoxic T 

cells compared to LM, whereas LM showed a higher 

proportion of naive T cells and TEXs (Supplementary 

Figure 4C, 4F). 

 
Through differential expression analysis, we identified 

distinctive markers for all cell subtypes within the three 
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Figure 1. Cell annotations and features of colorectal cancer tissues from primary and liver metastasis. (A, B) UMAP-based 

dimensionality reduction clustering plots depict the annotation results of main cell types in primary (A) and liver metastasis (B) colorectal 
cancer tissues, along with further subannotations for epithelial cells, myeloid cells, and NK/T cells. (C, D) Bubble plots illustrate the 
expression levels of the top 3 markers in main cell types of primary (C) and liver metastasis (D) colorectal cancer tissues. (E, F) UMAP-based 
dimensionality reduction is employed to illustrate the density features of the top 1 marker in main cell types of primary (E) and liver 
metastasis (F) colorectal cancer tissues. (G) A proportion plot displays the distribution of primary cell types across 16 different primary 
colorectal cancer tissues. (H) A heatmap presents the expression levels of the top 50 differentially expressed genes in the main cell types of 
primary colorectal cancer tissues. (I) A proportion plot depicts the distribution of main cell types in 16 different liver metastasis colorectal 
cancer tissues. (J) A heatmap displays the expression levels of the top 50 differentially expressed genes in the main cell types of liver 
metastasis colorectal cancer tissues. 
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main cell types mentioned above (Figure 2A–2F). Our 

results underscore substantial heterogeneity between 

malignant tumor cells in pCRC and LM tissues. 

Notably, the markers for conventional tumor cells  

and CSCs exhibited notable differences, particularly 

with LM tissue displaying a more pronounced stem-

like profile (Figure 2A, 2D). In myeloid cells, pCRC 

exhibited SMC markers, including EREG, IL1B, and 

G0S2 (Figure 2B), whereas LM displayed NME2, 

ATP6V0C, and RNASEK as markers (Figure 2E).  

Both sets of markers exhibited high expression  

of senescence-related genes, albeit with distinctive 

expression patterns. Furthermore, various cell subtypes 

in myeloid cells, such as CXCL2+ macrophages, C1Q+ 

macrophages, and SPP1+ macrophages, featured highly 

characteristic markers (Figure 2B, 2E), consistent across 

 

 
 

Figure 2. Expression levels of markers in different cell subtypes. (A–C) Bubble plots illustrate the expression levels of the top 3 

markers in subtypes of epithelial cells (A), myeloid cells (B), and NK/T cells (C) in primary colorectal cancer tissues. (D–F) Bubble plots depict 
the expression levels of the top 3 markers in subtypes of epithelial cells (D), myeloid cells (E), and NK/T cells (F) in liver metastasis colorectal 
cancer tissues. 
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both pCRC and LM. However, it is essential to note  

that all Myeloid cell subtypes partially expressed  

genes from the HLA gene family, posing challenges in 

distinguishing specific monocyte subtypes, especially 

those expressing HLA-DPB1 and HLA-DRA. Within 

NK/T cells, TEXs were found in close proximity  

to regulatory T cells (Tregs), displaying elevated 

expression of immune inhibitory receptors. The markers 

for TEXs in pCRC (Figure 2C) and LM (Figure 2F) 

exhibited similar characteristics, marked by heightened 

expression of CTLA4, BATF, TIGIT, PDCD1, and 

other genes, all representing typical markers of T cell 

exhaustion. 

 

Cell trajectory analysis 

 

In order to ascertain the developmental and 

differentiation trajectories of epithelial cells, myeloid 

cells, and NK/T cells, as well as to validate the precision 

of our cell subtype annotations, notably for CSCs, SMCs, 

and TEXs, we employed the monocle3 algorithm for 

cell trajectory analysis. Figure 3A–3C delineates the 

cell trajectories for epithelial cells, myeloid cells, and 

NK/T cells in pCRC, while Figure 3D–3F exhibit the 

cell trajectories for these same cell types in LM. 

Combining UMAP plots (Figure 1A, 1B) with cell 

trajectories reveals that in pCRC, CSCs are prominently 

positioned at the inception of the developmental 

trajectory (Figure 3A). However, in LM, CSCs are more 

broadly dis-tributed in the early to mid-stage of 

development (Figure 3D). This divergence may be 

attributed to the relatively lower proportion of epithelial 

cells in LM, potentially resulting from an inadequate 

number of cells and overly dispersed clustering. SMCs 

in the cell trajectories of both pCRC and LM are 

situated toward the latter stages of pseudotime (Figure 

3B, Figure 3E), displaying characteristics akin to 

terminal cells, which aligns with our cell subtype 

annotations. TEXs and Tregs are also closely situated 

along pseudotime, with both distributed toward the later 

stages of pseudotime (Figure 3C, 3F). Figure 3G–3J 

present genes whose expression undergoes significant 

changes along pseudotime (Moran’s I >0.8) for myeloid 

cells and NK/T cells. Notably, the presence of 

Mastocytes in pCRC’s Myeloid cell subtypes (Figure 

3G, Figure 1A) resulted in substantial deviations in the 

calculation of Moran’s I, particularly for markers such 

as TPSAB1 and TPSAB2. In contrast, the development-

related genes selected via Moran’s I values in LM align 

more closely with our subtype annotations, especially 

considering the absence of the Mastocytes subtype. 

