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ABSTRACT
Sidedness influences colorectal cancer (CRC) prognosis and treatment response, yet the mechanism dictating differential EGFR 
inhibitor (EGFRI) sensitivity is unclear. This study investigated the tumor microenvironment (TME) in relation to EGFRI eli-
gibility―clinically defined by factors such as tumor sidedness (e.g., left-sided), RAS/BRAF wild-type status, and microsatellite 
stability (MSS)―using integrated single-cell RNA sequencing (scRNA-seq), with bulk RNA-seq and spatial transcriptomics val-
idation. We found cancer cell features reflected EGFRI eligibility more strongly than sidedness. EGFRI eligible tumors exhibited 
high Epiregulin (EREG) expression by cancer cells. Cell interaction analysis revealed a specific “EREG/EGFR/CSF axis” in 
EGFRI eligible CRC: EREG derived from cancer cell stimulates EGFR-expressing non-myCAF subtypes of cancer-associated 
fibroblasts (CAFs), which signal via CSF to M1/M2-like Tumor-Associated Macrophages/Monocytes (TAM/TAMo), potentially 
promoting M2 polarization. Spatial analysis confirmed the proximity of these interacting cell populations and localized EGFR 
pathway activation near cancer cells specifically in eligible tumors. This study provides a TME-centric view of EGFRI eligibility, 
identifying a key intercellular communication network driving differential responses. These findings suggest TME features 
could offer more precise patient stratification than sidedness alone, potentially improving CRC therapeutic strategies.

1   |   Introduction

Colorectal Cancer (CRC) is a major global health concern, rank-
ing third in diagnosis and fourth in cancer-related mortality 
[1]. Characterizing its biological heterogeneity for more precise 
therapeutic strategies is a pressing challenge. Significant clini-
cal and molecular differences exist depending on primary tumor 
origin in the right or left colorectum (tumor “sidedness”) [2–4]. 
Right-sided colon cancer (RCC) derives from the midgut, while 
left-sided colorectal cancer (LCRC) originates from the hindgut. 
It has been suggested that these differences in embryological 

origin and gut microbiota composition significantly influence 
variations in gene mutation profiles and the TME [5].

Multiple cohort studies of advanced CRC report poorer prog-
nosis for RCC versus LCRC [6, 7]. Similarly, treatment out-
comes for colorectal liver metastases (CRLM) vary by primary 
tumor location, with right-sided tumors showing greater 
treatment resistance [8]. Considering these clinical features, 
CRC sidedness has emerged as a crucial biomarker for guid-
ing treatment decisions and is widely utilized, particularly for 
predicting the efficacy of epidermal growth factor receptor 
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inhibitors (EGFRI) [9]. For the treatment of metastatic col-
orectal cancer (mCRC), different therapeutic approaches are 
recommended for right-sided versus left-sided tumors in pa-
tients with microsatellite stable (MSS), RAS wild-type, and 
BRAF wild-type [10, 11].

While RAS wild-type LCRC exhibits high sensitivity to EGFRI 
[12], the underlying molecular mechanisms remain incom-
pletely understood. Recent studies suggest that the expression 
levels of EGFR ligands secreted by tumor cells, such as epireg-
ulin (EREG) and amphiregulin (AREG), may serve as potential 
novel biomarkers for predicting response to EGFR inhibitor 
therapy [13, 14]. Furthermore, variations in the TME are known 
to influence the response to anti-EGFR therapy [15, 16]. This 
suggests that responsiveness to EGFRI may be governed by com-
plex interactions among tumor cells, immune cells, and stromal 
cells, extending beyond simple primary tumor sidedness.

Therefore, in this study, we performed an integrative analysis 
using transcriptome such as scRNA-seq, bulk RNA-seq, and 
spatial transcriptomics. Specifically, our aim was to compre-
hensively characterize the differences in cancer cells, immune 
cells, and fibroblasts between right-sided and left-sided primary 
tumors, and subsequently identify specific TME features asso-
ciated with responsiveness to EGFRI. In this study, we define 
“EGFRI eligible” tumors as those with a left-sided primary ori-
gin, RAS and BRAF wild-type status, and MSS, representing the 
patient population most likely to benefit from EGFRI therapy.

