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Abstract
Background

Tumor heterogeneity impedes personalized therapy for colorectal cancer (CRC), while the complex
cellular interactions within the tumor microenvironment critically influence disease progression through
mechanisms not yet fully elucidated.

Methods

We integrated multi-omics data including bulk RNA-seq, scRNA-seq, and spatial transcriptomics (ST)
from CRC and normal tissues. Bulk RNA-seq datas were subjected to differential expression analysis,
functional enrichment, and screened prognostic feature genes by machine learning-based prognostic
modeling and survival analysis. Consensus high-expression risk genes and low-expression protective
genes at the intersection of feature genes and epithelial cell DEGs were designated as important genes.
scRNA-seq data were used for cluster analysis, trajectory analysis, cell-cell communication and high-
dimensional weighted gene co-expression network analysis. ST data were deconvoluted and analyzed
for spatial heterogeneity and copy number variations analysis.

Results

A total of 5,127 overlapping DEGs were identified, revealing key dysregulated pathways: cell cycle, DNA
replication, mismatch repair, base excision repair, and p53 signaling. We explored an eight-gene
prognostic signature (ADH5, FOXD1, GDI1, PSMF1, PTP4A2, RFXANK, RNF113A, SSNA1) for patient
stratification. scRNA-seq delineated functional subtypes of T cells and cancer-associated fibroblasts
(CAFs), revealing extensive interaction networks. And ten co-expression network modules were identified
associated with CAFs. ST analysis spatially suggested that malignant epithelial cells may act as
signaling hubs, actively remodeling an immunosuppressive, pro-tumor microenvironment.

Conclusion

This integrative multi-omics analysis characterizes the multicellular dysregulation in the CRC
microenvironment, identifies an exploratory prognostic gene signature, and highlights candidate
functional modules in CAFs. These findings provide a resource for further investigation of CRC
microenvironment biology and potential biomarker development.

1. Introduction

Colorectal cancer (CRC) is the third most common malignancy and second leading cause of cancer-
related deaths worldwide (1). The five-year survival rate for patients with early stage CRC exceeds 90%,
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whereas that for patients with advanced disease presenting with metastases and complications is below
10% (2). Although personalized therapies reduce CRC mortality, tumor heterogeneity remains a barrier to
effective clinical management (3, 4). Such heterogeneity spans multi-omic layers from the genomic to
the transcriptomic level and extends to cellular interactions within the tumor microenvironment (TME)
(5). Therefore, deciphering the complexity of the molecular and cellular crosstalk in the CRC TME may
offer novel insights and therapeutic avenues for CRC prevention and improved patient outcomes.

The TME, a central focus in oncology research, influences treatment outcomes through immune
infiltrates (6, 7). Within the tumor ecosystem, diverse cell populations form dynamic interaction networks
that shape microenvironmental homeostasis (8—10). The TME is primarily composed of diverse cell
types, including immune cells, fibroblasts, vascular endothelial cells, and noncellular components (11).
Cellular components within the TME directly orchestrate malignant tumor progression, organ-specific
metastasis, and immunotherapy outcomes, wherein immune-infiltrating cells occupy a pivotal hub
position in the TME (12). Studies have reported multiple cell types within the local TME in breast cancer,
renal cell carcinoma, and CRC (13-15). Furthermore, memory B/T cell accumulation in the TME
determines the clinical stage of CRC and reflects the efficacy of the antitumor immune response (16).
Consequently, elucidating the cellular composition within the CRC TME may enhance the precision of
immunotherapy.

A recent study by Zhou et al. integrated single-cell and spatial transcriptomics to characterize MUC1-
mediated cellular crosstalk in mucinous colorectal adenocarcinoma using the GSE236696 and
GSE236697 datasets(17). Building upon this foundation, the present study extends the analysis by: (i)
constructing and assessing a machine learning-based prognostic gene signature using TCGA and
GSE39582 bulk RNA-seq cohorts, (ii) identifying CAF-associated co-expression modules through
hdWGCNA, and (iii) performing in silico gene perturbation analysis to infer potential functional
consequences of GDIT modulation in CAFs. Through these analyses, we aimed to further characterize
multicellular dysregulation in the CRC microenvironment and explore clinically relevant biomarkers.

2. Methods
2.1 Data collection

This study included one 10x Genomics spatial transcriptomic dataset (GSE236697), one 10x Genomics
scRNA-seq dataset (6SE236696), and an Affymetrix microarray gene-expression dataset (GSE39582)
from the Gene Expression Omnibus database (http://www.ncbi.nlm.nih.gov/geo/)(Table 1). GSE236696
comprises paired mucinous colorectal adenocarcinoma and adjacent normal colon tissue samples from
six patients profiled by scRNA-seq. GSE236697 comprises spatial transcriptomic profiles of mucinous
colorectal adenocarcinoma and adjacent normal tissues from one patient (17). Notably, these datasets
are restricted to the mucinous colorectal adenocarcinoma subtype, limiting the generalizability of our
findings to non-mucinous CRC. GSE39582 contains gene-expression profiles and survival data from 566
primary colon cancer samples and 19 non-tumor samples generated on the GPL570 platform (18).
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Transcriptomic and survival data for 471 colon adenocarcinoma (COAD) tumor samples and 41 normal
samples, as well as 166 rectum adenocarcinoma (READ) tumor samples and 10 normal samples, were
obtained from The Cancer Genome Atlas COAD (TCGA-COAD) and READ (TCGA-READ) projects,
respectively (19).