Genes related to NK/T cell development in pCRC 

(Figure 3H) and LM (Figure 3J) exhibit similarities, 
encompassing cytotoxic markers (GNLY, NKG7), T 

cell proliferation markers (MALAT1), chemokines 

(CCL5), and Treg markers (TMSB4X). 

Enrichment analysis 

 

Based on the tissue of origin, we conducted 

comprehensive enrichment analyses encompassing bio-

logical functions, signaling pathways, and metabolic 

pathways for SMCs and TEXs subtypes. We prioritized 

GSEA analysis to explore whether SMCs and TEXs are 

associated with LM and to speculate on their pivotal 

mechanistic roles in promoting LM. The GSEA results 

for SMCs (Figure 4A) indicate significant enrichment  

in hallmark signaling pathways, including TNF-α 

signaling via NF-κB, EMT, Apoptosis, KRAS signaling 

UP, and IF-γ response, among others. Select GSEA 

enrichment plots for specific signaling pathways are 

displayed in Figure 4B. GSEA results for TEXs (Figure 

4C) also unveil noteworthy enrichment in hallmark 

signaling pathways, encompassing EMT, IF-α response, 

TNF-α signaling via NF-κB, IL-2/STAT5 signaling, and 

IF-γ response, among others. Partial GSEA enrichment 

plots for specific signaling pathways are presented in 

Figure 4D. Notably, both SMCs and TEXs significantly 

enrich in TNF-α signaling via NF-κB and EMT 

signaling pathways, both intimately associated with 

malignant tumor metastasis, particularly EMT. 

 

Furthermore, we conducted GO functional, KEGG 

signaling pathway, and metabolic pathway enrichment 

analyses, as illustrated in Figure 4E–4L. In the KEGG 

signaling pathway enrichment analysis for SMCs, we 

observed results similar to the GSEA analysis, with 

significant enrichment in the NK-κB signaling pathway 

and TNF signaling pathway in LM tissue (Figure  

4E). Results of the signaling pathway enrichment 

analysis for TEXs (Figure 4J) predominantly indicate 

heightened immune pathway activities, encompassing 

cytotoxicity and chemotaxis, alongside cell cycle  

and transcription factor dysregulation in LM. The 

metabolic activity analysis suggests that SMCs may be 

involved in promoting glucose metabolism (glycolysis/ 

gluconeogenesis and pentose phosphate pathway), 

lipid metabolism (fatty acid synthesis and degradation), 

nucleotide metabolism (purine and pyrimidine), and 

drug metabolism, in addition to participating in 

glycosylation (Figure 4G, 4H). These processes are 

closely related to tumor proliferation and drug resis-

tance. Similar results were observed in the metabolic 

activity analysis for TEXs (Figure 4K, 4L), indicating 

their involvement in LM tissue’s glucose metabolism, 

lipid metabolism, drug metabolism, and glycosylation. 

Further in-depth research is warranted. 

 

Cell communication analysis 

 
Our study entailed an in-depth cell communication 

analysis focused on myeloid cells and NK/T cells, with 

specific attention to elucidating the crosstalk between 
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SMCs and TEXs and tumor cells originating from 

distinct tissues. Our analysis began by contrasting  

the patterns of cell communication among various 

myeloid cell subtypes in pCRC (Figure 5A) and LM 

(Figure 5B). This comparison, coupled with bubble 

plots demonstrating the strength of both outgoing and 

incoming signals (Figure 5C), revealed a conspicuous 

trend: SMCs and CSCs in LM exhibited a substantial

 

 
 

