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Abstract

Background Precursor lesions like polyps and adenomas in the colon commonly precede colorectal cancer (CRQ),
advancing through the “normal-polyp-adenoma-carcinoma” sequence towards malignancy. Yet, the cellular heteroge-
neity and molecular mechanisms involved in CRC development remain inadequately characterized.

Methods To understand the molecular mechanisms driving the onset and progression of CRC, we conducted a com-
prehensive analysis of ten clinical colorectal samples representing sequential pathological stages using single-cell
RNA sequencing (scRNA-seq). Validation was performed through immunofluorescence and immunohistochemistry
analyses in a separate human colorectal tissue cohort. Additional verification was carried out using bioinformatics
analyses of public TCGA and GEO datasets.

Results Our comprehensive analyses not only reveal the cellular diversity and transcriptomic differences through-
out disease progression but also highlight the importance of leveraging ligand—receptor gene expression to distin-
guish various cell subtypes. Subsequent examination and validation with a larger sample cohort uncover the specific
involvement of ligand-receptor genes, transcription factors, immunoglobulin genes, and heat shock genes in regulat-
ing immune responses and microenvironment changes during colorectal tumorigenesis.

Conclusions Our extensive transcriptome dataset provides valuable insights and acts as a fundamental resource

to deepen our understanding of the complex molecular landscape in CRC. This dataset facilitates improved diagnostic
accuracy and the creation of more personalized therapeutic approaches.
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Introduction
Colorectal cancer (CRC) ranks as the third most preva-
lent cancer and a contributor to global cancer mortal-
ity [1]. Projections estimate a rise to 3.2million annual
diagnoses and 1.6 million deaths by 2040 [2]. Late-stage
diagnosis, incomplete understanding of molecular patho-
logical progression, and constrained treatment options
for advanced stages collectively drive poor outcomes.
Addressing these challenges necessitates three critical
advances: identification of early-stage biomarkers, mech-
anistic dissection of tumor evolution, and development
of targeted therapies to enhance clinical management.
CRC originates from mucosal polyps—benign growths
that protrude into the intestinal lumen. While most pol-
yps remain asymptomatic and non-neoplastic, 70-90% of

CRC cases arise from adenomatous polyps (adenomas)
via stepwise progression over 5-15 years [3, 4]. Post-
inflammatory polyps further elevate colorectal neopla-
sia risk, including dysplasia and invasive carcinoma [5].
Therefore, systematic characterization of stage-specific
molecular landscapes—through single-cell transcrip-
tomic profiling of polyp-to-CRC transitions, is critical to
define actionable biomarkers and therapeutic vulnerabili-
ties, enabling early interception and precision manage-
ment of CRC evolution.

Single-cell RNA sequencing (scRNA-seq) enables high-
resolution dissection of tumor ecosystems by delineating
cellular heterogeneity, novel phenotypic states, and ther-
apeutic vulnerabilities [6—11]. The scRNA-seq technique
has been extensively employed in CRC research [12—14],
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particularly in investigating microenvironments [15-19].
For instance, a detailed analysis of immune and stromal
cell populations in CRC patients identified specific mac-
rophage and conventional dendritic cell subsets as key
players in cellular interactions within the tumor micro-
environment, shedding light on their role in response to
myeloid-targeted immunotherapy [20]. However, sys-
tematic interrogation of dynamic molecular trajectories
across CRC tumorigenesis—from premalignant polyps to
metastatic lesions—remains limited. Resolving these spa-
tiotemporal transitions at single-cell resolution is critical
to uncover stage-specific drivers and actionable thera-
peutic windows.

While a seminal scRNA-seq study profiled paired ade-
noma-carcinoma tissues to model CRC progression [12],
its limited sample size (n=1) warrants validation. Here,
we performed a comprehensive single-cell profiling (10x
Genomics) across four CRC pathological stages—normal
mucosa, inflammatory polyps, adenomatous polyps, and
invasive carcinoma (n=10)—coupled with multi-omics
and experimental validation (immunofluorescence,
TCGA, Kaplan—Meier analyses and functional assays).
This revealed a dynamic stage-specific molecular land-
scape, highlighting the crucial involvement of ligand-
receptor genes, transcription factors, immunoglobulin
genes, and heat shock proteins in orchestrating colorectal
carcinogenesis. Our findings decode molecular drivers of
CRC evolution and nominate actionable targets for stage-
adapted therapeutic strategies.

Materials and methods

Collection of human tissue samples

A cohort of ten human colorectal tissues—compris-
ing normal mucosa (n=3), inflammatory polyps (n=2),
adenomatous polyps (n=2), and invasive carcinoma
(n=3)—was procured via endoscopic or surgical resec-
tion at Yichun People’s Hospital, China. All specimens
underwent 10X Genomics Chromium single-cell RNA
sequencing, with histopathological confirmation (H&E-
stained sections reviewed by board-certified patholo-
gists) and clinical characteristics (Table S1). Parallel
validation employed independent matched FFPE sam-
ples for immunofluorescence and immunohistochemical
profiling. Ethical approval was obtained from the Ethics
Committee of Yichun People’s Hospital (protocol number
2021-009), with written informed consent prior to tissue
acquisition.

Dissociation of human colorectal tissues and preparation
of single-cell suspension

Excised tissues were immediately transferred to DMEM
(Cat#11995065, Gibco) supplemented with 10% FBS
(Cat#10091148, Gibco). Tissues were minced into
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approximately 0.5 mm?® fragments and enzymatically
digested at 37 °C with agitation at 500 rpm for 30—40 min
using a cocktail of trypsin (Cat#15090046, Gibco) and
collagenase I/II/IV (Cat. #17018029, #17101015 and
#17104019, Gibco). Suspensions were mechanically dis-
sociated every 10 min, filtered sequentially through
70 pm and 40 pm strainers (Corning), and centrifuged
(300g, 5 min, 4 °C). Erythrocytes were lysed with a red
blood cell elimination reagent (Cat#130094183, MACS),
followed by centrifugation at 300g for 5 min and resus-
pension in 100 pL of medium. Cell viability and density
were quantified using a Luna Cell Counter (Logos Biosys-
tems, South Korea).

Single-cell RNA sequencing and raw data processing
Single-cell suspensions (700-1200 cells/uL) were pro-
cessed into barcoded libraries using the Chromium Next
GEM Single Cell 3’ Reagent Kits v3.1 (Cat#1000268, 10x
genomics) as per manufacturer instructions. Libraries
were sequenced (PE150) on an Illumina NovaSeq 6000
platform. OE Biotech Co., Ltd. (Shanghai, China) per-
formed the sequencing and subsequent bioinformatics
analyses.

FASTQ files were aligned to the GRCh38 human ref-
erence genome using Cell Ranger software (v 7.0.1) to
generate a unique molecular identifier (UMI) counts
matrix, which was analyzed utilizing the Seurat (version
4.0.0) R package [21]. Using DoubletFinder package (ver-
sion 2.0.3) [22], potential captures of multiple cells and
low-quality cells were filtered (genes <200, UMIs < 1000,
log10GenesPerUMI<0.7, genes expressed in <3 cells,
mitochondrial UMIs >25%). To address dropout events,
MAGIC (Markov affinity-based graph imputation) [23]
to recover dropout-affected genes, particularly for low-
abundance transcripts. To correct batch effects, datasets
were aligned across samples using Harmony to remove
batch-driven variance while preserving biological hetero-
geneity [24]. Library size normalization was performed
using the NormalizeData function. Subsequently, the
global-scaling normalization method “LogNormalize”
was utilized to standardize gene expression measure-
ments for each cell by total expression, scaled by a default
factor (10,000), and then logarithmically transformed.

The top 4000 highly variable genes (HVGs) were deter-
mined using the Seurat function FindVariableGenes
(mean.function = FastExpMean, dispersion.func-
tion=FastLogVMR).  Principal-component  analysis
(PCA) was then employed to reduce the dimensionality
through the RunPCA function. Subsequently, Graph-
based clustering was conducted to cluster cells based
on their gene expression profiles using the FindClus-
ters function. Cell visualization was achieved using a
two-dimensional Uniform Manifold Approximation and
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Projection (UMAP) algorithm utilizing the RunUMAP
function. To identify marker genes for each cluster, the
FindAllMarkers function (test.use=presto) was utilized.
Differentially expressed genes (DEGs) were selected by
employing the function FindMarkers (test.use=presto).
A significance threshold of P value<0.05 and |log,fold-
change|>0.58 (corresponding to 1.5 for fold change) was
set for differential expression analysis. (Sub-) cell types
were annotated using canonical markers. Violin plots,
dot plots, and bar plots were generated using the VInPlot,
and DotPlot functions from the Seurat package, and the
geom_bar function in ggplots, respectively. Further-
more, correlation analyses between clusters or (sub-) cell
types determined from HVGs expression and expressed
ligand-receptor genes were conducted using the Pearson
algorithm.

Pseudotime analysis

Pseudotime trajectories across colorectal carcinogen-
esis stages were reconstructed using Monocle2 pack-
age (v2.9.0) [25]. Initially, raw counts were transformed
from Seurat objects to CellDataSet objects using the
importCDS function in Monocle. The differentialGe-
neTest function was then employed to identify ordering
genes (qval <0.01) informative to guide trajectory order-
ing. Subsequently, dimensional reduction clustering
analysis and trajectory inference were conducted with
the reduceDimension function and by utilizing the order-
Cells function, respectively. Temporal gene expression
dynamics were visualized via plot_genes_in_pseudotime
function.