Table 1
Information of the data set in this study
Deposited Data Species Platform Identifier
single-cell RNA-sequencing Homo 10x GEO: GSE236696
dataset sapiens Genomics
Spatial Transcriptomics dataset Homo 10x GEO: GSE236697
sapiens Genomics
bulk RNA-seq dataset Homo GPLS570 GEO: GSE39582
sapiens
bulk RNA-seq dataset Homo [llumina The Cancer Genome Atlas
sapiens Hiseq database

2.2 Differential expression analysis and enrichment
analysis in transcriptome data

The ComBat_Seq function of the sva package was used to merge and debatch COAD and READ
samples. Subsequently, principal component analysis (PCA) was employed to perform dimensionality
reduction on the TCGA datasets (COAD and READ). We performed a differential expression analysis
using the DESeq2 package, comparing 637 tumor and 51 normal samples, to identify CRC-related DEGs
in TCGA cohort. The limma package (20) was used to perform a differential analysis of the GSE39582
expression profile. Significance thresholds for DEGs were set at an adjusted p < 0.05 and an absolute
average log2 fold change (lavg_log2FC|) > 0.1.

We integrated the TCGA and GSE39582 datasets to extract overlapping DEGs and identify their
functional roles in CRC. Functional enrichment analysis was performed using ClusterProfiler (21) for
gene ontology (GO), including cellular components (CC), biological processes (BP), molecular functions
(MF), and KEGG pathways. Gene set enrichment analysis (GSEA) was performed on overlapping DEGs
using the GSEABase package
(http://www.bioconductor.org/packages/release/bioc/html/GSEABase.html), with pathways ranked by
normalized enrichment score (NES). The top five significantly activated and inhibited pathways were
selected and visualized using GseaVis to highlight the conserved functional signatures. The significance
threshold for GO and pathways was set at adjusted p < 0.05.

2.3 Constructing prognostic models by integrative machine
learning methods
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We performed Kaplan—Meier survival analysis with log-rank testing was performed on tumor samples
from the GSE39582 and TCGA cohorts to identify prognosis-associated genes (p < 0.05). Subsequently,
we constructed a prognostic model using consensus high- and low-expression protective genes that
showed significant survival associations in both datasets to investigate the prognostic value of CRC
feature genes. Multiple machine learning approaches were applied for prognostic modeling, including
random survival forest (RSF), elastic network, Lasso, Ridge, stepwise Cox, CoxBoost, partial least
squares regression for Cox, supervised principal components, generalized boosted regression modeling,
survival support vector machine, CForest, xgBoost, and oblique RSF. The TCGA cohort served as the
training set, whereas the GSE39582, COAD, and READ cohorts were used as testing sets. The C-index
and area under the curve (AUC) were calculated across the four datasets, and the highest C-index and
AUC were considered the best-performing prognostic model (22). An AUC value > 0.60 was considered
indicative of acceptable discriminatory performance.

2.4 Assessments of prognostic genes

We used a multi-tiered gene screening strategy to identify prognosis-related genes in CRC. We first
obtained the intersecting genes between DEGs of the major cell types in CRC and epithelial cells in the
tumor and normal groups. Next, consensus high-expression risk genes and low-expression protective
genes of common genes between feature genes and intersecting genes were considered important
genes. Thereafter, a waterfall plot was used to visualize the single nucleotide polymorphisms (SNPs) of
important genes from the 583 samples in TCGA dataset.

According to the important genes, patients were divided into high- and low-risk groups, and survival
differences were determined based on KM curves. Important genes and 3- and 5-year survival
probabilities were constructed to predict CRC prognosis using the rms R package. In addition, a risk-
scoring model was built based on the median risk score, and CRC samples were divided into high- and
low-risk groups in TCGA cohort. Correlations among the important genes and differences in their
expression levels between the CRC and normal groups were further evaluated.

2.5 scRNA-seq data processing and construction of cell
atlas

First, low-quality cells in the GSE236696 expression profile were filtered out using the Seurat R package
(23). Additionally, contaminated cells were removed using the decontX package, and double-cell artifacts
were eliminated using the DoubletFinder package. After quality control, 62,288 cells from the
GSE236696 dataset were selected for subsequent analysis.

Harmony was used to remove batch effects from the samples and further performed dimensionality
reduction using UMAP in the Seurat package (23). The resulting cell clusters were visualized on a cellular
atlas in a loop map using the plot1cell package. Cell-type annotation was performed using known
markers. Subsequent proportional composition analysis revealed significant proportional differences in
these cell types between the tumor and normal groups using the ggplot2 package.
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Nonnegative matrix factorization (NMF) offers an effective approach to dimensionality reduction,
yielding biologically interpretable outputs (24). Here, we applied this approach to T cells and fibroblasts
using the NMF package, and subsequently visualized the results by UMAP in Seurat package (23). The
MiloR package was employed for the differential abundance analysis of subtypes, identifying those
showing significant proportional differences. Additionally, the corrplot function from the corrplot
package was used to compute correlations between these subtypes.

2.6 Differential expression analysis and enrichment
analyses of scRNA-seq

We applied the FindAllMarkers function (25) to extract DEGs with exclusive expression patterns for each
cell type in CRC and define the specific signatures of the cell types. Subsequently, the FindAlIMarkers
function was used to identify the DEGs of epithelial cells between CRC and normal samples to compare
the changes in major cell types between the normal and diseased states. Statistical significance was
defined as an adjusted p < 0.05 and an |avg_log2FC| > 0.1.BPs and KEGG pathway enrichment analyses
were conducted using the clusterProfiler package (21) to characterize the specific functions of major
cell types in CRC.