Figure 3. Results of cell differentiation trajectory inference based on monocle3. (A–C) Pseudotime cell differentiation trajectory 
plots for subtypes of epithelial cells (A), myeloid cells (B), and NK/T cells (C) in primary colorectal cancer tissues. (D–F) Pseudotime cell 
differentiation trajectory plots for subtypes of epithelial cells (D), myeloid cells (E), and NK/T cells (F) in liver metastasis colorectal cancer 
tissues. (G, H) Pseudotemporal expression trends of specific development-related genes in myeloid cells (G) and NK/T cells (H) in primary 
colorectal cancer tissues. (I, J) Pseudotemporal expression trends of particular development-related genes in myeloid cells (I) and NK/T cells 
(J) in liver metastasis colorectal cancer tissues. 
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Figure 4. Enrichment analysis results. (A, B) Functional Gene Set Enrichment Analysis (fGSEA) for senescent-like myeloid cells (SMCs) 
subtypes from primary and liver metastasis colorectal cancer tissues, resulting in differential Hallmark signaling pathways (A) with selective 
GSEA plots (B). (C, D) fGSEA analysis for exhausted T cells (TEXs) subtypes from primary and liver metastasis colorectal cancer tissues, 
leading to differential Hallmark signaling pathways (C) with specific GSEA plots (D). (E–H) Enrichment analysis results for SMCs subtypes 
from primary and liver metastasis colorectal cancer tissues, based on Gene Ontology (GO) biological functions (E) and Kyoto Encyclopedia 
of Genes and Genomes (KEGG) signaling pathways (F), further analyzed for metabolic pathway enrichment through KEGG (G) and 
Reactome (H) pathways. (I–L) Enrichment analysis results for TEXs subtypes from primary and liver metastasis colorectal cancer tissues, 
based on GO biological functions (I) and KEGG signaling pathways (J), further analyzed for metabolic pathway enrichment through KEGG 
(K) and Reactome (L) pathways. 
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amplification in outgoing signal strength compared to 

their pCRC counterparts. Notably, SMCs demonstrated 

a particularly notable increase in outgoing signal 

strength directed toward CSCs. Delving deeper into  

the overall signaling patterns within pCRC and LM 

(Figure 5D), we discerned that the dominant signaling 

 

 
 

Figure 5. Cell communication in different myeloid cell subtypes. (A, B) Depiction of cell communication networks among distinct 

myeloid cell subtypes in primary (A) and liver metastasis (B) colorectal cancer tissues. (C) Utilization of bubble plots to visualize the 
intensity of cell communication outgoing and incoming signals. (D) Comparative analysis of signal strengths emanating from different 
secreted factors. (E, F) Heatmaps illustrating the intensity of various outgoing (E) and incoming (F) signal patterns within myeloid cell 
subtypes. (G) Presentation of bubble plots showcasing the signal strength of ligand-receptor pairs during interactions between malignant 
cells and tumor stem cells with myeloid cell subtypes. (H) Display of bubble plots illustrating the signal strength of ligand-receptor pairs 
during interactions of myeloid cell subtypes with malignant cells and tumor stem cells. 
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pattern in pCRC corresponded to the SASP phenotype, 

characterized by robust signaling of senescence-related 

secretory factors, such as IL-10 and IL-6. In contrast, 

LM exhibited heightened signaling in various secretory 

factors, including MIF, LIGHT (TNFSF14), VEGF, 

ANGPTL, and GNR. Subsequent to this, our analysis 

delved into the outgoing (Figure 5E) and incoming 

(Figure 5F) signal strength of secretory factors across 

a spectrum of cell subtypes. This comprehensive 

evaluation disclosed that cell subtypes within LM 

collectively demonstrated enhanced outgoing signals 

for secretory factors like MIF, VEGF, ANGPTL, and 

GNR. A noteworthy observation was the significantly 

elevated outgoing signals from SMCs, especially 

concerning VEGF and ANGPTL. These findings  

bear relevance to vascular endothelial cell survival, 

maturation, and migration. Finally, we analyzed the 

differences in signal intensity among various ligand-

receptor combinations in both pCRC and LM. Our 

analysis revealed that in regulating signal transmission 

from tumor cells to smooth muscle cells (SMCs) - as 

shown in Figure 5G - the signal intensity of VEGFA-

VEGFR1, MDK-SDC1/SDC4, MDK-LRP1, MDK-

(ITGA4+ITGB1), GNR-SORT1, and GDF15-TGFBR2 

exhibits higher levels in LM, whereas LGALS9-

CD44/CD45 predominates in pCRC. Concerning the 

regulation of signal transmission from SMCs to tumor 

cells, as depicted in Figure 5H, the signal intensity of 

TNFSF14-TNFRSF14/LTBR, TNFSF12-TNFRSF12A, 

and ANGPTL4-SDC1/SDC4 demonstrates higher levels 

in LM, whereas TNF-TNFRSF1A and RETN-CAP1 are 

predominant in pCRC. The signaling pathway involving 

ANGPTL4-SDC1/SDC4 is closely associated with both 

cell adhesion and vascular development, indicating 

that SMCs may contribute to the development of LM 

through the ANGPTL4-SDC1/SDC4 signaling pathway. 

 

Our investigation then extended to the creation of a cell 

communication network for NK/T cells. It is evident 

that the overall interaction strength in pCRC (Figure 

6A) was comparatively lower than that in LM (Figure 

6B). Bubble plots, detailing the strength of outgoing and 

incoming signals, are depicted in Figure 6C. These 

representations underscored a conspicuous difference: 

TEXs and CSCs in LM exhibited notably heightened 

outgoing and incoming signal strengths in comparison 

to their pCRC counterparts, with TEXs displaying a 

particularly prominent surge in outgoing signal strength. 