SCENIC analysis

Single-Cell rEgulatory Network Inference and Cluster-
ing (SCENIC) analysis [26] was performed to construct
gene regulatory networks and explore transcription fac-
tors (TFs) and cis-regulatory sequences. Using RcisTarget
package (v1.10.0), TF binding motifs enriched in tar-
get gene sets were identified, while GRNBoost (v1.2.4)
inferred co-expression networks. Regulon activity per
cell was scored via AUCell package (v1.12.0). To evalu-
ate cell type specificity, the regulon specificity score
(RSS) was calculated using Jensen—Shannon divergence
(JSD), measuring the similarity between two probability
distributions. Specifically, the JSD between each vector
of binary regulon activity overlaps with the assignment
of cells to a particular cell type [27] was computed. Fur-
thermore, the connection specificity index (CSI) for all
regulons was determined using the scFunctions package
(https://github.com/FloWuenne/scFunctions/) to assess
regulon associations.
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Copy number variation analysis

Large-scale chromosomal copy number variation (CNV)
was inferred from scRNA-seq data across ten colorectal
tissues using inferCNV (version 1.0.4) [28] R package.
CNV for all cell types was determined based on their
expression levels, with a specified cutoff at 0.1. Genes
were then ordered by chromosomal location, and a mov-
ing average of gene expression was computed using a
window size of 101 genes. After mean-centering expres-
sion values, epithelial cells were classified as malignant,
while others served as normal references. Final CNV pro-
files were generated after de-noising.

Functional pathway annotation

Functional annotation of cell subtypes was conducted in
R (v4.5.0) using the clusterProfiler package (v4.15.2), sys-
tematically analyzing Gene Ontology (GO) terms across
biological processes, molecular functions, and cellular
components, while Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway mapping delineated key met-
abolic and signaling cascades, and gene set enrichment
analysis (GSEA) assessed coordinated expression pat-
terns via MSigDB molecular signatures. All analyses were
performed on normalized count matrices derived from
single-cell RNA sequencing data.

TCGA database analysis

Validation of scRNA-seq findings was performed using
bulk RNA-seq datasets (downloaded on February 16th,
2023) from The Cancer Genome Atlas Colon Adenocar-
cinoma (TCGA-COAD) and The Cancer Genome Atlas
Rectum Adenocarcinoma (TCGA-READ). After merg-
ing and quality control, gene expression profiles in tumor
versus adjacent normal tissues were visualized via box
plots using the ggplot2 (v3.4.0) R package (v4.2.0). Statis-
tical significance of the differences between two groups
was evaluated using t-tests.

CellPhoneDB analysis

Cell—cell communication analysis was performed using
CellPhoneDB (v4.1.0) [29] to identify biologically rel-
evant ligand-receptor (IR) interactions from scRNA-seq
data. A ligand or a receptor was considered “expressed”
in a specific cell type if detected in >10% cells. Statistical
significance was assessed through 1000 permutations of
cell cluster labels, generating null distributions for each
LR pair. P-values were derived from the normal distri-
bution of permuted interaction scores. Communication
networks were constructed between any two cell types
expressing complementary ligands and receptors, visual-
ized using igraph and Circlize R packages.
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CellChat analysis

Cell communication analysis was performed using the
CellChat (v1.1.3) [30] R package. Initially, the normal-
ized expression matrix was imported to create the
Cellchat object using the createCellChat function. Sub-
sequently, the data underwent preprocessing steps uti-
lizing functions such as identifyOverExpressedGenes,
identifyOverExpressedInteractions, and projectData.
Following this, the computeCommunProb, filter-
Communication (min.cells=10), and computeCom-
munProbPathway functions were utilized to reveal
potential ligand-receptor interactions. Finally, the cell
communication network was consolidated using the
aggregateNet function. All steps were performed using
default parameters.

Generation of a searchable colorectal single-cell
transcriptome database

To enable interactive exploration of our dataset, we
developed an open-access database (https://www.
colon-singlecell.cn) using R Shiny package (v1.3.2)
based on the codes available on https://github.com/
SGDDNB/ShinyCell and insights from the previ-
ous reports [21, 31]. In brief, we employed functions
like renderPlot to display feature plots, UMAP visu-
alizations, and bar plots, which were created by Fea-
turePlot, DimPlot, and geom_bar functions from the
Seurat package (v3.2.0), respectively. The renderDa-
taTable function was employed to present a statisti-
cal table showing the cell numbers corresponding to
each sub-cell type across the four types of colorectal
samples.

Table 1 List of antibodies used in this study
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Hematoxylin & Eosin (H&E) staining

The H&E staining was performed according to a stand-
ard protocol. First, the FFPE colorectal tissue slides were
deparaffinized and rehydrated with distilled water, fol-
lowed by staining in Mayers Hematoxylin for 1 min. Sec-
ond, the slides were washed with tap water for 4-5 times,
and counterstained with DAPI in 1x PBS for 1 min. After
rinsing with distilled water for three times, the slides
were stained with alcoholic eosin for 1 min without rins-
ing. Then, the slides were dehydrated through graded
ethanol (95% and 100%, two times for each reagent and 1
min for each time). The slides were cleared in xylene for
three times with 1 min incubation between two changes,
and finally subjected to mounting and image acquisition
at a Nikon Eclipse microscope.

Immunofluorescence staining

Immunofluorescence staining was performed on depar-
affinized and rehydrated tissue sections following antigen
retrieval in citrate buffer (pH 6.0). Sections were per-
meabilized with 0.3% Triton X-100/PBS for 15 min and
blocked with 3% BSA/TBST for 1 h. Primary antibod-
ies (Table 1) were applied overnight at 4 °C, followed by
PBS washes and incubation with Alexa Fluor-conjugated
secondary antibodies (Table 1) at RT for 1 h. Nuclei
were counterstained with Hoechst 33342 (Solarbio, Cat#
C0030) before mounting, and images were acquired using
a LEICA Stellaris 5 confocal microscope.

Immunohistochemistry staining

Immunohistochemistry (IHC) staining was performed
using standard protocols to localize target proteins in
tissue sections. Following deparaffinization and antigen

Target protein Antibody name Vendor Cat. No Dilution
BEST4 Anti-BEST4 antibody produced in rabbit Sigma HPA058564 1:100
CEACAMS5 Anti-CEA (CD66e) CEACAMS Rabbit Monoclonal Antibody Boster MO00356-1 1:100
CD4 CD4 (RPA-T4) Mouse mAb (FITC Conjugate) Cell Signaling 48705 1:800
CLAUDIN4 Claudin 4 Monoclonal Antibody (3E2C1) Invitrogen 32-9400 1:100
COL1TA1 COLTAT (E3E1X) Mouse mAb Cell Signaling 66948 1:100
EGFR EGF Receptor (E746-A750del Specific) (D6B6) XP® Rabbit mAb Cell Signaling 2085 1:100
EPCAM EpCAM (VU1D9) Mouse mAb Cell Signaling 2929 1:400
FOXP3 FoxP3 (D608R) Rabbit mAb Cell Signaling 12653 1:400
GAPDH GAPDH (D4C6R) Mouse mAb Cell Signaling 97166 1:1000
HNF4G HNF4G Rabbit Polyclonal antibody Proteintech 25801-1-AP 1: 1000
IGHAT1 Human IgA Heavy Chain Polyclonal antibody Proteintech 11449-1-AP 1:800
HSP90AA1 HSP90 alpha/beta rabbit mAb ZenBio R24635 1:50
INHBA Inhibin Beta A Polyclonal antibody Proteintech 10651-1-AP 1:100
Secondary antibodies Alexa FourTM 488 goat anti-mouse IG(H+L) Invitrogen 2610355 1:500
Alexa FourTM 555 goat anti-rabbit IG(H+L) Invitrogen 2633537 1:500
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retrieval, sections were permeabilized, blocked to reduce
non-specific binding, and incubated with primary anti-
bodies (Table 1). After washing, enzyme-conjugated
secondary antibodies were applied for detection. Coun-
terstaining was used to visualize cellular morphology
before mounting and microscopic analysis of protein
expression patterns.

Cell culture and transfection

Colorectal cancer cell line HT29 was cultured accord-
ing to the standard protocol. The siRNA targeting
HNF4A (si-1 sense: 5'-GGCCAAUCGUGUUCUAGA
U-dTdT-3" and antisense: 5-AUCUAGAACACGAUU
GGCC-dTdT-3"; si-2 sense: 5 -GGCUAAGCGAUC
CAGUAAA-dATdT-3" and antisense: 5'-UUUACUGGA
UCGCUUAGCC-dTdT-3") were synthesized by Shang-
hai Genechem Co., Ltd. HT29 cells were transfected with
the relevant siRNAs using Lipofectamine 3000 (Invitro-
gen, Carlsbad, CA, USA)according to the manufacturer’s
instructions. The impact on target protein expression was
assessed by Western blotting 48 h post-transfection.

Western blotting

Western blotting was performed as previously described
[32]. Proteins were extracted using RIPA lysis buffer con-
taining protease inhibitors (Roche), quantified by BCA
assay (Thermo Scientific), and separated by SDS-PAGE.
After transfer to nitrocellulose membranes, blocking
with 5% milk, and incubation with anti-HNF4G primary
antibody (Table 1) at 4 °C for overnight, membranes were
probed with HRP-conjugated secondary antibodies (Inv-
itrogen) at room temperature for 1 h. Protein bands were
detected using SuperSignal West Pico substrate (Thermo
Scientific) on an iBright imaging system, with GAPDH as
the loading control.

CCK-8 and colony formation assays
We utilized the Cell Counting Kit-8 (CCK-8) assay to
assess cell viability.