2.7 Verifying potential tumour cell clusters using InferCNV

We used the InferCNV package to explore large-scale chromosomal CNVs to identify malignant cells in
patients with CRC.

2.8 Cell-cell communication analysis

We used the R software package CellChat (26) to analyze ligand-receptor pairs across major cell types
and identify cell state-specific signaling networks to explore how these signaling molecule networks can
achieve coordinated regulation among various cell types.

2.9 Pseudotime analysis

We first analyzed the differentiation states of T cell and fibroblast subtypes using the CytoTRACE
package to identify cells in the least differentiated state. Based on the differentiation scores predicted by
CytoTRACE, we selected cells with the lowest differentiation state as the starting point for pseudotime
analysis. T cell subtypes and fibroblast subtypes were analyzed in separate pseudotime trajectories
using the monocle3 package. The T cell trajectory contained both CD4 + and CD8 + lineages and the
inferred ordering reflects transcriptional similarity. Genes meeting q < 0.05 and Moran'’s index >0 were
screened, and the top 20 genes ranked by Moran’s absolute value were displayed in a heat map.

2.10 Expression of important genes and pathways

The plot_density function of the Nebulosa package was used to generate heat maps of gene expression
for the important genes in the two subtypes and the CRC cell atlas to investigate the functional activity
regions of T cells and fibroblasts in the CRC microenvironment. The AddModuleScore algorithm was
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used to calculate gene set activity scores to quantify the activity of key pathways, thereby elucidating
how microenvironmental positioning regulates cellular functions.

2.11 Virtual gene perturbation analysis

scTenifoldKnk employs a machine learning workflow to simulate gene knockout on scRNA-seq data and
assess its functional impact (27). To elucidate the downstream consequences of GDI1, we established a
single-cell gene regulatory network from CAF expression data, conducted in silico knockout and
overexpression of GDI1, quantified the resulting perturbation impact, and thereby screened for
differentially regulated genes (DRGs). These in silico perturbations do not establish causality. We then
displayed the DRGs affected by GDI1 perturbation in a regulatory network, applying a significance
threshold of p < 0.05.

2.12 hdWGCNA

The R package hdWGCNA (28) was utilized to construct gene co-expression networks and identify
CAF-associated modules. Based on the selected soft-thresholding power, we constructed an adjacency
matrix and a topological overlap matrix (TOM). Hierarchical clustering was then performed to generate a
dendrogram, from which co-expression gene modules were identified. UMAP plots further visualized the
correlation between module genes. The volcano plot explored the differences between each module
based on CRC and control samples. Finally, Enrichr tools were used to characterize the GO enrichment
within each module (29).

2.13 Processing and deconvolution of ST data

Spots with unique molecular identifier counts below 500 or above 45,000 were filtered from both
samples to exclude outliers to assess the quality of the ST data (30). Harmony (31) was used to remove
batch effects from the ST data, and the Seurat package was used to reduce the UMAP dimensions.

The 10x Genomics of ST data lacked single-cell spatial resolution, and the gene expression of each spot
constituted different cell types of varying numbers. Therefore, we used SPOTlight for spatial
deconvolution analysis to integrate single-cell transcriptome data into ST data and show the proportion
of cell types in each spatial spot.

2.14 Analyses of ST data

We conducted CNV analysis of CRC tissues using the SPATA2 package based on ST data to analyze the
spatial genomic heterogeneity in tumor tissues. CellChat v2 (32) was used to map spatial cellular
communication networks to infer the interactions between cell types. Subsequently, key pathways were
quantified using the AddModuleScore function and their expression patterns were visualized using
SpatialFeaturePlot from the Seurat package. Finally, the spatial feature plot from Seurat was used to
visualize the ST expression profiles of important genes in CRC tissues.

2.15 Statistical analysis
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Data processing and visualization were performed using R version 4.3.0. Survival analysis with log-rank
testing was used to determine statistical significance. Furthermore, the statistical significance threshold
for DEGs, GO, and KEGG pathways was set at an adjusted p < 0.05.

3. Results

3.1 The core dysregulation pathway in CRC molecular
heterogeneity

To characterize the transcriptional landscape of CRC, we performed differential expression analysis
across four transcriptomic datasets: TCGA-COAD, TCGA-READ, GSE39582, and the merged TCGA cohort,
and its individual components COAD and READ. Following batch correction of COAD and READ, PCA
confirmed integration quality (Fig. 2A). Each cohort showed substantial transcriptional dysregulation,
yielding 11,463, 12,200, 8,958, and 12,469 DEGs, respectively (Fig. 2B). Intersection across all four
datasets identified a core set of 2,973 upregulated and 2,154 downregulated overlapping DEGs (Fig. 2C).
Enrichment analysis of these 5,127 genes revealed enrichment in cell cycle, DNA replication, focal
adhesion, chromosomal regions, ATP hydrolysis activity, and kinase regulator activity (Fig. 2D). Five
KEGG pathway gene sets were prominently enriched: cell cycle, DNA replication, mismatch repair, base
excision repair, and p53 signaling (Fig. 2E). GSEA independently confirmed that cell cycle- and DNA
replication-related gene sets were among the most activated, while drug metabolism and lipolysis
regulatory pathways were suppressed (Fig. 2F). Together, these results define cell cycle, DNA replication,
and DNA repair as the core transcriptional programs dysregulated in CRC.