Our results revealed that these “EGFRI eligible” patient tu-
mors, EREG expressed by CRC cells, initiate the formation of 
a specific interaction network, termed the “EREG/EGFR/CSF 
axis,” involving cancer cells, fibroblasts, and myeloid cells. 
Furthermore, our findings suggest that specific subtypes of fi-
broblasts and myeloid cells are critically involved in establishing 
this interaction network.

In summary, this study provides a comprehensive analysis of 
EGFRI sensitivity in CRC from the perspective of the TME, 
aiming to propose a more refined and clinically relevant classifi-
cation framework that transcends simple primary tumor sided-
ness. The findings of this research are anticipated to overcome 
the limitations of conventional classifications based primarily 
on sidedness, potentially leading to a new paradigm for a deeper 
understanding of CRC heterogeneity.

2   |   Material and Methods

2.1   |   Data Collection and Patient Cohort

scRNA-seq data from human CRC tissues and adjacent normal 
tissues, with clinical information, were sourced from two pub-
lic datasets. The first dataset comprised five cohorts (KUL3, 
KUL5, CRC-SG1, CRC-SG2, and SMC) obtained from Synapse 
(ID: syn26844071). The second dataset (GSE200997 cohort) was 
obtained from GEO (accession: GSE200997). In this dataset, 
only specific samples were selected for our primary analysis to 
strictly fulfill the criteria for evaluating EGFRI eligibility (MSS 
and BRAF V600E wild-type). In total, for our primary analysis, 
we selected 109 MSS, BRAF V600E wild-type tumor samples 

and 35 normal samples for which sidedness and RAS mutation 
metadata were available. The use of all data was in accordance 
with the policies of the relevant institutional review boards for 
each respective research project.

2.2   |   scRNA-Seq Data Processing, Quality Control, 
and Integration

Initial quality control (QC) of the single-cell data was performed 
in the original studies prior to our analysis. Our study began 
with these pre-processed datasets.

For the five-cohort dataset (KUL3, KUL5, CRC-SG1, CRC-SG2, 
SMC), rigorous cell-type-specific QC had been applied as pre-
viously described. This included the removal of doublets using 
DoubletFinder and filtering cells based on cell-type-specific 
cutoffs for the number of detected genes and the percentage of 
mitochondrial reads (e.g., for epithelial cells, NODG < 2200 or 
> 7500, and mitochondrial percentage < 3.0% or > 23.0% were ex-
cluded). For the GSE200997 dataset, cells with a mitochondrial 
gene percentage exceeding 25% had been removed, and doublets 
were identified and excluded using the DoubletFinder package. 
The pre-processed data from these cohorts were then integrated 
for downstream analysis using the Seurat package (v5.2.1). 
Epithelial and non-epithelial cell data from the EGA/Synapse 
datasets were merged, and subsequent data processing followed 
a standard Seurat workflow for integration and clustering.

2.3   |   CNV Estimation

To assess the malignant potential of epithelial cells, CNV pro-
files were inferred using the inferCNV R package (v1.22.0; 
https://​github.​com/​broad​insti​tute/​InferCNV). Raw UMI count 
matrices from epithelial cells were used as input, with normal 
epithelial cells serving as the reference.

2.4   |   Pseudobulk RNA-Seq Analysis

UMI counts were aggregated per sample for each major cell 
type using AggregateExpression function. Samples with low 
cell counts (epithelial: < 50 cells; fibroblasts: < 50 cells; myeloid: 
< 50cells; T cell: < 100 cells) were excluded. The resulting count 
matrices were processed using DESeq2 (v1.46.0) for variance-
stabilizing transformation. Batch effects across datasets were 
corrected using ComBat_seq from the sva package (v3.54.0), ex-
cept for T cells where removeBatchEffect from the limma pack-
age (v3.62.2) was used.