Cells were transfected with HNF4G siRNAs, along
with the control siRNA, and subsequently seeded into
96-well plates at a density of 4x 10® cells/200 pl per well.
Cell viability was then evaluated using a CCK-8 (Solarbio,
CA1210) assay at a wavelength of 450 nm. The colony
formation assay was also used to detect cell proliferation,
with 2000 transfected cells from each group being plated
in 6-well plates and cultured. After 1 week, cell colonies
in the plates were fixed with 4% paraformaldehyde (Ser-
vicebio, G1101) and stained with 1% crystal violet (Ser-
vicebio, G1014). The number of cell colonies was counted
using Image J.
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Statistical analysis

All statistical analyses and graphical representations were
performed using SPSS software (V 21.0) and GraphPad
Prism 9. A t-test was employed to assess the correlation
with parametric variables between two independent sam-
ples. Statistical significance was determined at p<0.05,
indicated as follows: *, p <0.05; **, p<0.01; ***, p<0.001.

Results

Clinical characteristics of ten colorectal tissues

and generation of single-cell transcriptome data

Ten colorectal specimens spanning normal mucosa (N1,
N2, N3), inflammatory polyps (P1, P12), adenomatous
polyps (P3, P4), and CRC (T2, T3, T5) were analyzed
using 10X Genomics single-cell RNA sequencing to elu-
cidate transcriptomic changes during CRC progression
(Fig. 1A). Histopathological analysis (Fig. 1B) revealed
progressive architectural alterations: normal tissues
exhibited intact crypts and vasculature; inflammatory
polyps showed pedunculated morphology; adenomatous
polyps displayed glandular hyperplasia; and CRC speci-
mens demonstrated invasive glands, epithelial stratifica-
tion, and increased mitotic activity.

Quality-controlled  single-cell RNA  sequencing
yielded 51,819 transcriptomes from ten samples (sheet
‘Cell_ Number’ in Table S1), with malignant tissues
showing elevated gene detection (average 1624 genes/
cell versus 1357, 1353 and 1624 genes, respectively, in
non-malignant states), indicating increased gene tran-
scription activity in malignant colorectal tissues, par-
ticularly in cancerous lesions. Unsupervised clustering
using Seurat pipeline [33] of 4000 highly variable genes
(HVGs) identified 23 clusters (Fig. S1A) representing 10
cell types (Fig. 1C). Excluding rare populations (smooth
muscle, neural, and mast cells), analysis revealed dis-
tinct pathological associations (Fig. S1B, Fig. 2A, and
sheet ‘Percentage_Cell_Type’ in Table S1): adenoma-
tous polyps were T cell-enriched (75.66%), while plasma
cells decreased progressively from normal (36.42%) to
CRC (8.77%), suggesting tumor-protective functions. In
contrast, inflammatory polyps showed elevated B cells
(11.16%), fibroblasts (17.04%), epithelial cells (20.46%),
and endothelial cells (8.30%). Cell identity was validated
through marker gene heatmaps (Fig. 2B), dot plots (Fig.
S1C), and the top 25 specific markers (Table S2).

The expression of ligand-receptor genes can be utilized

to identify the (sub-) cell types present in colorectal tissues
Analysis of Fig. S2B and Table S2 revealed a substantial
representation of ligand—-receptor genes among the iden-
tified markers. From a curated database of 2593 ligand—
receptor pairs (sheets ‘Receptor_ligand_interaction’ and
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Fig. 1 Characterization of human colorectal samples and cell type identification based on highly variable genes (HVGs) and highly variable
ligand/receptor genes. A Ten human specimens were collected from the colon or rectum under informed consent for single-cell RNA sequencing.
These included three samples from normal colon mucosa (N1, N2, and N3), two samples representing inflammatory polyps (P1 and P12), two
samples representing adenomatous polyps (P3 and P4), and three samples representing CRC (T2, T3, and T5). While the CRC tissues were surgically
obtained, the remaining seven samples were collected via endoscopic examination. B Brightfield and H&E images of the four types of human
colorectal specimens. NA: not applicable. H&E: Hematoxylin and eosin staining. C, E UMAP plots illustrating cell type annotation with corresponding
color codes from our study (GSE261388) based on the 4000 HVGs (C) and the 1062 highly variable ligand/receptor genes (E), respectively. D, F
Classification of six cell types from an external CRC scRNA-seq dataset (GSE144735) based on the 4000 HVGs (D) and the 1128 highly variable

ligand/receptor genes (F), respectively

2593_genes’ in Table S3), we found 1062 overlapped
with our 4000 HVGs (Fig. S3A, sheet ‘4000_genes’ in
Table S3). Strikingly, 40% of the top 25 cell-type-specific
markers (Table S2) were ligand-receptor genes (Fig.
S3B). Clustering analysis using only the 1062 ligand—
receptor genes successfully recapitulated the cellular
composition obtained with all 4000 HVGs, generating
consistent UMAP projections (Fig. 1E) and maintaining
equivalent cell type distributions (Fig. 1C vs E). Marker
gene expression patterns (Fig. S2C, D) showed strong
concordance with the original analyses (Figs. S1IC & S2B).
The ligand—receptor approach effectively resolved major
cell types (T cells, B cells, plasma cells, epithelial cells,
fibroblasts, endothelial cells, myeloid cells) into distinct
subpopulations (Fig. S3C, E, G, I, K & M), with clustering

correlations between methods being robust for all cell
types except heterogeneous T cell subsets (Fig. S3D, F, H,
J, L & N), as further detailed in later analyses. Validation
analyses confirmed the specificity of the 1062 ligand—
receptor genes for cell type identification, as alternative
gene sets showed minimal overlap with the 4000 HVGs
(Fig. S4). Notably, clustering using 87 GPCR genes failed
to recapitulate the cellular heterogeneity observed with
the full 4000 HVGs (Fig. 1C vs Fig. S5), demonstrating
their limited contribution to cell type distinction.

We then validated the generalizability of ligand-
receptor (LR) gene set for cell typing by analyzing an
independent CRC scRNA-seq dataset (GSE144735)
[34] comprising matched colorectal cancer (CRC) and
normal mucosa samples from three patients (Tumor:
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Fig. 2 Characterization of T cells. A UMAP plot illustrating the annotation of fifteen sub-cell types within T cells from the ten samples, color-coded
accordingly. B Histogram presenting the proportions of the fifteen sub-cell types of T cells across the four types of human colorectal specimens. C
Heatmap displaying the expression patterns of selected genes encoding immunoglobulins (highlighted in the red dashed square) and heat shock
proteins (highlighted in the blue dashed square) among the four types of colorectal specimens

GSM4294474, GSM4294475 & GSM4294476; Normal:
GSM4294486, GSM4294487 & GSM4294488). Apply-
ing identical data processing to both the external and
our original data, we compared clustering using either
4000 HVGs or the resultingl 128 LR-derived HVGs.
Both approaches demonstrated comparable classifica-
tion accuracy (Fig. 1D and F), confirming LR genes’
robustness across datasets. This cross-cohort validation
supports the potential universal utility of LR-based clas-
sification for colorectal tissues, with possible extension to
other tissue types.

Integrating single-cell and bulk transcriptomic data
from ten colorectal samples, we identified stage-specific
molecular signatures across CRC progression (Fig. S6A,
Table S4). Receptor-ligand analysis revealed IGHAI
(normal), TFFI (inflammatory polyps), NRIDI (ade-
nomatous polyps), and SFRP2 (CRC) as predominant

markers (Fig. S6A), suggesting their diagnostic poten-
tial. Immune cell profiling (Table S4) uncovered NR1D1
and SFRP2 being top ranked in adenomatous and CRC
samples, respectively (Fig. S6). These findings nominate
IGHA1, TFF1, NRIDI and SFRP2 as candidate bio-
markers for pathological stratification and therapeutic
targeting in CRC.

Our findings demonstrate that ligand-receptor
(LR) gene expression patterns reliably identify colo-
rectal cell types, revealing non-random organization.
This cellular diversity likely reflects specialized LR-
mediated communication. While prior work success-
fully distinguished fibroblasts from mural cells using a
minimal 90-gene panel [35], broader validation across
diverse tissues remains necessary. Subsequent analyses
employed the 4000 HVGs, stratified by cell abundance.
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High cellular heterogeneity and molecular demarcation

of T cells

T cells, playing a vital role in CRC progression and clini-
cal outcomes [36, 37], emerged as the predominant pop-
ulation in our single-cell analysis (Table S1, Fig. S2A),
displaying remarkable heterogeneity through unsuper-
vised clustering (Fig. 2A). Utilizing established marker
genes for T cells [38—41], we identified eleven T cell clus-
ters (Fig. S7A & D) comprising CD4+ and CD8+ sub-
types (Fig. S7B), further classified into effector, memory,
naive, regulatory, and cytotoxic subsets (Fig. 2A, Figs.
S7E, S8-9, Tables S7-9). Proportional analysis revealed
clinically relevant patterns (Fig. 2B and Fig. S7C): (1)
CD8+ MAIT cell expansion correlated with pathological
progression [42] and poorer patient outcome [43], while
CD8+ memory cell depletion aligned with their favorable
prognosis in CRC infiltration [44, 45]; (2) inflammatory
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polyps exhibited CD4+ Naive cell predominance and
lowest percentage of CD8+ cells; (3) Adenomatous pol-
yps exhibited CD4+ GZMA +effector and CD4+IEGs
(immediate early genes) cell enrichment [46]; (4) CRC
tissues demonstrated increased CD4 + Treg cells (Fig. 3)
and CD8+ GZMK + cytotoxic cells, the latter support-
ing prior CRC progression associations [47]. These find-
ings underscore the dynamic T cell landscape throughout
CRC pathogenesis.