3.2 Global single-cell transcriptome map of CRC and
normal tissue samples

To resolve the cellular composition of the CRC microenvironment, we analyzed scRNA-seq data from six
paired tumor and adjacent normal tissue samples (GSE236696). After quality filtering, 62,288 cells were
retained and clustered into 25 transcriptionally distinct groups, which were annotated as nine major cell
types using canonical markers: B cells (n =14,174), T cells (n = 24,126), NK cells (n = 2,038), mast cells
(n =228), myeloid cells (n =7,272), fibroblasts (n = 7,289), epithelial cells (n = 2,544), endothelial cells (n
=3,921), and enteric glial cells (n = 696) (Fig. 3A-B). Comparison of cellular proportions between tumor
and normal tissues revealed a shift in composition: T cells declined from 47.5% to 29.2%, while myeloid
cells expanded from 8.8% to 23.1%, fibroblasts increased from 6.9% to 14.5%, and endothelial cells rose
from 3.7% to 10.8% (Fig. 3C). Marker gene expression confirmed the identity of each cell type (Fig. 3D).
These compositional changes suggest a remodeling of the CRC microenvironment characterized by
immune cell depletion and stromal expansion.

3.3 Signaling dysregulation reveals functional
heterogeneity across all cell types in CRC
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To assess the functional state of each cell population, we performed differential expression analysis
within all nine cell types, identifying 23,755 cell-type-specific DEGs (Fig. 3E). An additional 4,656 DEGs
were identified in epithelial cells between tumor and normal tissues (Fig. 4A), and the top 10 DEGs per
cell type revealed marked transcellular transcriptional heterogeneity (Fig. 4B). GO enrichment of each
cell type's DEGs highlighted type-specific biological programs: T cells were enriched in T cell activation
and lymphocyte differentiation; myeloid cells in innate immune response; fibroblasts in extracellular
matrix organization; B cells in antigen receptor signaling (Fig. 4C). At the pathway level, the MAPK
pathway and the p53 signaling gene set were broadly enriched across all nine cell types (Fig. 4D). TP53
is frequently inactivated in CRC, and enrichment of the p53 gene set may reflect proliferation-associated
expression of cell cycle and DNA repair genes within this gene set. To distinguish malignant from non-
malignant cells, we performed copy number variation (CNV) inference using T cells, B cells, fibroblasts,
myeloid cells, and NK cells as normal references. Epithelial cells displayed prominent CNV signals,
particularly on chromosomes 1 and 12, confirming their malignant identity (Fig. 4E). Scoring of the five
core pathways across the cell atlas confirmed broad pathway activity across all cell types (Fig. 4F).

3.4 Screening of key genes related to CRC prognosis and
construction of prognostic score model

To identify genes with prognostic relevance, we applied Kaplan—Meier survival analysis to tumor
samples from the GSE39582 and TCGA cohorts. KM pre-selection was performed on both datasets prior
to model training. Among twelve machine learning algorithms evaluated, the Gradient Boosting Machine
combined with random survival forest (GBM + RSF) achieved the highest C-index across the four
datasets and was selected for feature gene identification, yielding 73 candidate feature genes (Fig. 5A).
Across the nine evaluated algorithm combinations, C-index values ranged from 0.40 to 0.97, with the
highest performance (C-index > 0.90) observed in TCGA and GSE39582, and lower values (C-index 0.50-
0.89) in the smaller COAD and READ subsets. Intersecting these feature genes with epithelial cell DEGs
and filtering for consensus high-expression risk and low-expression protective genes identified eight
important genes: ADH5, FOXD1, GDI1, PSMF1, PTP4A2, RFXANK, RNF113A, and SSNA1. Mutational
profiling of TCGA samples revealed low-frequency mutations (1%) in ADH5, GDI1, PSMF1, PTP4A2, and
RNF113A, while FOXD1, RFXANK, and SSNA1 showed no detectable mutations (Fig. 5B). In univariate
Kaplan—Meier analysis, all eight genes were significantly associated with overall survival (Fig. 5C): ADH5
(p=0.022, HR =0.88) and PTP4A2 (p = 0.025, HR = 0.88) were associated with favorable prognosis,
whereas FOXD1 (p = 0.006, HR = 1.54), GDI1 (p = 0.001, HR = 1.59), PSMF1 (p = 0.020, HR = 1.49),
RFXANK (p = 0.044, HR = 1.44), RNF113A (p = 0.036, HR = 1.40), and SSNA1 (p =0.047, HR = 1.43) were
associated with worse survival. A nomogram integrating all eight genes was constructed to predict 3-
and 5-year survival probabilities (Fig. 5D), and calibration curves showed acceptable agreement between
predicted and observed outcomes (Fig. 5E). Stratification by median risk score separated patients into
high- and low-risk groups with distinguishable survival trajectories (Fig. 5F). Gene-gene correlation
analysis (Fig. 5G) and differential expression between tumor and normal tissues (Fig. 5H) confirmed that
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the six risk-associated genes were upregulated in tumors, while ADH5 and PTP4A2 were downregulated,
consistent with their protective associations.