A broader examination of the overarching signaling 

patterns (Figure 6D) revealed that pCRC exhibited  

more robust signaling in CD70, whereas LM displayed 

heightened signaling in several secretory factors, 

including MIF, BAG, TNF, and SPP1. Subsequent 
scrutiny of the outgoing (Figure 6E) and incoming 

(Figure 6F) signal strength of secretory factors across 

diverse cell subtypes unveiled that, relative to pCRC, 

LM displayed heightened outgoing signal strength for 

MIF in TEXs, and an increased outgoing of SPP1, 

GALECTIN, and BAG in CSCs and malignant cells. In 

terms of incoming signals, TEXs in LM demonstrated  

a higher signal strength for TNF, SPP1, and CXCL in 

comparison to their pCRC counterparts, while CSCs 

displayed an elevated PARs signaling strength. Finally, 

bubble plots (Figure 6G) portraying the differences in 

ligand-receptor signal pair strengths between pCRC and 

LM demonstrated variations in the intensity of signal 

regulation by tumor cells in TEXs. Specifically, when 

compared to pCRC, LM exhibited higher signal strength 

in pairings such as SPP1-CD44/(ITGA4+ITGB1), MDK-

(ITGA4+ITGB1), and GDF15-TGFBR2, while signal 

strength in MDK-SDC4/NCL pairings was lower. In  

the context of signal regulation by TEXs in tumor  

cells (Figure 6H), our findings pointed to MIF-(CD74+ 

CD44) as a significantly more potent regulatory signal, 

playing a pivotal role in driving malignant tumors. 

 

In vitro experimental results 
 

The wound healing test results indicated that, in 

comparison to the si-NC group, the si-SDC1 group 

exhibited reduced cell migration capability in HCT116 

cells at both 24 h (P = 0.0013) and 48 h (P = 0.0002) 

following SDC1 knockdown (Figure 7A). Similarly, 

observations in the si-SDC4 group at 24 h (P =  

0.0011) and 48 h (P = 0.0017) confirmed decreased  

cell migration ability in HCT116 cells upon SDC4 

knockdown (Figure 7B). Subsequent Transwell migration 

experiments illustrated that, after SDC1 (Figure 7C) or 

SDC4 (Figure 7D) knockdown, HCT116 cells displayed 

diminished migratory capacity, particularly evident after 

SDC4 knockdown, where a marked reduction in cell 

migration ability was evident.  

 

RT-qPCR results revealed that upon SDC1 knockdown, 

although CDH1 expression in the si-SDC1 group 

(Figure 7E) did not significantly differ from the si-NC 

group (P = 0.0952), the expression levels of CDH2  

(P = 0.0001) and VIM (P = 0.0163) were significantly 

lower than those in the si-NC group. Similarly,  

CDH1 expression in the si-SDC4 group (Figure 7F) 

showed no significant difference from the si-NC group  

(P = 0.2632), but CDH2 (P = 0.0024) and VIM  

(P = 0.0104) expression levels were significantly lower.  

 

Western blot (Figure 7G) analysis revealed that, 

compared to si-NC group, the expression levels of E-

Cadherin (Psi-SDC1 = 0.0076, Psi-SDC4 = 0.0161) were 

markedly increased following SDC1/SDC4 knockdown. 

However, the expression levels of N-Cadherin (Psi-SDC1 
= 0.0219, Psi-SDC4 = 0.0025) and Vimentin (Psi-SDC1 = 

0.0071, Psi-SDC4 = 0.0241) were markedly decreased 

following SDC1/SDC4 knockdown. These findings are 
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in agreement with the results obtained from RT-qPCR 

experiments. In conclusion, the in vitro experimental 

findings suggest that the knockdown of both SDC1 and 

SDC4 can suppress the migratory capability of HCT116 

cells, and these mechanisms may be associated with 

inhibiting the occurrence of EMT. 

 

 
 

Figure 6. Cell communication in various NK/T cell subtypes. (A, B) Representation of cell communication networks among different 

NK/T cell subtypes in primary (A) and liver metastasis (B) colorectal cancer tissues. (C) Application of bubble plots to depict the strength of 
cell communication outgoing and incoming signals. (D) Comparative assessment of signal strength from distinct secreted factors. (E, F) 
Heatmaps delineating the intensity of diverse outgoing (E) and incoming (F) signal patterns within NK/T cell subtypes. (G) Visualization of 
bubble plots highlighting the signal strength of ligand-receptor pairs involved in interactions between malignant cells and tumor stem cells 
with TEXs subtypes. (H) Exhibition of bubble plots displaying the signal strength of ligand-receptor pairs during the interactions of TEXs 
subtypes with malignant cells and tumor stem cells. 
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Figure 7. In vitro experimental results. (A) Evaluation of scratch tests conducted at 24 h and 48 h following SDC1 knockdown, relative 