2.5   |   GSEA and Pathway Activity Scoring (AUCell)

Biological pathway activity was assessed using GSEA and 
AUCell. GSEA was performed using the clusterProfiler package 
(v4.14.4) on ranked gene lists derived from DEG analyses. Gene 
sets from MSigDB and custom literature-derived gene sets (e.g., 
M1/M2 subtype signatures, CAF subtype signatures) were used. 
Normalized Enrichment Scores (NES) were visualized using 
heatmaps generated with pheatmap (v1.0.12). For Visium data, 

https://github.com/broadinstitute/InferCNV
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pathway activity per spot was scored using the AUCell package 
(v1.28.0).

2.6   |   Cell–Cell Interaction Analysis

Cell–cell communication networks were inferred using CellChat 
(v2.1.2) and NicheNet (v2.1.7). For CellChat analysis, the stan-
dard workflow was followed; specifically, communication prob-
abilities were computed using the default triMean method, and 
filtering was applied with min.cells = 10. For NicheNet, ligand 
activities predicting target gene expression in receiver cells were 
computed using the predict_ligand_activities function, based 
on DEG analysis between conditions.

2.7   |   Pseudotime Trajectory Analysis

Monocle3 (v1.3.7) was applied to the previously defined macro-
phage/monocyte subset. Trajectory graphs were learned using 
learn_graph function, and pseudotime was calculated using 
order_cells function.

2.8   |   TCGA Data Analysis and CIBERSORTx 
Deconvolution

To validate cell type compositions in bulk tissue, TCGA COAD 
and READ datasets were analyzed. BRAF V600E wild-type 
cases were selected and stratified into EGFRI eligibility groups 
based on sidedness and KRAS mutation status. Signature ma-
trices were generated from the scRNA-seq data. These matri-
ces, along with TCGA bulk RNA-seq data, were used as input 
for CIBERSORTx to estimate cell type fractions in each TCGA 
sample. Estimated proportions were compared between EGFRI 
eligibility groups using the Wilcoxon test.

2.9   |   Spatial Transcriptomics Analysis

Spatial transcriptomics data were obtained via Zenodo (DOI: 
10.5281/zenodo.15298305). Pathologist annotations, provided 
by expert pathologists on the author team, were used to inform 
the analysis. Cell type composition per spot was estimated using 
CytoSPACE with the integrated scRNA-seq data as a reference. 
Tumor proximity analysis focused specifically on spots anno-
tated by pathologists as “stroma_fibroblastic_IC”, representing 
fibroblastic stroma with immune cell (IC) infiltration. The dis-
tance from each “stroma_fibroblastic_IC” spot to the nearest 
annotated tumor spot was calculated. The spots were classified 
as “Near” or “Far” using the median distance threshold. AUCell 
pathway scores were compared between proximity groups. The 
log2 fold change of the mean AUCell score of the “Near” group 

relative to the “Far” group 
(

LFC = log2

(

Mean(AUCellNear)
Mean(AUCellFar)

))

 was 
then computed to quantify the differential pathway enrichment 
associated with tumor proximity. Additionally, to validate these 
findings, an independent Visium cohort (GSE226997) was an-
alyzed (Figure S6). Because pathologist annotations were un-
available for this cohort, stromal spots were computationally 
defined based on module scores for fibroblasts and myeloid 

cells, excluding regions with high epithelial or smooth muscle 
scores. Tumor proximity was similarly evaluated.

3   |   Results

3.1   |   Integrative Analysis of scRNA-Seq 
Constructed a Comprehensive Atlas of Cellular 
Diversity in CRC

We collected 144 samples (109 tumor tissues, 35 adjacent normal 
tissues) from six public scRNA-seq datasets, focusing on BRAF 
wild-type, MSS cases where primary tumor sidedness informa-
tion was available (Figure 1A; Table S1). This design allowed for 
analysis considering eligibility for EGFRI therapy.

Next, we integrated scRNA-seq data, annotating major cell 
types (Figure  1B). A heatmap of top 6 marker DEGs showed 
distinct cell-type-specific signatures, confirming appropriate 
annotation (Figure  1C). We also evaluated the cell type pro-
portions and EREG expression levels per dataset. While there 
was some variance in EREG expression across datasets, we 
confirmed that no specific dataset predominantly skewed the 
results (Figure S1A,B).