3.5 Coordinated reprogramming of T cells and cancer-
associated fibroblasts (CAF) in CRC microenvironment

Given the prominent compositional changes observed in T cells and fibroblasts, we performed sub-
clustering analysis of these populations alongside endothelial and B cells to refine their functional
taxonomy (Fig. 6A). T cells were resolved into six subtypes across seven clusters: Tem/Temra cytotoxic
T cells (n =11,920), Effector T cells (n=5,112), CD8 + T cells (n = 3,635), Tem/Trm cytotoxic T cells (n =
1,447), Th17 cells (n =1,378), and follicular helper T cells (TFH, n = 634). CAFs were resolved into five
subtypes: inflammatory CAF (iCAF), mesenchymal CAF (mesCAF), myofibroblastic CAF (myCAF),
antigen-presenting CAF (apCAF), and vascular CAF (vCAF) (Fig. 6B). Differential abundance analysis
revealed that Tem/Trm cytotoxic T cells and CD8 + T cells were significantly depleted in tumor tissue,
whereas mesCAFs and iCAFs were significantly expanded and myCAFs were reduced (Fig. 6C).
Correlation analysis among all subtypes showed coordinated abundance patterns within each lineage
(Fig. 6D). Activity scores for the five core pathways demonstrated elevated pathway engagement in both
T cell and CAF subtypes, most prominently in mesCAFs and myCAFs (Fig. 6E). Among the eight
prognostic genes, GDI1 showed the strongest risk association (HR =1.59, p =0.001) and was highly
expressed in CAFs. As an exploratory analysis, in silico gene perturbation was performed: simulated
GDI1 knockout in CAFs was associated with altered expression of 14 genes including VEGFA and
HSPB1, while simulated overexpression was associated with changes in 83 genes including TIMP2 and
CD63 (Fig. 9A-B). These computational predictions do not establish a functional role for GDI1 and
require experimental validation.

3.6 Coordinated T cell-CAF crosstalk in the CRC
microenvironment

Having established the transcriptional profiles of T cell and CAF subtypes, we next asked how these
populations interact within the tumor microenvironment. To explore intercellular communication, we
applied CellChat to infer ligand-receptor interactions among T cell and CAF subtypes. Effector T cells
served as the dominant communication hub within the T cell compartment, interacting with all five other
T cell subtypes, while among CAFs, mesCAFs and myCAFs showed the strongest communication
intensity (Fig. 7A). A total of 24 significant ligand-receptor pairs were identified among T cell subtypes,
with CLEC- and MHC-I-mediated pathways exhibiting the highest bidirectional signaling intensity. Among
CAF subtypes, 112 significant pairs were detected, with MIF, APP, and COLLAGEN showing the highest
communication flux (Fig. 7B; Figure S1). To infer transcriptional trajectories, we applied CytoTRACE and
pseudotime analysis. Among T cells, TFH cells exhibited the highest CytoTRACE scores, suggesting a
less differentiated transcriptional state compared to effector and cytotoxic populations. Among CAFs,
mesCAFs showed the highest scores (Fig. 7C). Pseudotime analysis organized T cell and CAF subtypes
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along separate trajectories, with TFH positioned near the origin of the T cell trajectory and mesCAFs near
the origin of the CAF trajectory (Fig. 7D). The eight prognostic genes showed heterogeneous expression
distribution across T cell and CAF subtypes as well as the broader CRC cell atlas (Fig. 8A-B), providing a
view of their spatial distribution within the tumor ecosystem.

3.7 Co-expression network analysis reveals
immunomodulatory CAF subtypes in CRC

To further characterize the transcriptional organization of CAFs, we performed high-dimensional
weighted gene co-expression network analysis (hdWGCNA). A soft-thresholding power of 6 was selected
to achieve scale-free network topology (Fig. 9C). Hierarchical clustering identified ten co-expression
modules, designated M1 through M10 (Fig. 9D), which were visualized as a UMAP embedding of the
gene co-expression network (Fig. 9E). Comparison between CRC and normal samples revealed that
modules M2, M5, and M6 were significantly upregulated in CRC, while module M4 was downregulated
(Fig. 9F). GO enrichment analysis of each module revealed distinct functional repertoires: M1 was
enriched in cell migration and signal transduction; M2 in focal adhesion and cell junction organization;
M3 in extracellular vesicle biology and respiratory chain components; M4 in translation and ribosome
biogenesis; M5 in DNA replication; M6 in RNA processing; M7 in chromatin organization; M8 in antigen
processing and presentation via MHC class Il, suggesting a CAF subset with T cell-activating potential;
M9 in extracellular matrix disassembly and metallopeptidase activity; and M10 in extracellular structure
organization and angiogenesis (Fig. 9G). These modules highlight functionally divergent CAF states
within the CRC microenvironment.