Upon comparing the single-cell expression profiles
of T cells across the four types of colorectal tissues, we
detected elevated expression of certain immunoglobu-
lin (Igs) genes, including IGHA1, IGHA2, IGKC, IGLCI,
IGLC2 and JCHAIN in T cells from normal colorec-
tal tissues (highlighted in the red dashed square in
Fig. 2C). While Igs were historically considered exclu-
sive to plasma-lineage cells, and the above-identified Ig
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Fig. 3 CD4+ Treg cells are enriched in colorectal cancer tissues. A Feature plots displaying the expression of FOXP3in T cells across the four types
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Each staining was performed on tissue slides from three distinct specimens
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genes typically exhibit highest expression in plasma cells
based on our colon scRNA-seq database (https://www.
colon-singlecell.cn), rigorous doublet removal (Doublet-
Finder v2.0.3) and distinct clustering of T vs. plasma cells
(Fig. 1C, Figs. S1C & S2B) in this study demonstrated
minimal classification artifacts and assured the data
validity. Previous evidence revealed Ig expression in non-
plasma cells. For instance, T cells were shown to express
Ig VH genes, albeit with qualitative distinctions from
B-cell Igs [48], which exemplifies the existence of immu-
noglobulin transcripts in T cells. Furthermore, single-cell
analyses reveal upregulated Ig genes (e.g., IGKC, IGLC2,
IGHAI and IGHGS3) in tumor-infiltrating T cells in lung
adenocarcinoma and metastases [49, 50]. Functionally,
tumor-derived Igs promote immune evasion [51] and
are detectable in the tumor microenvironment [52]. The
presence of these genes in T cells in normal colorectal tis-
sues suggests a unique expression pattern worth further
investigation. We also acknowledge the need for orthogo-
nal validation (e.g., protein-level detection, TCR-Ig co-
expression assays) and mechanistic studies to determine
whether this phenotype contributes to immune surveil-
lance or tissue homeostasis.

Adenomatous and CRC tissues showed marked upreg-
ulation of heat shock protein genes (HSPAIA, HSPA1B,
HSPDI1, HSPE1, HSPH1, HSP90AA1, and HSP90ABI,;
highlighted in the blue dashed square in Fig. 2C), par-
ticularly in T cells, suggesting tumor microenvironment
involvement. TCGA validation (Figs. S8A-B), immuno-
fluorescence (Fig. S8C), and IHC (Fig. S8D) confirmed
CRC-specific HSP elevation, while immunoglobulin
genes (IGHAI, IGHA2, IGHC2 and IGKC) were down-
regulated. Notably, nonresponsive tumors exhibited
elevated HSP expression in T cells post-immunotherapy
[53], revealing a stress response signature. These stage-
specific expression patterns (HSPs vs Igs) highlight their
potential as complementary biomarkers when integrated
with T-cell profiling for improved CRC diagnostics and
prognostics [54, 55].

Our analysis revealed increased CD4 + GZMA + effec-
tor cells in adenomatous and CRC tissues (Figs. S9B,
C), consistent with GZMA’s established role in CRC-
associated inflammation [56]. Notably, we observed
significant CD4+FOXP3 + Treg infiltration in CRC
samples (Fig. 3A, Figs. S7B, and S9C), with FOXP3
expression specifically enriched in Tregs (Fig. 3B). High
expression levels of FOXP3 in CRC samples were con-
firmed by bulk RNA-seq data from the TCGA-CRC
cohort (Fig. 3C). Clinical correlation analysis demon-
strated that elevated FOXP3 expression associates with
poorer CRC prognosis using the Kaplan Meier plotter
tool with defaulted parameters (Fig. 3D), while immu-
nofluorescence confirmed Treg accumulation in CRC
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tissues (Fig. 3E). These findings collectively implicate
both GZMA +effector T cells and FOXP3 + Tregs in
CRC progression.

Complementing the analyses in Fig. 3, we further
systematically profiled FOXP3-regulated target genes
(such as CTLA4 and IL10) to delineate its transcrip-
tional regulatory role in shaping the immunosuppres-
sive CRC microenvironment. As demonstrated in Fig.
$10, CTLA4 and IL10 exhibit Treg cell-enriched expres-
sion patterns that align spatially and quantitatively with
FOXP3 expression in colorectal samples—a finding
consistent with established mechanisms of Treg-medi-
ated immunosuppression via checkpoint ligands (e.g.,
CTLA4) [57] and anti-inflammatory cytokines (e.g.,
IL10) [58].

Pseudotime analysis of CD4+ T cells (Fig. 4A)
revealed a differentiation trajectory from naive/mem-
ory to effector states (Fig. 4B), consistent with estab-
lished T cell biology that naive T cells differentiate into
effector cells through proliferation. Module analysis
identified dynamically expressed ligand—receptor genes
during CRC progression (Fig. 4C & Table S5), sug-
gesting stage-specific functions. SCENIC analysis [26]
nominated ARIDSB as a pivotal TF in CRC-associated
CD4+ T cells (Fig. 4D). This finding is supported by
its elevated expression in T cells from CRC patients
(Fig. 4E, top panel), heightened expression in TCGA-
CRC tumors (Fig. 4E, middle panel), and an associa-
tion with poorer survival (Fig. 4E, bottom panel). These
findings position ARIDSB as a key regulator of CD4+ T
cell dynamics in CRC pathogenesis.

Pseudotime analysis of three CD8+ T cell subtypes
(Fig. 5A) revealed a differentiation trajectory from cyto-
toxic to memory to proliferation-related states (Fig. 5B),
with the latter exclusively detected in CRC samples (Fig.
S9G). Dynamic expression patterns of ligand—receptor
genes (Fig. 5C, Table S6) suggested stage-specific func-
tions during CRC progression. SCENIC analysis identi-
fied IRF9 and SOX4 as key transcriptional regulators in
CD8+ T cells (Fig. 5D). This discovery was supported by
their elevated expression in CRC patient T cells (Fig. 5E,
top panel), increased levels in TCGA-CRC tumors
(Fig. 5E, middle panel), and an association with poorer
survival (Fig. 5E, bottom panel), implicating these TFs in
CD8+ T cell-mediated CRC pathogenesis.

Finally, comparative analysis of CD4+ and CD8+ T cell
ligand—receptor genes (Figs. 4C & 5C, Tables S5-6) iden-
tified five shared genes (ANXA1, CCL4, CCR7, KLRBI,
and LTB) with distinct expression modules between
these two cell subtypes. This differential regulation sug-
gests cell-type-specific functional roles for these genes
in T cell-mediated immune responses during CRC
progression.


https://www.colon-singlecell.cn
https://www.colon-singlecell.cn

Sheng et al. Journal of Translational Medicine

(2025) 23:723

© COdeflector o CD4naiveimemary

RSS_ranking_plot

group

Page 11 of 26

T 3
umAP_1 3

2

Colorectal_cancer '
o

©

Expression Level

N

Normal ] Inflammatory_polyps
#FOSL2 (16g) «, TCF7 (239)
*RUNX3 (339) 2NF148 (139)
ELM (20g) 009+ ELF1 (20g)
s )
. ~.
. K
. 006 "0.'
’o.-. .
. 003
.
..
o, o,
..'."’- 0.00 gy SR
‘Adenomatous_polyps. | Colorectal_cancer
«RUNX3 (33g) [6RIDSE (18g)!
. ==F0SLZ (16g)
ELF1 (20g)
ZF148 (13g) 03 E"?:mg’
..
..
o, 02 '.
o, %
. .'
0, e
o1 >
. [
. o
“~ -.-..
e o ha)
o 10 20 30 [ 10 20 30

Regulon_activity_heatmap

Component 1
' D RSS_heatmap
|
| 03
I 025
| 02 e
015
| 01 020
l 005
: o 015
I 0.10
|
l 0.05
|
|
0.00
' g
| -4
| STAT4 (18g)
TCF7 (239) 020
| IRF1 (199)
| 2ZNF148 (13g)
I CREM (423g) 015
YY1 (259)
' PPARG (10g)
USF2 (119) 0.10
: BPTF (129)
IRF9 (10g)
| TFOP1 (319) -
| VDR (139)
|
| 0.00
|
|
|
4
| Yo 7,
| %o, %
N3
L %%
%
| B,
l N\
| » 1 » c zm» 2
! SRR IR
| = 3 ‘g o3 :|§|E g
| 2228833827
| ggeegecgee
| (|
|
|
|

I O Z m mo WX O NMmMmA
Ele} T O3 dFE d2Z 40
- [ x 1 »® mE =TT nmn
5 - T3z 123
288232238855
E§-87583388¢8328
~ & » & < @ <
g ¢ €ggeg¢
| .
L 5 © o = =
o (& (&)

T-test, p =0.0031

Normai[N=50] Cancer(N=50]

TCGA-CRC
(N=100)

ARID5B (1558000_at)

HR =1.32 (1.04 - 1.67)
logrank P = 0.02

| Expression
— low
—— high
v T T r
50 100 150 200
Time (months)
193 39 6 1
293 53 5 ]
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Expression levels of IGKC and IGLC2/IGLC3 can demarcate
IgG and IgA plasma cells
Plasma and B cells, the second and third highest propor-

tions according to Table S1 and Fig. 1C and Fig. S2A, were
jointly analyzed due to their functional and evolutionary

relationships. Unsupervised clustering identified 15 pop-
ulations (Fig. 6A), classified into plasma cells (IgA/IgG/
IgM subtypes) and B cells (naive/active) using specific
marker genes (Fig. 6C, D and Fig. 7A. Distribution anal-
ysis revealed naive B cell enrichment in inflammatory
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Fig. 6 Clustering and determination of B cells and plasma cells. A The UMAP plot visualizing the fifteen clusters of B cells and plasma cells,

with corresponding color codes. B A heatmap illustrating the expression patterns of the top 10 marker genes specific to B cells and plasma cells
across the four types of colorectal specimens. The blue dashed square highlighted the seven heat shock protein genes among the top 10 highly
expressed genes within the colorectal samples featuring adenomatous polyps. C, D Violin plots showing the expression levels of the top 10 marker

genes for B cells (C) and plasma cells (D)

polyps, while pathological progression correlated with
IgA plasma cell reduction and increased active B cells
and IgG plasma cells (Fig. 7C, D). While marker genes
distinguished the five plasma and B cell subtypes (Fig. 7B,
Table S10), none differentiated these cells across colo-
rectal specimen types (Fig. 6B). However, adenomatous
polyps showed modest upregulation of heat shock genes
(HSPA1A, HSPAIB, HSPA6, HSPBI, HSPD1, HSPH1, and
HSP90AAI; highlighted within the blue dashed square

in Fig. 6B), suggesting a stress response association with
early neoplasia.