The integrated scRNA-seq data were visualized to evaluate as-
sociations with clinical information. When cells were colored 
based on tumor sidedness (Left vs. Right), RAS mutation status 
(Wild-type vs. Mutant), and EGFRI eligibility (EGFRI eligible 
vs. EGFRI ineligible), no major biases were observed in the over-
all cell distribution (Figure 1D–F).

3.2   |   EGFRI Eligibility Reflects Cancer Cell 
Characteristics More Than Sidedness

We exploratorily analyzed the molecular differences among 
cancer cells in CRC. We identified EPCAM-positive epithe-
lial cells and extracted 33,180 cells derived from tumor tissues 
for re-integration. As a result, cancer cells were classified into 
six major clusters (Figure  2A). When assessing genomic dif-
ferences at the cancer cell level using copy number variation 
(CNV) analysis with inferCNV, LCRC showed more widespread 
chromosomal instability (CIN), with clear differences observed 
particularly in regions 1p, 13q, 14q, 18pq, and 20pq (Figure 2B), 
consistent with previous reports [17].

Furthermore, DEG analysis based on sidedness identified genes 
like PRAC1 (characteristic of rectum, distal colon, and prostate) 
and EREG known as one of the EGFR ligands on the left side. 
On the right side, REG4, ANXA1, and KRT7 were detected 
(Figure 2C). ANXA1 is involved in inflammatory responses and 
immunosuppression and has been linked to poor prognosis [18]. 
KRT7 is involved in cancer progression and metastasis and may 
be related to the serrated neoplasia pathway known to be asso-
ciated with RCC [19, 20]. As REG4 is also known as a character-
istic gene for mucinous carcinoma, we examined the expression 
of mucinous carcinoma-related genes (REG4, SPINK4, FCGBP, 
MUC2). These were enriched and highly expressed in cluster 2, 
suggesting that cluster 2 represents a cell population with muci-
nous carcinoma-like characteristics (Figure S2A).

https://doi.org/10.5281/zenodo.15298305
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To evaluate the differences in the overall transcriptome pro-
files of cancer cell populations, we created pseudo-bulk data by 
averaging gene expression across cancer cells for each sample 
and performed Principal Component Analysis (PCA). When 

samples were compared by tumor sidedness and EGFRI eligibil-
ity, the classification by EGFRI eligibility appeared to more fun-
damentally reflect the differences in cancer cell gene expression 
profiles than the classification by tumor sidedness (Figure 2D).

FIGURE 1    |    Study design and integration of public scRNA-seq datasets. (A) Schematic overview of the study design created with BioRe​nder.​com. 
EGFRI-eligible tumors are defined as a left-sided primary origin, RAS/BRAF wild-type status, and microsatellite stability (MSS). (B) Integrated 
scRNA-seq data with cell types annotated by DEGs. (C) Heatmap of top 6 marker genes per cell type. (D–F) UMAP of integrated data colored by 
Sidedness (D), RAS status (E), and EGFRI eligibility (F).

http://biorender.com
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Furthermore, to investigate the relationship between EGFRI eli-
gibility and the overall TME, we estimated the cellular composi-
tion of TCGA bulk RNA-seq data using CIBERSORTx [21]. The 
results revealed that EGFRI ineligible cases had significantly 
lower estimated proportions of myeloid cells and fibroblasts 
compared to EGFRI eligible cases (Figure  2E). This indicates 

that EGFRI eligibility is associated with differences in TME 
cell composition ratios. On the other hand, when performing 
pseudo-bulk PCA on the major TME constituent cells (T cells, 
myeloid cells, fibroblasts) using our scRNA-seq data, no clear 
separation based on transcriptomes (qualitative difference) was 
observed according to EGFRI eligibility (Figure  S2B–D). This 

FIGURE 2    |    “EGFRI eligibility” better stratifies cancer cell characteristics than “Sidedness.” (A) Re-integration and UMAP of 33,180 tumor-
derived EPCAM-positive cells. (B) Cancer cell CNV profiles via inferCNV, stratified by Sidedness. Red: Putative gains; blue: Putative losses, relative 
to reference. Yellow boxes highlight altered chromosomal regions. (C) Heatmap of top 12 DEGs by Sidedness. (D) Principal component analysis 
(PCA) of pseudo-bulk profiles of cancer cells. Samples are colored by sidedness (left panel), EGFRI eligibility (middle panel), and dataset origin (right 
panel). (E) CIBERSORTx estimation of non-cancer cell abundance in TCGA-COAD/READ by EGFRI eligibility. Statistical analysis was performed 
using a two-sided Wilcoxon rank-sum test, and p-values are shown.
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suggests that while EGFRI eligibility may not drastically alter 
the overall transcriptome of these cells, it might influence the 
TME through changes in cellular composition.