3.8 ST deciphers the pro-tumor ecosystem orchestrated by
malignant epithelial modules in CRC

To assess the spatial organization of the CRC microenvironment, we analyzed ST data from tumor
(GSM7573205) and adjacent normal (GSM8286350) tissue sections from a single patient with mucinous
colorectal adenocarcinoma. UMAP clustering of 4,978 spots resolved nine spatial clusters, which were
grouped into four modules: immune (n = 2,055), epithelial (n = 455), fibroblast (n = 823), and myeloid (n =
1,645) (Fig. 10A). Deconvolution of ST spots using scRNA-seq as a reference mapped cell-type
proportions to each spatial location (Figure S2A). The spatial distribution of T cells and fibroblasts
showed distinct patterns between tumor and normal tissue (Fig. 10B; Figure S2B). CellChat analysis at
the spatial level revealed prominent intercellular interactions between the epithelial module and the
immune, myeloid, and fibroblast modules in the tumor, suggesting that malignant epithelial cells may
function as signaling hubs (Fig. 10C). CNV analysis of spatial transcriptomic data confirmed enrichment
of chromosomal aberrations on chr1 and chr12 in the epithelial and myeloid modules (Fig. 10D). Among
the five core pathway gene sets, the p53 signaling gene set showed spatial heterogeneity with localized
alterations in tumor regions (Fig. 10E). The eight prognostic genes displayed heterogeneous spatial
expression across the tissue (Figure S2C). These spatial findings are derived from a single patient and at
55 pym resolution.
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4. Discussion

In this study, we integrated bulk RNA-seq, single-cell transcriptomics, and ST data to characterize
multicellular dysregulation in the CRC tumor microenvironment and explore a prognostic gene signature
using machine learning-based feature selection. Our analysis provides a descriptive framework spanning
molecular, cellular, and spatial dimensions, although all conclusions derive from computational
inference.

Integrative analysis of multiple large-scale datasets revealed a transcriptional dysregulation landscape in
CRC. Enrichment analysis and GSEA of overlapping DEGs consistently identified the cell cycle, DNA
replication, mismatch repair, and base excision repair pathways as core dysregulated molecular events.
The p53 signaling gene set was also enriched; however, TP53 is among the most frequently mutated
genes in CRC, and the observed enrichment of the p53 gene set may reflect proliferation-driven
expression of cell cycle and DNA repair component genes within this gene set. Subsequently, scRNA-seq
analysis revealed that the dysregulation of core pathways is a universal feature across all major cell
types within the tumor microenvironment, pointing to a field effect of comprehensive carcinogenic
reprogramming. This global dysregulation was further substantiated by ST data, which pinpointed highly
active p53 pathway signals, specifically within the core tumor region. Loss of p53 accelerates the
malignant progression of CRC (33). Dysfunction of the mismatch repair and base excision repair
pathways promotes genomic instability and elevates mutation rates, ultimately driving more aggressive
tumor behavior and worse clinical outcomes in CRC (34). Furthermore, inactivation of the core regulatory
mechanism of the cell cycle and continuous abnormal activation of the DNA replication process jointly
drive the proliferation of tumor cells, which is the core mechanism of the occurrence and development of
CRC (35). Collectively, these findings identify the coordinated dysregulation of core pathways involved in
cell proliferation and genomic stability, such as the cell cycle, DNA replication, and p53 signaling, may be
as the central drivers of CRC development.

We constructed a single-cell transcriptomic atlas for CRC, which revealed a characteristic
immunosuppressive landscape within the CRC TME. Specifically, we observed the exhaustion of T and B
cells and significant expansion of CAFs, myeloid cells, and endothelial cells. Studies have shown that the
presence of T cells within CRC tumors serves as a prognostic biomarker for improved outcomes,
underscoring the therapeutic potential of harnessing immune editing processes (36). Conversely, CAFs
are highly abundant, linked to poor prognosis (37) and interact with myeloid cells to drive malignancy
(38). Similarly, the prevalence of tip-like endothelial cells correlates with poor survival in CRC and other
cancers (39). Thus, the interplay between functionally impaired T cells and activated CAFs has emerged
as a central node in fostering immunosuppression. Consequently, targeting this co-regulatory axis may
present a novel therapeutic strategy for restoring immune control and inhibiting stromal-supported
tumor progression.

Based on these findings, we identified eight key genes (ADH5, FOXD1, GDI1, PSMF1, PTP4A2, RFXANK,
RNF113A, and SSNA1) and developed an exploratory prognostic model. Among them, six genes,
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including FOXD1 and GDI1, were classified as high-risk factors, whereas ADH5 and PTP4A2 showed
potential protective effects. GDI1 encodes a small GTPase dissociation inhibitor that regulates GTPase
membrane cycling and thereby influences proliferation, migration, and adhesion (40). Specifically,
overexpression of GDI1 correlates with enhanced malignant progression and unfavorable prognosis in
CRC, highlighting its potential as a prognostic biomarker and target for therapeutic development (41).
FOXD1 promotes tumor growth and chemoresistance in non-small-cell lung cancer (42), whereas its
knockdown inhibits the proliferation, migration, and invasion of CRC cells, highlighting its context-
dependent roles in cancer progression (43). PSMF1 (44) and RNF113A (45) are associated with CRC
progression. ADH5, a member of the alcohol dehydrogenase family, participates in inflammation,
immune regulation, and cancer development, and its dysregulation may disrupt cellular homeostasis and
contribute to disease pathogenesis (46, 47). Although a high expression of PTP4A2 (48) and SSNA1 (49)
has been linked to poor prognosis in hepatocellular carcinoma, their roles in CRC remain poorly
characterized. Thus, multiple genes in CRC play dual roles in promoting and inhibiting cancer, and their
functional analysis has opened up new avenues for the development of novel prognostic biomarkers and
targeted therapy strategies.