to the negative control group, with subsequent determination of wound healing percentage. (B) Assessment of scratch tests performed at 
24 h and 48 h following SDC4 knockdown, relative to the negative control group, with subsequent determination of wound healing 
percentage. (C) Analysis of Transwell migration experiments following SDC1 knockdown, relative to the negative control group. 
(D) Examination of Transwell migration experiments following SDC4 knockdown, relative to the negative control group. (E) Contrasting the 
mRNA relative expression levels of CDH1, CDH2, and VIM following SDC1 knockdown with those of the negative control group. 
(F) Contrasting the mRNA relative expression levels of CDH1, CDH2, and VIM following SDC4 knockdown with those of the negative control 
group. (G) Contrasting the protein relative expression levels of E-cadherin, N-cadherin, and Vimentin following SDC1 or SDC4 knockdown 
with those of the negative control group. (*P < 0.05, **P < 0.01, ***P < 0.001). 
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Transcription factor regulation analysis 

 

For malignant tumor cells, we reconstructed 

transcription factor-gene regulatory networks using  

the SCENIC algorithm. By conducting an EMTome 

analysis of transcription factors, we identified those 

associated with EMT. The results indicated that, 

compared to pCRC, transcription factors MITF, 

SNAI3, and PPARG in LM exhibited specific  

high activity, whereas transcription factors JUN, 

ERG2, and KLF10 displayed low activity (Figure 8A). 

Additionally, HMGB1, HMGB2, and CEBPD exhibited 

elevated activity. Based on enrichment analysis, cell 

communication, and transcription factor regulation 

 

 
 

Figure 8. Analysis of transcription factor activity. (A) Presentation of a heatmap illustrating variations in transcription factor activity 

between primary and liver metastasis colorectal cancer tissues. (B) Exploration of the molecular mechanisms by which aging and exhausted 
immune cells promote CRC progression and metastasis. (C) Detailed annotation of the transcription factor-target regulatory network. 
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analysis, we hypothesize that senescent and exhausted 

immune cells promote EMT and angiogenesis in CRC, 

thereby contributing to the molecular mechanisms 

underlying tumor progression and metastasis (Figure 

8B). The EMT-related Regulons network is illustrated 

in Figure 8C. 

 

WGCNA and prognostic risk model construction 

 

Through prior multi-omics analyses, we ascertained that 

SMCs might be closely associated with LM through 

mechanisms such as EMT and angiogenesis promotion. 

Therefore, we employed WGCNA to identify gene 

modules highly correlated with LM. Two gene modules, 

namely the turquoise module and the blue module, were 

identified through WGCNA (Figure 9A). Correlation 

analysis results (Figure 9B) indicated that both the 

turquoise and blue modules correlated with the tissue 

source of SMCs. By examining the heatmaps of MEs 

expression levels for both gene modules (Figure 9C, 

9D), it became apparent that the turquoise module 

exhibited a highly significant correlation with the 

occurrence of LM. 

 

To construct a prognostic risk model, we employed 12 

machine learning algorithms for model development 

and validation through a combination of 113 models. 

Initially, we selected 216 SRGs by taking the 

intersection of 490 DEGs and 881 MEs in the turquoise 

module (Figure 10A). After constructing and validating 

machine learning models, we determined that a 

prognostic risk model combining the glmBoost and 

 

 
 

Figure 9. Weighted co-expression network analysis (WGCNA) of SMCs subtypes. (A) Depiction of a dendrogram demonstrating 

the clustering of different gene modules in WGCNA. (B) Examination of the correlation between gene module expression levels and the 
source of colorectal cancer tissues (primary/liver metastasis) for different gene modules (turquoise and blue). (C, D) Representation of gene 
expression levels for the turquoise module (C) and blue module (D) across all samples. 
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RandomForest algorithms yielded the best results 

(Figure 10B). The model consisted of 13 genes  

(G0S2, RGS2, ATP1B3, TRAF1, GADD45B, C1orf56,  

FOSB, TUBA1B, CXCL1, NRG1, CCL4, EIF4A3, 

CLEC10A). Evaluating the AUC of the training and 

validation datasets, we found that the prognostic risk 

 

 
 

Figure 10. Development of prognostic risk models using machine learning algorithms. (A) Identification of the intersection 

between differentially expressed genes and genes from the turquoise module within subtypes of SMCs in primary and liver metastasis 
colorectal cancer tissues. (B, C) Construction of prognostic risk models employing 113 machine learning algorithms. The bar chart illustrates 
the relevant genes and their correlation coefficients (B), while the heatmap displays the AUC values for training and validation cohorts 
under various algorithms (C). (D–F) Depiction of Kaplan-Meier survival curves for high- and low-risk groups within all samples (D), training 
cohorts (E), and validation cohorts (F). (G–K) Display of Kaplan-Meier survival curves representing high- and low-risk groups in validation 
cohorts from GSE17536 (G), GSE17537 (H), GSE29621 (I), GSE38832 (J), and GSE39582 (K) samples. 
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model exhibited robust predictive capability for CRC’s 

OS (Figure 10C). Subsequently, we computed risk 

values for all samples and classified samples into  

high- and low-risk groups using the median risk value. 