As shown in Figs. 6A & 7A, we identified two IgG
plasma cell subtypes (clusters 8 and 10) distinguished
by elevated IGKC (cluster 8) versus IGLC2/3 (cluster 10)
expression. Although no single genes were identified to
distinguish the six clouds of IgA plasma cells (clusters 2,
3 and 7, 5, 6, 11, and 12) from each other (Fig. 7F), they
formed three groups based on the expression levels of
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of plasma cells, with corresponding color codes. B A heatmap displaying the expression patterns of the top 10 marker genes across the five
populations of B cells and plasma cells. A UMAP plot (C) and a histogram (D) displaying the proportions of the five sub-cell types of B cells

and plasma cells in the four types of colorectal tissue samples. E A heatmap suggesting the DEGs between the two clusters of IgG plasma cells
(clusters 8 and 10 in Fig. 6A and cells color-coded in beige in A. The genes highlighted in red are highly differentially expressed between these

two clusters. F A heatmap implying the DEG among the six clusters of IgA plasma cells (clusters 2,3 and 7, 5,6, 1

1,and 12 in Fig. 6A, and cells

color-coded in green in A. The expression levels of the genes highlighted in red dashed squares can help differentiate these clusters of IgA plasma

cells

IGKC and IGLC2/IGLC3: IGKC8"[GLC2/IGLC3" (clus-
ters 2, 3 and 7), IGKC'VIGLC2/IGLC3"#" (clusters 5 and
6) and IGKC°“IGLC2/IGLC3"" (clusters 11 and 12).
These immunoglobulin heterogeneity patterns in plasma
cells may influence CRC prognosis and immunotherapy
response [59-63].

Furthermore, considering the combined expressions of
additional immunoglobin genes, we differentiated the six
clouds of IgA plasma cells (Fig. 4]) as follows: cluster 2,
IGHA M [GKCMeY; cluster 3 and 7, IGHA2MEN GKCMieh,
cluster 5, IGHA I8 [GLC2" " IGLC3MeY, cluster 6, IGHA-
ohigh/Gr CoMehJGLC3MEY, cluster 11, IGHA2MS IGLC1MeY,
and cluster 12, IGHAIMSMGLCIMeM, We then performed
Gene Set Enrichment Analysis (GSEA) for each of these

three groups versus the other two. The data (Fig. S11)
shows common suppression of immunoglobulin produc-
tion and immune response. The inhibition of IgA plasma
cell function is not only a driving factor for CRC progres-
sion, but also a key link in immunotherapy resistance.
Restoring IgA function through multidimensional inter-
vention may provide a new direction to improve prog-
nosis and enhance the efficacy of immune checkpoint
inhibitor.

Abundant tumor-like epithelial cells and high expression
of HNF4G in CRC samples

The intestinal epithelium, recognized as the origin of
CRC [64] comprised 3814 epithelial cells (Fig. S12A).
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They were identified based on characteristic marker
genes for epithelial cells (Fig. S12C) and further classified
into nine clusters (Fig. S12A) and four subtypes (Fig. 8A,
B and Fig. S12B): BEST4+OTOP2+ pH-sensing cells
(abundant in normal tissues; dysregulated in IBD/CRC)
[65], distal absorptive cells (prevalent in inflammatory

cnv_level

A C

cw_lovel

UMAP_2
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polyps), enteroendocrine cells, and tumor-like cells (CRC
predominant).

Marker genes distinguished four epithelial subtypes
(Fig. S12D & Table S11): SLC12A2 for distal absorptive
epithelial cells; EGFR, CEACAM®6, PRAPI, TRIM3I,
MUCI13, SPINKI, and REG4 for tumor-like epithelial
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Fig. 8 Tumor-like epithelial cells identified in epithelial cells from CRC tissues. A The UMAP plot displaying the annotation of four sub-types

of epithelial cells with corresponding color codes. B A UMAP plot illustrating the distribution of the four sub-cell types of epithelial cells

across the four types of colorectal samples, with red arrows indicating specific cell types within the corresponding sample types. C InferCNV
analyses shown in the violin plot indicate the genomic variation and malignancy across all cell types, with a red arrow highlighting the epithelial
cells. Epithelial cells of the four sub-types (D) and from each sample type (E) are depicted in developmental trajectory analyses. Tumor-like epithelial
cells from CRC tissues are highlighted in the red dashed square. Feature plots of BEST4+ (F) and CEACAM5+ (G) expression in epithelial cells are

highlighted by the red arrows, respectively
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cells; CHGA, CRYBA2, CHGB, and CACNAIA for enter-
oendocrine cells; and GUCA2A, GUCA2B, BEST4, and
OTOP2 for BEST4+ OTOP2 + epithelial cells. As shown
in Figs. S12D-E (highlighted in the dark blue squares) and
Table S12, CRC samples uniquely expressed tumor-like
markers (EGFR, CEACAM®6, PRAP1, TRIM31, ANXAI,
MUCI3, SPINK1, and REG4), confirming their pre-
dominance in malignant epithelium (Fig. 8B). Notably,
ten ribosome proteins-encoding genes exhibited high
expression in inflammatory polyps (highlighted in the red
square in Fig. S12E), suggesting inflammatory regulation
[66].

Tumor microenvironments comprise malignant and
stromal cells with dynamic interactions [67]. This study
aimed to identify malignant cells among ten cell types by
analyzing copy number variations (CNVs) inferred from
single-cell gene expression profiles [68]. CNV analysis
identified epithelial cells as the most genomically aber-
rant population (Fig. 8C), with tumor-like epithelial cells
predominantly deriving from CRC samples (Figs. 8D, E).
CRC tissues exhibited a loss of BEST4/OTOP2 cells and
a gain of CEACAMS5 + tumor-like epithelial cells (Fig. 8B,
F G), validated by CLDN4 co-staining (Fig. 9A, B). These
results corroborate known CRC signatures of BEST4
suppression [69] and CEACAMS5 overexpression [70].

SCENIC analysis identified HOXBI3 as a key TF in
inflammatory polyps (Fig. 10A, B), consistent with its
involvement in inflammatory processes [71], tumor-
suppressive role [72] and downregulation in CRC tumors
[73]. Kaplan—Meier analysis (upper panel of Fig. 10C)
indicated better survival with high HOXB13 expression.
Conversely, HNF4G emerged as a pro-tumorigenic factor
in CRC progression (Fig. 10A, B), correlating with poor
prognosis (bottom panel of Fig. 10C) and supporting
previous oncogenic reports [74]. Using siRNA-mediated
knockdown of HNF4G in the CRC cell line HT29 (Fig.
S13A), we observed significant inhibition of cell viability
(Fig. S13B, measured by CCK-8 assay) and proliferative
capacity (Fig. S13C, assessed by colony formation assay).
These results collectively demonstrate that HNF4G plays
a crucial regulatory role in CRC pathogenesis and pro-
gression, supporting its potential as a therapeutic target.

Ligand gene INHBA and transcription factor TWIST1 are
highly expressed in cancer-associated fibroblasts (CAFs)
We identified 4107 fibroblast cells, which were clas-
sified into six subtypes (Fig. 11A and Fig. S14D,
Table S13) and further seven clusters (Figs. S14B, C):
typical (PDGFRA +POSTN+), immune-related (ADAM-
DEC1+), CAFs (INHBA+CTHRC1+), myofibroblasts
(MYH11+ ACTA2+), Ig-associated (IGKC +IGHA1/2+),
and antigen-presenting CAFs (CD74+) (Fig. 11A, Fig.
S14A-D; Table S13) [75].

Page 16 of 26

Distribution analysis (Fig. 11B and Fig. S14E) revealed:
(1) reduced immune-related fibroblasts in precancerous
and CRC tissues (consistent with known ADAMDECI
suppression), (2) myofibroblast enrichment in inflamed
tissues, aligning with their known role in inflammation
[76]; (3). CAF predominance in CRC samples [20], cor-
relating with poor prognosis [77]. Combinatorial trajec-
tory analyses (Fig. 11C—E) confirmed CAF predominance
in CRC samples, while four ligand-receptor modules
(Fig. 11F) revealed stage-specific functional roles of spe-
cific ligand—receptor genes during CRC progression. Dif-
ferential expression analysis identified elevated ADIRF in
fibroblasts from normal and inflammatory polyp tissues
(Fig. 11G, red square; Table S14), suggesting its potential
tumor-suppressive role warrants further investigation.