We further investigated the cellular ecology and interactions between the two most heterogeneous and
influential populations in the TME— T cells and CAFs. Our analysis revealed significant functional
subtype differentiation and state heterogeneity in both groups, further confirming the high complexity of
the TME at the cellular and molecular levels (50). Notably, CD8* T cells exhibit functionally depleted
phenotypes with significantly suppressed effector functions and cytotoxicity (51). Concurrently, the
proportion of iCAF markedly increases, actively reshaping the inflammatory microenvironment of tumors
through the secretion of specific cytokines and chemokines (52). These results suggest that T cell
dysfunction and iCAF activation may be regulated bidirectionally to exacerbate immunosuppression.
Together, these findings indicate that targeting these key cellular populations can effectively reverse the
inhibitory state of the TME, providing a new theoretical foundation and potential therapeutic targets for
enhancing anti-tumor immunity and improving CRC treatment strategies.

In silico gene perturbation analysis predicted that simulated GDI1 knockout was associated with altered
expression of VEGFA and HSPB1, whereas simulated overexpression was associated with changes in
TIMP2 and CD63. VEGFA is an endothelial mitogen that drives angiogenesis via promoting endothelial
cell proliferation, migration, and vascular permeability (53, 54). VEGFA upregulated is a robust predictor
of unfavorable prognosis in CRC, with strong links to late-stage disease, aggressive metastasis, and
reduced patient survival (55). HSPB1 polymorphism (rs2070804) is associated with primary tumor depth
but not with invasiveness, recurrence, or metastasis in CRC (56). TIMP2 is a transcriptional repressor
that plays a critical role in proliferation, differentiation, matrix remodeling, and vascular development
(57), and has been implicated in CRC (58). CD63, a member of the tetraspanin family, has been
independently associated with adverse clinicopathological features and poor prognosis in CRC,
suggesting its potential as a novel prognostic biomarker (59). GDI1, acting as a Rab GTPase dissociation
inhibitor, was found to indirectly regulate downstream DRGs via Rab-dependent transcriptional signaling.
Functionally, GDI1 overexpression in CRC CAFs produces stronger pathogenic effects than knockout, and
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its downstream DRGs are enriched in angiogenesis and matrix remodeling pathways associated with
poor prognosis, supporting a functional role for GDI1 in CAF malignant transformation.

Furthermore, hdWGCNA delineated ten CAF-related modules, with module 8 and module 10
representing two functionally divergent subtypes characterized by opposing immunomodulatory
activities. This modular framework advances our understanding of CAF heterogeneity in CRC, and
pinpoints candidate mediators of CAF—T cell interactions. Future studies incorporating functional assays
and spatial profiling are required to translate these findings into prognostic and therapeutic insights.

ST analysis revealed that malignant epithelial cells act as central signaling molecules within the CRC
microenvironment, engaging extensively with immune, myeloid, and fibroblast modules to construct a
pro-tumor ecosystem (17). Notably, CNV events were observed in epithelial cells in ST and scRNA-seq
data, which are associated with the malignant transformation of tumor cells (60). These findings
highlight the spatially organized multicellular interactions driving CRC progression and provide a
foundation for the development of niche-targeting therapeutic strategies.

This study has several important limitations. First, the ST data are derived from a single patient (one
tumor and one adjacent normal sample), which limits the generalizability of spatial conclusions. Second,
all cell-cell communication, trajectory inference, and gene perturbation analyses are computational and
have not been experimentally validated. Third, the extensive overlap in pathway enrichment across all
cell types, including populations with very low cell counts (e.g., mast cells, n = 228), may reflect ambient
RNA contamination or imbalanced cell numbers; patient-level pseudobulk analysis would strengthen
these findings. Fourth, the prognostic gene signature was developed and tested using the same datasets
on which KM pre-selection was performed, and has not been validated in an independent external
cohort. Although all eight genes showed significance in univariate survival analysis (Fig. 5C), multivariate
analyses adjusting for tumor stage, MSI status, or CMS subtype have not been performed. Fifth, CAF
subtypes were defined by NMF decomposition without validation against established CRC CAF
classification systems. Sixth, the datasets are restricted to the mucinous colorectal adenocarcinoma
subtype, limiting applicability to non-mucinous CRC. Finally, the pseudotime analysis placed CD4 + and
CD8 + T cells on a single trajectory, and the inferred ordering reflects transcriptional similarity. Future
studies should incorporate larger, multi-patient ST cohorts, independent prognostic validation datasets,
multivariate Cox modeling, and orthogonal experimental approaches to test the hypotheses generated
by this analysis.

In conclusion, this integrative multi-omics analysis provides a descriptive characterization of
multicellular dysregulation in the CRC tumor microenvironment. We identified cell cycle and DNA
replication as prominently dysregulated pathways, with the p53 signaling gene set showing
transcriptional alterations consistent with TP53 inactivation. An eight-gene prognostic signature was
explored using machine learning-based feature selection. In silico perturbation analysis generated
hypotheses about potential GDIT downstream effectors in CAFs, and ST analysis from a single patient
provided preliminary spatial context. All findings are computational in nature and require experimental
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validation. This study provides a resource and a set of testable hypotheses for future investigation of the
CRC microenvironment and biomarker development.
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Study workflow

Abbreviations: CAF, cancer associate fibroblast; CNV, chromosomal copy number variations; COAD, colon
adenocarcinoma; DEGs, differentially expressed genes; hdWGCNA, high-dimensional weighted gene co-
expression network analysis; READ, rectum adenocarcinoma; UMAP, uniform manifold approximation
and projection; TCGA, The Cancer Genome Atlas database
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Enrichment analyses were performed on the overlapping DEGs in samples from GSE39582 and COAD

and READ samples from TCGA
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differentially expressed genes between GSE39582, COAD and READ samples from TCGA. (D) Gene
ontology analysis. (E) Kyoto Encyclopedia of Genes and Genomes analysis. (F-G) Gene set enrichment
analysis was performed on the overlapping DEGs