Kaplan-Meier survival curves portrayed the OS of these 

groups. Across all samples (Figure 10D), the training 

dataset (Figure 10E), and the validation dataset (Figure 

10F), we consistently observed that the low-risk group 

had a significantly higher OS compared to the high-risk 

group. Furthermore, the Kaplan-Meier survival curves 

for the five validation subsets (Figure 10G–10K) 

reaffirmed this conclusion. 

 

DISCUSSION 
 

CRC represents a formidable malignant disease with  

a substantial impact on human health. One of the 

predominant challenges in current systemic treatment  

is to enhance the OS of patients with metastatic  

mCRC. Given the distinct attributes of the TME within 

CRC, existing targeted therapies and immunotherapies 

struggle to confer sustained survival benefits to the 

majority of mCRC patients. The principal hindrances to 

achieving these benefits are the restricted indications 

and the emergence of drug resistance. Hence, there 

exists an imperative need to uncover a breakthrough in 

our understanding of the molecular mechanisms that 

underlie the distant metastasis of CRC. Central to this 

discussion is the concept that immune cells manifesting 

features of senescence and exhaustion play a pivotal 

role in reshaping the TME and are intimately associated 

with the metastatic progression of malignant tumors. To 

delve into the nexus between senescent and exhausted 

immune cells and the onset of distant metastasis in 

CRC, our study harnessed scRNA-Seq data for the 

identification of these immune cell profiles. Employing 

a single-cell multi-omics approach, we meticulously 

probed the potential mechanisms by which SMCs and 

TEXs facilitate liver metastasis in the context of CRC. 

Furthermore, our research entailed the development of a 

prognostic risk model employing a suite of 12 machine 

learning algorithms to predict the correlation between 

genes associated with senescence and OS, thereby 

ushering in novel insights into the TME in the context 

of colorectal cancer liver metastasis. 

 

In the realm of main cell type annotation, it is  

evident that the proportions of NK/T cells, myeloid 

cells, and B cells exhibit marked discrepancies between 

pCRC and LM. Within the NK/T cell subtypes, pCRC 

demonstrates a substantially heightened representation 

of cytotoxic T cells, while LM exhibits an augmented 

prevalence of naïve T cells and TEXs. This disparity 

implies a diminished cytotoxic influence within the 

TME of LM, supplanted by an inhibitory effect. Of 

particular interest is the prevalence of mastocytes in 

myeloid cell subtypes in pCRC, a feature not discerned 

in LM. Intriguingly, mastocytes have been historically 

underexplored in prior research, yet recent investigations 

underscore their significance in the context of CRC 

prognosis and therapy. Mast cells have a pivotal role  

in the progression of colorectal cancer through the 

release of granules containing angiogenic factors such 

as VEGF-A, CXCL8, MMP-9, and lymphangiogenic 

factors like VEGF-C and VEGF-D [43]. Furthermore, 

SMCs manifest a substantially higher proportion within 

myeloid cells in LM compared to pCRC. To summarize, 

the observed alterations in the ratios of cell subtypes 

within NK/T cells and myeloid cells not only unveil an 

inhibitory TME within LM but also intimate a close 

interplay between SMCs and TEXs in the initiation of 

LM. These findings furnish a preliminary basis for our 

subsequent in-depth inquiries. 

 
Subsequently, we identified distinctive markers 

characteristic of cell subtypes and elucidated the 

pseudo-temporal sequence of these cell subtypes via 

differentiation trajectories. It emerged that both SMCs 

and TEXs exhibited noteworthy attributes in both  

pCRC and LM. In SMCs, aside from the conspicuous 

overexpression of markers associated with the SASP 

like IL1B and EREG [44, 45], there was a substantial 

upregulation of ATP6V0C, G0S2, and RNASEK. The 

extant body of research suggests that ATP6V0C [46] 

and G0S2 [47] can elicit autophagy and apoptosis in 

senescent cells, thereby facilitating the elimination of 

senescent cells [48, 49]. RNASEK, as a constituent of 

the ribonuclease family, expedites RNA degradation, 

thereby accelerating the clearance of senescent  

cells [50]. This peculiar marker expression profile in 

SMCs reflects the organism’s strategy for the removal 

of senescent cells, a phenomenon meriting further 

exploration given its relative novelty in prior research 

[51]. Comparatively, the markers characterizing TEXs 

closely adhere to existing research [52], marked  

by a consistent upregulation of immunosuppressive 

receptors such as CTLA4, BATF, TIGIT, and PDCD1, 

irrespective of the tissue source. Notably, the trajectory 

analysis of cell populations establishes a proximate 

relationship between TEXs and Tregs, emphasizing the 

significant role of TEXs in configuring an inhibitory 

TME. 