Fibroblasts in normal colorectal tissues exhibited
elevated immunoglobulin gene expression (IGHAI,
IGHA2, IGHCI, IGHC2, IGKC and ICHAIN, as indi-
cated in Fig. 11G, highlighted in the blue squares),
potentially contributing to tissue homeostasis, with
IGHA1 +fibroblasts previously reported [78]. CRC-
derived fibroblasts showed upregulated CAF mark-
ers (SFRP2, SFRP4, CTHRCI1, INHBA, THBS2, ASPN
and MMP11, as shown in Fig. 11G & Fig. S14D, Tables
S13 & S14), including ligand-receptor genes such as
CTHRCI and INHBA, which may be useful for subtype
characterization (Fig. 11F-H). The predominance of
CTHRC1+INHBA + CAFs in CRC (Figs. 11G, H) con-
firms their established role in promoting immune evasion
and metastasis [79], with immunofluorescence verifying
increased INHBA 4+ COL1A1 +fibroblasts in CRC tissues
(Fig. 11I).

SCENIC analysis identified TWIST1I as a key transcrip-
tion factor in CAFs during CRC progression (Fig. 12A, B),
supported by its elevated expression in CAFs (Fig. 12C,
top right) and CRC tissues from TCGA cohort (Fig. 12C,
bottom left). Kaplan—Meier analysis revealed its negative
correlation with patient survival (Fig. 12C, bottom right),
underscoring its clinical relevance in CRC.

Increase in the number of endothelial cells and myeloid
cells in CRC tissues

Recent reviews [80] highlight the importance of tumor-
associated endothelial cells (TECs) in CRC pathogenesis.
The identification of 3005 endothelial cells (ECs) based
on classic EC marker gene expression (Fig. S15A) led to
their classification into nine clusters (Fig. S15B) and five
sub-types (Figs. S15C & E, Table S15): aEC (anterior EC,
marker genes ACE & GJA4), vEC (venous EC, marker
genes ACKRI1, CLU, CPE & SELP), c->aEC (capillary-
>anterior EC, marker genes VWA, IGFBP5 & SPARC),
epithelial-like EC (marker genes MUCI12 & KRT8) with
immune characteristics (marker genes IGHAI, IGKC,
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DAPI

Fig. 9 Immunofluorescence staining visualizes BEST4 4+ OTOP2 +and tumor-like epithelial cells in colorectal tissues. A Combined IF staining

for CLDN4 (green channel, pan-marker gene for epithelial cells) and BEST4 (red channel) demonstrating the presence of BEST4 +epithelial cells
in the four types of clinical colorectal samples, predominant in normal tissues. B Combined IF staining for CLDN4 (green channel) and CEACAMS5
(red channel, pan-cancer cancer marker gene) showing the presence of CEACAMS + epithelial cells, enriched in CRC tissure. Nuclei were
counter-stained with DAPI. Tissues within the white dashed squares were imaged at higher magnification as displayed on the right side. Each
staining was performed in triplicates using tissue slides sourced from three different individuals. A scale bar is present in each image

JCHAIN and CXCL14) and stressed EC (marker genes
RPLI8A and RPS26). CRC samples showed EC enrich-
ment (Fig. S15D) with elevated CDX1/IGFBP5/SELE
expression (Fig. S15F), potentially supporting tumor
angiogenesis. DEG analysis revealed tissue-specific mark-
ers (benign: FABP5, TXNIP, CD36, ADIRE and ENPP2;
malignant: AQPI, TGM2, and ADAMTS9) with diagnos-
tic potential (Fig. S15G; Table S16).

Myeloid cells are key regulators of tumor immunity
in CRC, with implications for immunotherapy [20].
A total of 740 myeloid cells (Table S1, Fig. S16A, B, D)
were annotated based on classic marker genes and clas-
sified into macrophages (CIQA & CIQB), cDC (CDIC
& CDIE), tumor-associated myeloid cells (SRRM2 and
MALATI) and monocytes (SI00A8, S100A9, FCNI1 &
VCAN). Predominantly found in CRC samples (Fig.
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Fig. 10 Demarcation of epithelial cells. SCENIC analysis of epithelial cells based on the four types of colorectal samples (A) and the four cell
sub-types (B). HOXB13 and HNF4 are highlighted in the red dashed squares, with RSS (regulon specificity score) heatmap, RSS ranking plot,

and regulon activity heatmap displayed on the left, right, and bottom, respectively. C. Feature plots (left panel) and Kaplan Meier plots (right
panel) of HOXB13 (top) and HNF4 (bottom) showing the gene expression levels in each type of colorectal samples and illustrating the correlation
between the high expressions of HOXB13 and HNF4 with the prognosis in CRC patients
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Fig. 11 Delineation of fibroblasts in colorectal tissues. A UMAP visualization representing the sub-type of fibroblasts with corresponding

color codes. B A histogram presenting the proportions of the six sub-cell types of fibroblasts within the four kinds of colorectal samples. C
Developmental pseudotime analysis of fibroblasts from all ten samples using Monocle2. The color key from dark to bright indicates pathological
progression from normal colorectal tissues to CRC. D Fibroblasts from each type of colorectal sample displayed in the developmental trajectory
analysis. E Developmental trajectory analysis demonstrating five selected subtypes of fibroblasts. F Heatmap displaying selected genes encoding
ligands or receptors in fibroblasts, with a color key indicating relative expression levels from low (blue) to high (red). G Heatmap illustrating

the DEGs of fibroblasts across the four types of colorectal samples. Immunoglobin genes specific for normal colorectal tissues are highlighted

in blue squares while ADIRF specific for non-cancerous colorectal samples are marked in red squares. H Feature plots displaying the expression

of COLTAT (top panel) and INHBA (bottom panel) in fibroblasts across each kind of colorectal specimen. I Combined IF staining for COL1AT (green,
pan-marker gene for fibroblasts) and INHBA (red) indicating the presence of COLTAT +INHBA + cancer-related fibroblasts (CAFs) in CRC tissue.
Nuclei were counter-stained with DAPI. Tissues within the white dashed squares were imaged at higher magnification as shown on the right side.
Each staining was performed using tissue slides from three different specimens of the same type. A scale bar is present in each image
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Fig. 12 Scenic analysis of fibroblasts based on the four types of colorectal samples (A) or the six sub-types of fibroblasts (B). TWISTT is highlighted
in the red dashed squares, with RSS (regulon specificity score) heatmap, RSS ranking plot, and regulon activity heatmap displayed on the top-left,
top-right, and top—bottom, respectively. C Expression of TWISTT and its relationship with the CRC prognosis. Top left panel: feature plot displaying
the expression pattern of TWISTT in all cell types from the ten clinic colorectal specimens; Top right panel: TWISTT expression profile specifically

in fibroblasts across the four types of colorectal samples; Bottom left panel: TWIST1 expression comparison between paired CRC and normal
tissues from the TCGA database; bottom right panel: Kaplan Meier plot illustrating the correlation between the high expression of TWISTT and poor

prognosis in CRC patients

S16C), these cells exhibited distinct expression patterns
(highlighted in the blue square in Fig. S16E). Tumor-asso-
ciated myeloid cells were CRC-specific, consistent with
their established role in immune checkpoint response
and tumor microenvironment modulation [81, 82].

Cell-cell interaction analyses revealed the importance

of EGFR in CRC progression

Tumors comprise complex cellular ecosystems where
interactions between epithelial, stromal, and immune
cells drive progression. Using CellPhoneDB [83], we
mapped intercellular communication networks in CRC,
identifying robust endothelial-epithelial-fibroblast cross-
talk (Fig. S17A). Notably, CRC tissues exhibited specific
EGFR-mediated interactions (highlighted in the red
dashed square on the bottom right of Fig. S17B), with
epithelial EGFR responding to multiple ligands (e.g.,
AREG, COPA, GRN, HBEGE MIFE and TGFBI) from
diverse cell types, reinforcing EGFR’s central role in coor-
dinating microenvironmental signaling. Subsequently,
CellChat analysis [30] revealed enhanced cell-cell com-
munication in CRC samples, with increased interaction
numbers and strength among immune (T cells, B cells,
plasma cells, and myeloid cells), stromal cells (endothelial
cells and fibroblasts), and epithelial cells (Fig. S18A, C).
Differential pair comparison showed greater communica-
tion complexity in malignant versus benign tissues (Fig.

S18B, D), highlighting evolving network dynamics during
CRC progression.

Pathway analysis revealed significant EGF signaling
enrichment in CRC (indicated by the red arrow in Fig.
S18D), consistent with EGFR’s epithelial importance
(Fig. S17B). A recent integrative multi-omics profiling
[84] also demonstrated elevated EGFR expression across
various cancer types. Tumor-like epithelial cells showed
elevated EGFR expression (Fig. 13A), correlating with
poor prognosis (Fig. 13B) and confirmed by immunoflu-
orescence (Fig. 13C). These findings underscore EGFR’s
critical role in CRC progression [85] and the need for
improved anti-EGFR therapies [86]. Furthermore, we
investigated EGFR-mediated crosstalk using Erlotinib-
treated HT29 CRC cells exposed to conditioned medium
from IL-1B-stimulated HUVECs (to induce EGF secre-
tion). Colony formation assays (Fig. 13D) revealed that
Erlotinib significantly suppressed HT29 proliferation
compared to controls (HUVEC-CM +IL-1p and DMSO),
demonstrating that endothelial-derived EGFR ligands
promote epithelial growth. This provides functional evi-
dence for EGFR-dependent epithelial-endothelial com-
munication in CRC progression.