Abbreviations: BP, biological process; CC, cellular component; COAD, colon adenocarcinoma;
differentially expressed genes, DEGs; MF, molecular function; NES, normalized enrichment score; READ,
rectal adenocarcinoma; TCGA, The Cancer Genome Atlas database
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Figure 3

Landscape of cell types in CRC and normal tissues
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(A) UMAP plot of nine major cell types of CRC. (B) The distribution of nine cell types in CRC and normal
groups. (C) The proportions of cell types are shown in normal and CRC circular diagram. (D) Expression
of known marker genes in different cell types. The size of each bubble represents the proportion of
expression, whereas the color (Gradating from blue to red) indicates the expression level. (E)
Differentially expressed genes between CRC and normal samples in different cell types.

Abbreviations: colorectal cancer, CRC; NK, natural killer cell; UMAP, Uniform Manifold Approximation and
Projection
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Figure 4

Cell type specific molecular landscapes in CRC

(A) Differential expression analysis of epithelial cells between CRC and normal groups. (B) Heatmap
shows expression of the top 10 genes in the nine cell types. (C) Biological processes of the nine cell
types. (D) Kyoto Encyclopedia of Genes and Genomes analysis of the nine cell types. (E) Heatmap
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showing chromosomal copy number variations patterns in nine major cell types across CRC samples.
(F) Expression of the five key pathways. Yellow indicates the high expression, and black indicates the low
expression.

Abbreviations: colorectal cancer, CRC
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Eight key genes associated with prognosis were identified in CRC

(A) Identification of eight important genes. (B) Single nucleotide polymorphism analysis of 583 CRC
samples. (C) Kaplan—Meier plot of eight important genes in the low- or high-risk group. (D) Nomogram
the eight important genes. (E) The calibration curve of the constructed Nomogram of 3-year, and 5-year
survival. (F) The risk score for each patient with CRC, their corresponding survival outcomes, and a
heatmap of eight important genes stratified by high- and low-risk groups. (G) Correlation between the
eight important genes. Red shows a positive correlation, green shows a negative correlation. * indicates
p < 0.05, ** indicates p < 0.01, *** indicates p < 0.001 (H) Expression levels of eight important genes in
tumor (Green) and normal (Blue) groups.

Abbreviations: COAD, colon adenocarcinoma; CRC, colorectal cancer; DEGs, differentially expressed
genes; READ, rectum adenocarcinoma; TCGA, The Cancer Genome Atlas database
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Cellular landscape and expression of five key pathways in cell subtypes of colorectal cancer

(A) The distribution of four cell subtypes of B and endothelial cells, six cell subtypes of T cells and five
cell subtypes of CAFs by UMAP plot. (B) Non-negative matrix factorization of T cells and CAFs. (C)
Differential expression of cell subtypes. Red indicates high expression, and purple indicates low
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expression. (D) Correlation analysis between cell subtypes. Red indicates positive correlation, and blue
indicates negative correlation. (E) Gene set activity scoring analysis was quantified the activity of five
key pathways in T cells and CAFs.

Abbreviations: CAFs, cancer-associated fibroblasts; EC, endothelial cells; UMAP, Uniform Manifold
Approximation and Projection
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Figure 7

Cell communication and pseudotime trajectory analyses of T cells and CAFs

(A) Communication between cell subtypes. The thicker the line, the stronger the correlation. (B)
Heatmaps of the overall (comprising both outgoing and incoming) signaling flows of each cell subtype
mediated by individual signaling axes in CRC sample. (C) Cell subtypes of T cells and CAFs with the
differentiation state. (D) Pseudotime trajectory analyses of T cell and CAF subtypes, and the top 20
genes according to Moran's absolute value were displayed in a heat map.

Abbreviations: CAF, cancer-associated fibroblast; CRC, colorectal cancer; UMAP, Uniform Manifold
Approximation and Projection
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Expression of eight key genes in different cell atlas

Yellow indicates high expression, black indicates low expression.
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Figure 9

Average log2(Fold Change)

Virtual gene perturbation analysis and high-dimensional weighted gene co-expression network analysis
of cancer-associated fibroblast (CAF). (A) Virtual gene perturbation analysis of GDI1. (B) Network chart
showed the differentially regulated genes of GDI1. (C) Soft-thresholding power selection for scale-free
network. (D) Dendrogram of ten modules. (E) Uniform Manifold Approximation and Projection of the CAF
co-expression network. Nodes represent genes, colored by module, sized by kME. (F) Volcano plot
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visualizing the differences among the ten modules in the CRC and normal groups. (G) Bar plots showing
Gene Ontology enrichment results for co-expression modules. CRC, hdWGCNA, high-dimensional
weighted gene co-expression network analysis.
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Figure 10

Cell communication and chromosomal copy number variations analyses of spatial transcriptomics data
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(A) Nine cell clusters were divided into four modules. (B) Expression of T cells and CAFs in GSM7573205
and GSM8286350. (C) Cell communication analysis between the four modules, and heatmaps of the
outgoing and incoming signaling flows of each cell subtypes mediated by individual signaling axes. (D)
Heat map shows the chromosomal copy number variations patterns in four modules. (E) Expression of
pathways in spatial transcriptomics data.
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