 
To elucidate the prospective mechanisms through 

which SMCs and TEXs expedite the initiation of  

liver metastasis, our study harnessed predictive 

techniques encompassing enrichment analysis, cell 

communication, and transcription factor activity.  

It has been ascertained that Angiopoietin-like protein  

4 (ANGPTL4) exerts influence on the progression  

and metastasis of CRC through various pathways  

[53]. Current research [54] suggests that ANGPTL4 
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primarily fuels tumor progression and metastasis 

through its C-terminal fragment. Notably, ANGPTL4 

also functions as a crucial metabolic regulator [55], 

implicated in genetic variations relating to a broad 

spectrum of blood lipids and metabolites. Furthermore, 

it plays a role in regulating the expression of  

glucose transport proteins, thereby promoting glucose 

metabolism within CRC [56]. The outcomes of cell 

communication analysis elucidate that SMCs in LM 

regulate the behavior of CRC cells, including CSCs, 

through the secretion of ANGPTL4. 

 

A selection of studies has indicated that SDC1  

can suppress EMT in oral cancer cells. Conversely, 

SDC1 has been implicated in mediating EMT in 

prostate cancer. Nevertheless, SDC4, although less 

explored in the context of EMT, has been reported  

to positively regulate TGF-β1-induced EMT in lung 

adenocarcinoma cells. Notably, no research has thus 

far probed the association of SDC1 and SDC4 with 

EMT within the milieu of CRC. Consequently, our 

research ventured into experimental validation. The 

results conclusively demonstrate that the silencing of 

SDC1 and SDC4 enhances the expression of E-

Cadherin (CDH1) while concurrently diminishing the 

presence of N-Cadherin (CDH2) and Vimentin (VIM) 

in HCT116 cells. This empirical verification affirms 

that both SDC1 and SDC4 play an integral role in 

promoting EMT in CRC cells, consequently propelling 

tumor progression and metastasis, a finding consistent 

with our earlier results derived from enrichment 

analysis. Furthermore, a subset of studies has revealed 

that tumor-associated macrophages can wield influence 

over the EMT program in CRC through the secretion 

of SASP molecules, such as IL-6, thereby intensifying 

CRC metastasis [57]. In the case of TEXs, cell 

communication analysis demonstrates that MIF-

(CD74+CD44) exhibits substantially higher signal 

intensity in LM, and MIF is an upstream regulator of 

the EMT program. The upregulation of MIF is 

documented to attenuate E-Cadherin in tumor cells, 

consequently augmenting their proliferation, invasive 

properties, and migratory capacity in vitro [58, 59].  

In summary, our postulation posits that SMCs and 

TEXs leverage the interaction between ligand-receptor 

pairs, such as ANGPTL4-SDC1/SDC4 and MIF-

(CD74+CD44), in cell communication to activate 

downstream transcription factors, thereby participating 

in the regulation of the EMT program within the context 

of CRC and precipitating the emergence of LM. 

 

In the subsequent phase of cell communication analysis, 

we embarked on a thorough analysis of transcription 
factor regulation. By selecting transcription factors 

linked to EMT, we determined that within LM,  

specific transcription factors, such as SNAI3, MITF, 

and PPARG, manifest distinctively high activity levels. 

Among these highly active transcription factors, 

members of the SNAIL family (SNAI1, SNAI2, 

SNAI3) emerge as quintessential regulators of EMT. 

They wield their influence by suppressing specific 

target genes, notably the E-Cadherin gene (CDH1), 

thereby underscoring their association with the adverse 

prognosis observed in metastatic cancer [60]. MITF, a 

pivotal regulatory element in melanocyte development 

and differentiation, plays a facilitating role in EMT 

within the extracellular matrix of melanoma cells [61]. 

The heightened expression of PPARG in intestinal 

epithelium similarly typifies its involvement in EMT 

regulation [62]. Notably, the augmented activity of 

HMGB1 within LM fosters angiogenesis [63], while the 

diminished activity of KLF10 serves as a suppressive 

regulator of EMT [64]. In conclusion, the TME of LM 

distinctly exhibits characteristics that promote EMT and 

angiogenesis. 

 

In light of the cumulative findings derived from 

enrichment analysis, cell communication, cell trajectory, 

and transcription factor regulation, we posit that 

senescent and exhausted immune cells are instrumental  

in propelling EMT and angiogenesis, thereby culminating 

in tumor progression and metastasis. However, this study 

is by no means exhaustive. The definitive validation  

of the molecular mechanisms underpinning the role of 

senescent and exhausted immune cells in the promotion 

of LM necessitates further elaboration. Throughout  

the course of our analysis, a plethora of intriguing 

phenomena has surfaced, not least the intricate interplay 

between mastocytes, which predominate in pCRC, and 

other cellular elements. This intriguing terrain warrants 

more profound exploration in our forthcoming research 

endeavors. 
 