Discussion

Colorectal carcinogenesis follows a progressive “nor-
mal-polyp-adenoma-carcinoma” sequence. To elucidate
underlying mechanisms, we performed scRNA-seq on
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Fig. 13 EGFR s highly expressed in various cell types in CRC tissues. A Feature plots illustrating the expression levels of EGFR in epithelial cells
across the four types of colorectal samples. B Kaplan Meier plots demonstrating that high EGFR expression is associated with poor prognosis in CRC
patients, based on data from a presentative dataset. C Combined IF staining for EPCAM (green) and EGFR (red), in the four types of colorectal
specimens (from the top to the bottom). Nuclei were counter-stained with DAPI. Tissues within the white dashed squares were imaged at higher
magnification as displayed on the right side. White arrows indicate double positive cells. Each staining was performed using tissue slides from three
different individuals of the same type of colorectal specimens. A scale bar is present in each image

ten clinical samples representing all stages, analyzing
51,819 single cells. This revealed molecular signatures of
10 major cell types and 39 subtypes, detailing transcrip-
tional regulation and intercellular signaling during CRC
progression. All data are publicly accessible via http://
www.colon-singlecell.cn for interactive exploration of
gene- and cell-type-specific expression patterns across
disease stages.

Ligand-receptor interactions (LRIs) critically influ-
ence CRC progression and treatment [87, 88]. Our study
uniquely demonstrates LRIs’ utility in cell type identifi-
cation, outperforming other gene sets, which was vali-
dated by an external CRC scRNA-seq data. To the best
of our knowledge, no similar study has been conducted,
except for one instance that utilized a 90-gene short-list
to differentiate fibroblasts from mural cells [35]. Vali-
dation across more single-cell datasets is warranted to
confirm these findings’ generalizability. As proof of the
validity and reliability of our findings, prior studies have

underscored the critical role of ligand—receptor interac-
tions (LRIs) in tumor biology, including: PD-L1 enrich-
ment in stromal cells [89], immunoinflammatory CRC
subtypes [90], Notch-mediated stemness [91] and and
fibroblast-macrophage crosstalk via COL1A1/LAMAL-
ITGBL1 [77]. Our findings specifically implicate epithelial
EGFR overexpression and EGF signaling as key drivers of
CRC progression, expanding the molecular understand-
ing of LRIs in carcinogenesis.

To characterize transitional states in colorectal carcino-
genesis, we integrated single-cell and bulk transcriptomic
data, identifying stage-specific receptor-ligand patterns:
IGHA1 (normal), TFF1 (inflammatory polyps), NRIDI
(adenomatous polyps), and SFRP2 (CRC). Immune cell
analysis revealed shared NRIDI/SFRP2 expression in
advanced stages, nominating them as potential diagnos-
tic biomarkers and therapeutic targets for CRC.

Transcription factors (TFs) critically regulate cell-type
diversity in CRC [92, 93], with constitutive expression
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supporting tumorigenic processes [94]. Our SCENIC
analyses identified key TFs: ARID5SB in CD4+ T cells,
IRF9/SOX4 in CD8+ T cells, HNF4G in tumor-like epi-
thelial cells, and TWIST1 in CAFs. TCGA and survival
analyses validated their clinical relevance, nominating
them as potential therapeutic targets or biomarkers,
though further functional studies are needed to elucidate
their precise roles.

CRC progression involves dynamic cellular shifts,
including increased Tregs, tumor-like epithelial cells,
CAFs, TAMC s, endothelial cells, and myeloid cells,
alongside decreased plasma and naive B cells. These
changes highlight the evolving tumor microenviron-
ment’s complexity during disease advancement.

Our analysis of 51,819 cells revealed elevated immu-
noglobulin gene expression in normal colorectal tis-
sues, e.g. IGHAI, IGHA2, IGKC, and IGLC2 in T cells,
IGHA1, IGHA2, IGLCI, IGLC2, IGKC, and JCHAIN in
fibroblasts. On the other hand, adenomatous polyps
showed increased heat shock protein (HSP) genes in T
cells (HSP90AA1, HSP90ABI1, HSPA1B, HSPD1, HSPE1
and HSPHI) and plasma cells (HSP90AA1, HSPAIA,
HSPA 1B, HSPA6, HSPBI1 and HSPD1). This HSP enrich-
ment mirrors the reported stress response state (Tgrp)
[53], implicating HSP modulation in CRC-associated
immune responses and tumorigenesis.

Integrating heat shock proteins and immunoglobulin
genes with T-cell signatures could enhance CRC diagnos-
tic/prognostic models by capturing immune and stress
response pathways, improving disease progression and
treatment outcome predictions. We identified two IgG
plasma cell subtypes (IGKC Meh vs. IGLC1/IGLC2"#") and
three IgA plasma cell groups based on IGLC1/IGLC2,
IGKC, and IGLCI-3 expression patterns, highlighting
their potential functional roles in CRC immunity and
microenvironment regulation.

Nevertheless, this study has limitations requiring
future consideration: firstly, CRC heterogeneity (ana-
tomical, histological, molecular) was not fully captured,
as samples included varied subtypes (tubular/signet-ring
adenocarcinomas) and locations (colon/rectum) without
accounting for CMS classification or mutational profiles
[95]. Spatial sampling disparities (e.g., normal vs. tumor
site distances) may introduce expression biases. Future
work should control for these variables to refine CRC
molecular profiling.

Secondly, previous studies have identified various epi-
thelial cell types in colorectal tissues, such as absorptive
enterocytes/colonocytes, enteroendocrine cells, goblet
cells, Paneth cells, stem cells, tuft cells and microfold
cells (M-cells) [64, 65], but this study only distinguished

Page 21 of 26

four subtypes of epithelial cells. This limited classifica-
tion might be influenced by the sample collection loca-
tions and variations in single-cell suspension preparation
methods.

An inherent limitation of scRNA-seq technique is the
challenges in cell type annotation and establishing crite-
ria for the inclusion or exclusion of individual cells within
defined cell types. Establishing boundaries of sub-cell
types can be intricate. In this study, we utilized the Seu-
rat pipeline to generate unbiased cell clusters, consider-
ing these clusters as direct demarcations of cell types.
However, clustering results are impacted by parameters
and variables in the algorithm, as well as by the inherent
heterogeneity present in the input data.

Conclusions

Our comprehensive analysis of scRNA-seq data from
ten human colorectal specimens has provided valuable
insights into the molecular landscape across the four
stages of colorectal tissues. Leveraging this dataset, we
have established a dynamic database highlighting molec-
ular signatures associated with colorectal pathology.
Findings were supported by validation with TCGA and
Kaplan—Meier datasets, along with immunofluorescence
staining using additional clinical samples. This research
underscored the importance of ligand-receptor genes
and transcription factors in colorectal carcinogenesis,
emphasizing the necessity for detailed mechanistic inves-
tigations in this field.

Abbreviations

CAFs Cancer-associated fibroblasts

cDC Conventional dendritic cell

CNV Copy number variation

CRC Colorectal cancer

CSl Connection specificity index

DEGs Differentially expressed genes
DMEM Dulbecco’s modified eagle medium
ECs Endothelial cells

FFPE Formalin-fixed paraffin-embedded
H&E Hematoxylin & Eosin

HVGs Highly variable genes

IHC Immunohistochemistry

LR Ligand/receptor

LRIs Ligand-receptor interactions

JSD Jensen-Shannon divergence

PCA Principal-component analysis

RSS Regulon specificity score

SCENIC Single-Cell rEgulatory Network Inference and Clustering
scRNA-seq  Single-cell RNA sequencing

TAMCs Tumor-associated macrophages
TCGA The Cancer Genome Atlas

TECs Tumor-associated endothelial cells
TME Tumor microenvironment

TF Transcription factor

UMAP Uniform Manifold Approximation and Projection
UMI Unique molecular identifier
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Supplementary Material 1. Figure ST, related to Figure 1. Clustering based
on the 4000 HVGs and expression of some marker genes. A. UMAP plot
displaying the 23 clusters identified in this study. B. UMAP plot illustrating
the distribution of the ten cell types annotated with color codes across
the four types of human colorectal specimens. C. Dot plot showing the
expression levels of three selected marker genes for each cell type.

Supplementary Material 2. Figure S2, related to Figure 1. Clustering of this
study (GSE261388) based on 4000 HVGs or 1062 highly variable ligand—
receptor genes and the expression of some marker genes. A. Histogram
showing the proportions of each cell type in the four types of colorectal
specimens. B. Heatmap displaying the expression of the top 10 marker
genes of the ten cell types annotated based on 4000 highly variable
genes. C. Dot plot presenting the expression of three selected ligand/
receptor genes for each cell type. D. Heatmap exibiting the expression of
the top 10 marker genes of the ten cell types annotated based on 1062
highly variable ligand-receptor genes.

Supplementary Material 3. Figure S3, related to Figure 1. Correlation
analyses of the cell type clustering based on the 4000 HVGs and the 1062
highly variable ligand and receptor genes. A. Venn diagram depicting the
overlap between the 4000 highly variable genes in this study and the
2593 ligand-receptor genes extracted from the database (https://bader
lab.org/CellCellinteractions?action=AttachFile&do=view&target=recep
tor_ligand_interactions_mitab_v1.0_April2017.txt.zip). B. Venn diagram
presenting the intersection between the top 25 marker genes of the 10
cell types and the 1062 highly variable ligand-receptor genes identified in
this study. UMAP plots based on the expression of the 1062 ligand-recep-
tor genes for T cells (C), B cells & plasma cells (E), epithelial cells (G), fibro-
blasts (I), endothelial cells (K) and myeloid cells (M). Correlation analyses
between the two methods for cell type determination based on the 4000
HVGs and the 1062 highly variable ligand and receptor genes for T cells
(D), B cells & plasma cells (F), epithelial cells (H), fibroblasts (J), endothelial
cells (L) and myeloid cells (N).

Supplementary Material 4. Figure S4, related to Figure 1.Venn diagrams
depicting the overlaps between the 4000 HVGs in this study and the
genes extracted from the provided database related to cell activation
(A), transcription factors (B), cytoskeleton (C), extracellular matrix (ECM)
matrisome (D), cell-cell signaling (E), cytokine stimulation (F), cell surface
receptor (G), and G protein-coupled receptors (GPCRs, H).

Supplementary Material 5. Figure S5, related to Figure 1. UMAP plots
based on the expression of the 87 expressed GPCRs genes identified in
this study for T cells (A), B cells & plasma cells (B), epithelial cells (C), fibro-
blasts (D), endothelial cells (E) and myeloid cells (F).

Supplementary Material 6. Figure S6, related to Figure 1. Identification of
potential ligand-receptor marker genes to differentiate the four patholog-
ical stages. The single-cell data from each sample was integrated into bulk
and analyzed. A. The overall heatmap depicting the DEGs across the four
pathological stages. Highlighted in red dashed squares are representative
receptor-ligand genes IGHAT, TFF1, NR1D1, and SFRP2 with high expres-
sion levels in normal colorectal tissues, tissues with inflammatory polyps,
adenomatous polyps, and CRC samples, respectively. B. Venn diagrams
illustrating the overlaps of the top highly expressed genes among the four
types of immune cells (T cells, B cells, plasma cells, and myeloid cells) for
each pathological stage.

Supplementary Material 7. Figure S7, related to Figure 2. Clustering and
characterization of T cells. A. UMAP plot visualizing the eleven clusters
of T cells. B. UMAP plot displaying the distribution of CD4+ and CD8+ T
cells, categorized and color-coded. C. UMAP plots presenting the fifteen
sub-types of T cells observed in each type of colorectal sample. Heatmaps
illustrating the expression of the top 10 marker genes of the eleven clus-
ters (D) or the fifteen cell types (E) of T cells identified in this study.

Supplementary Material 8. Figure S8, related to Figure 2. The expres-
sion levels of selected immunoglobulin genes and heat shock protein
genes in colorectal tissues. Box plots displaying the expression levels
of six selected genes encoding heat shock proteins (A) and four
selected genes encoding immunoglobulin proteins (B) in paired CRC
and normal tissues sourced from the TCGA database. C. Combined

IF staining for CD3 (green channel) and HSP90AAT (red channel, left
panel) or IGHA1 (red channel, right panel) showing the presence of
HSPO0AAT+ or IGHAT+T cells across the four types of colorectal tis-
sues. Tissues within the white dashed squares were imaged at higher
magnification as displayed on the right side. D. Immunohistochemistry
staining demonstrating the expression levels of HSP90AAT (left panel)
or IGHAT1 (right panel) across the four types of colorectal tissues. C & D.
Nuclei were counter-stained with DAPI. Each staining was performed in
triplicates using tissue slides sourced from three different individuals. A
scale bar is present in each image.

Supplementary Material 9. Figure S9, related to Figure 2. Clustering
and depiction of CD4+ and CD8+ T cells. A. UMAP plot visualizing the
nine clusters of CD4+ T cells. B. Histogram displaying the proportion of
the seven sub-types of CD4+ T cells in each type of colorectal sample,
annotated with color codes. C. UMAP plot presenting the distribution
of CD4+ T cells across the four types of colorectal tissues. D. Heatmap
illustrating the expression levels of the top 10 marker genes within the
nine clusters of CD4+ T cells. E. UMAP plot visualizing the nine clusters
of CD8+ T cells. F. Histogram showing the proportion of the nine clus-
ters of CD8+ T cells in each type of colorectal sample, annotated with
color codes. G. UMAP plot presenting the distribution of CD8+ T cells
across the four types of colorectal tissues. H. Heatmap illustrating the
expression profiles of the top 10 marker genes within the nine clusters
of CD8+ T cells.

Supplementary Material 10. Figure S10, related to Figure 3. FOXP3's
transcriptional regulatory network within the CRC immunosuppressive
niche. FOXP3 target genes (CTLA4 & IL10) were characterized through
integrative approaches and presented in dot plot (A) and feature plots
B).

Supplementary Material 11. Figure S11, related to Figure 7. Gene

Set Enrichment Analysis (GSEA) comparing each subgroup against

the others revealed a shared transcriptional signature of suppressed
immunoglobulin production and impaired immune response across all
subgroups.

Supplementary Material 12. Figure S12, related to Figure 8. Clustering
and characterization of epithelial cells. A. UMAP plot visualizing the
nine clusters of epithelial cells with color codes and cell numbers. B.
Histogram depicting the proportion of the nine clusters of epithelial
cells in each type of colorectal sample. C. Violin plots showing the
expression level of the top 10 marker genes for epithelial cells. D. Heat-
maps illustrating the expression patterns of the top 10 marker genes
within the four populations of epithelial cells. E. Heatmap displaying
the differentially expressed genes (DEGs) of epithelial cells across the
four types of colorectal specimens.

Supplementary Material 13. Figure S13, related to Figure 10. Functional
validation of HNF4G in CRC epithelial cells. siRNA-mediated knockdown
of HNF4G in the CRC cell line HT29 (A) led to significant inhibition of
cell viability (B, measured by CCK-8 assay) and proliferative capacity (C,
assessed by colony formation assay).

Supplementary Material 14. Figure S14, related to Figure 11. Clustering
and determination of fibroblasts. A. Violin plots exhibiting the expres-
sion levels of the top 10 fibroblast marker genes. B. UMAP plot visual-
izing the seven sub-types of fibroblasts, annotated with color codes. C.
Heatmap depicting the expression profiles of the top 10 marker genes
within the seven sub-types of fibroblasts. D. UMAP plot illustrating the
cell distribution of the seven sub-types of fibroblasts in each type of
colorectal sample. E. Heatmap showing the expression patterns of the
top 10 marker genes of the six sub-types of fibroblasts. F. UMAP indicat-
ing the proportions of the six sub-types of fibroblasts in the four types
of colorectal samples.
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Supplementary Material 15. Figure S15. Depiction of endothelial cells
in colorectal tissues. A. Violin plots showing the expression levels of
the top 10 marker genes for endothelial cells. B. UMAP visualizing the
eight clusters of endothelial cells. C. UMAP visualization color-coded
for the five sub-types of endothelial cells. D. UMAP plots presenting the
five sub-types of endothelial cells observed in each type of colorectal
sample. E. Heatmap displaying the expression patterns of the top 10
marker genes for the five endothelial sub-types. F. Feature plots high-
lighting selected endothelial marker genes (/GFBP5, SELE, and CDX1) to
demonstrate the high expression levels in CRC samples. G. Heatmap
illustrating the expression patterns of the top 10 marker genes of com-
bined endothelial cells for each type of colorectal sample.

Supplementary Material 16. Figure S16. Identification and analyses of
myeloid cells. A. Violin plots displaying the expression levels of the top
10 marker genes for myeloid cells. B. UMAP visualization color-coded
for the four sub-types of myeloid cells. C. UMAP plots presenting the
four sub-types of myeloid cells observed in each type of colorectal
sample. D. Heatmap illustrating the expression patterns of the top 10
marker genes for the four sub-types of myeloid cells. E. Heatmap show-
ing the expression patterns of the top 10 marker genes of combined
myeloid cells for each type of colorectal sample. Highlighted in the
blue square are genes that can be potentially utilized to divide the
myeloid cells from CRC specimens into two types based on expression
levels.

Supplementary Material 17. Figure S17, related to Figure 13. Determina-
tion of the cell-cell interaction by CellPhoneDB analyses. A. Heatmaps
presenting the numbers of interacting ligand-receptor pairs between
different cell types in the four types of colorectal tissues, with red color
indicating a high number of interacting pairs. B. Dot plots illustrating
potential receptor-ligand interactions between different cell types
across the four types of colorectal tissues. The X-axis represents the
potential interacting cell types (receptor cell | ligand cell), while the
Y-axis shows the interacting genes/proteins (receptor | ligand). The
size of the circle signifies the significance level, and the color exhibits
the expression of interacting genes (red: high; blue: low). Highlighted
in a red dashed square on the bottom right are EGFR and its various
interacting ligand pairs.

Supplementary Material 18. Figure S18, related to Figure 13. Characteri-
zation of the cell-cell interactions by CellChatDB analyses. A. Interaction
network analyses for each type of colorectal specimens (from top to
bottom: normal colorectal tissue, inflammatory polyps, adenomatous
polyps, and CRC tissues). The left panels display the interaction number,
while the right panels show the interaction strength. B. Differential
interaction network analyses between different colorectal types. The
top panels illustrate the differential number of interactions, and the
bottom panels depict the differential interaction strength. The compari-
sons displayed are inflammatory polyps versus normal tissue, adeno-
matous polyps versus inflammatory polyps, and colorectal cancer
versus adenomatous polyps. A & B: Network analyses are represented
with color-coded dots indicating different cell types. Red lines repre-
sent high numbers or strengths, while blue lines indicate low numbers
or strengths. The thickness of the lines reflects the extent of interaction,
with thicker lines suggesting stronger interactions. Heatmaps display
sender and receiver cell types on the Y-axis and X-axis, respectively. Red
or blue colors in the heat maps signify increased or decreased interac-
tions. Bars above and to the right of the heatmaps indicate the sum of
incoming and outgoing signals, respectively. Higher bars indicate more
signals. Cell types are color-coded. C. Bar plots illustrating the compari-
sons of cell-cell interactions. The numbers of inferred interactions are
shown in the left panel and interaction strength in the right panel. The
X-axis represents the four types of colorectal samples, while the Y-axis
shows the corresponding numbers. D. Bar plots depicting the informa-
tion flow of each signal pathway. The red arrow points to the EGF signal
pathway. C & D. Each type of colorectal sample is color-coded as shown
by the colors of the bars. Higher bars indicate more interactions.
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