CONCLUSION 
 

In this investigation, we elucidated potential  

molecular mechanisms contributing to LM in CRC  

by conducting a comprehensive single-cell multi- 

omics analysis. This analysis involved enrichment 

studies, cell communication assessments, cell trajectory 

evaluations, and transcription factor regulation scrutiny. 

Furthermore, we established a network that clarifies  

the role of senescence or exhausted immune cells in 

regulating EMT. Through the integration of machine 

learning algorithms, we formulated a prognostic risk 

model founded on markers related to senescence. Our 

holistic approach has brought to light the significant 

involvement of senescent and exhausted immune cells 

in LM. Moreover, our research has unveiled intriguing 
phenomena within the immune microenvironments of 

pCRC and LM, providing a strong basis for further  

in-depth exploration. 
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SUPPLEMENTARY MATERIALS 
 

Supplementary Figures 
 

 
 

Supplementary Figure 1. Quality control and dimensionality reduction clustering of primary colorectal cancer scRNA-Seq 
data. (A, B) Data features before (A) and after (B) quality control of scRNA-Seq data. (C) Clustree dendrogram demonstrating 

dimensionality reduction clustering at varying resolutions (0.5–1.2). (D) Dimensionality reduction clustering of all cells utilizing the UMAP 
plot at the appropriate resolution. (E) Heatmap presenting the gene expression levels of the top 5 differentially expressed genes across 
distinct clusters. 
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Supplementary Figure 2. Quality control and dimensionality reduction clustering of liver metastasis scRNA-Seq data. (A, B) 

Data features before (A) and after (B) quality control of scRNA-Seq data. (C) Clustree dendrogram showcasing dimensionality reduction 
clustering at different resolutions (0.5–1.2). (D) Dimensionality reduction clustering of all cells utilizing the UMAP plot at the optimal 
resolution. (E) Heatmap illustrating the gene expression levels of the top 5 differentially expressed genes within different clusters. 
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Supplementary Figure 3. Dimensionality reduction clustering results of main cell types. (A–C) UMAP plots for dimensionality 

reduction clustering of epithelial cells (A), myeloid cells (B), and NK/T cells (C) in primary colorectal cancer tissues. (D–F) UMAP plots for 
dimensionality reduction clustering of epithelial cells (D), myeloid cells (E), and NK/T cells (F) in liver metastasis tissues. 
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Supplementary Figure 4. Proportion plots of main cell types and their subtypes. (A–C) Proportion plots representing the 

distribution of cell subtypes within epithelial cells (A), myeloid cells (B), and NK/T cells (C) in primary colorectal cancer tissues. (D–F) 
Proportion plots illustrating the distribution of cell subtypes within epithelial cells (D), myeloid cells (E), and NK/T cells (F) in liver metastasis 
tissues. 
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Supplementary Tables 
 

Supplementary Table 1. siRNA sequences and primer sequences. 

 Sequencing 

si-SDC1 
Sense: CCUGCCGCAAAUUGUGGCUACUAAU 

Antisense: AUUAGUAGCCACAAUUUGCGGCAGG 

si-SDC4 
Sense: GACCUCCUAGAAGGCCGAUACUUCU 

Antisense: AGAAGUAUCGGCCUUCUAGGAGGUC 

CDH1 
Forward: 5′-CGAGAGCTACACGTTCACGG-3′ 

Reverse: 5′-GGGTGTCGAGGGAAAAATAGG-3′ 

CDH2 
Forward: 5′-AGCCAACCTTAACTGAGGAGT-3′ 

Reverse: 5′-GGCAAGTTGATTGGAGGGATG-3′ 

VIM 
Forward: 5′-GACGCCATCAACACCGAGTT-3′ 

Reverse: 5′-CTTTGTCGTTGGTTAGCTGGT-3′ 

β-Actin 
Forward: 5′-AGGATGCAGAAGGAGATCAC-3′ 

Reverse: 5′-TGTAACGCAACTAAGTCATAG-3′ 

 

 

Supplementary Table 2. Reverse transcription reaction mixture. 

Reagents  Quantities/μL 

5 × gDNA Eraser Buffer 2 

gDNA Eraser 1 

Total RNA 4 

RNase Free dH2O 3 

Total 10 

 

 

Supplementary Table 3. Reverse transcription reaction system. 

Reagents  Quantities/μL 

Reverse transcription reaction mixture 10 

PrimeScript RT Enzyme Mix I 1 

RT Primer Mix 4 

5×PrimeScript Buffer 2 4 

RNase Free dH2O 1 

Total 20 

 

 

Supplementary Table 4. qRT-PCR reaction system. 

Reagents Quantities/μL 

SYBR Premix Ex Taq™II 5 

Forward Primer (10 μM) 0.2 

Reference Primer (10 μM) 0.2 

Template DNA 1 

ddH2O 3.6 

Total 10 
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