3.3   |   EREG Plays a Central Role in the Cell–Cell 
Interaction Network in EGFRI Eligible CRC

EREG, which showed a tendency for higher expression in LCRC, 
is also attracting attention as a candidate predictive biomarker 
for EGFRI sensitivity [14, 22, 23]. Therefore, we conducted a 

detailed analysis of EREG expression in relation to EGFRI eligi-
bility and the cell–cell communication involved.

EREG expression in cancer cells was significantly upregu-
lated in the EGFRI eligible group, also ranking as a top up-
regulated gene based on EGFRI eligibility alone (Figure 3A,B; 
Figure S3A). In contrast, other known EGFR ligands (AREG, 
EGF, TGFA, BTC, EPGN, HBEGF) did not show such a clear 
association with EGFRI eligibility (Figure  S3B). These find-
ings strongly suggest a key role for EREG expressed by cancer 
cells in EGFRI eligible CRC.

FIGURE 3    |    EREG-mediated intercellular signaling network analysis in EGFRI eligible colorectal cancer. (A) FeaturepPlot of comparison of 
EREG expression in cancer cells stratified by RAS mutation status and sidedness. (B) Dot plot of EREG-expressing cancer cell proportions, stratified 
by RAS status and sidedness. (C, D) Network diagrams showing signaling strength between cell types in the EGF signaling pathway (B) and CSF sig-
naling pathway (C) for EGFRI eligible and EGFRI ineligible cases. Line thickness indicates signal strength (weight). (E) NicheNet analysis predicting 
downstream effects from cancer cells to fibroblasts. Top 30 predicted active ligands potentially involved in signaling from cancer cells to fibroblasts 
in EGFRI eligible cases (left panel). Potential target genes regulated by cancer cell-derived EREG within fibroblasts (right panel).
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Next, we comprehensively analyzed the changes in cell–cell 
communication due to differences in EGFRI eligibility using 
CellChat [24, 25]. In EGFRI eligible cases, fibroblasts and my-
eloid cells were the key players in this increase, acting as the 
primary signal senders and receivers, respectively. Among these 
interactions, signaling from fibroblasts to myeloid cells was 
markedly enhanced (Figure S3C).

We analyzed these changes in cell–cell communication at the level 
of individual signaling pathways for each cell type. Focusing first 
on signals from cancer cells to fibroblasts, an enhancement of the 
EGF signaling pathway was observed in EGFRI eligible cases 
(Figure S3D). Network diagrams showed that while EGF signal-
ing primarily functions as an autocrine loop among cancer cells 
in ineligible cases, signaling from cancer cells to fibroblasts newly 
emerged in eligible cases (Figure 3C). To comprehensively visual-
ize the specific ligand-receptor pairs driving these interactions and 
their probabilities, we provided bubble plots focusing on the EGF 
and CSF pathways (Figure S3E). Next, examining the signaling 
pathways most enhanced from fibroblasts to myeloid cells in eli-
gible cases identified enhancements in the CSF signaling pathway 
and the NOTCH signaling pathway (Figure S3D). As reports on 
NOTCH signaling from fibroblasts to myeloid cells are limited, we 
focused on the CSF signaling pathway (Figure 3D). These find-
ings suggest a potential cascading interaction in EGFRI eligible 
cases: cancer cells (high EREG) act on fibroblasts via enhanced 
EGF signaling, and these fibroblasts, in turn, act on myeloid cells 
via enhanced CSF signaling.

To further test this hypothesis, we used NicheNet [26] to predict 
the downstream effects of signaling from cancer cells to fibro-
blasts in EGFRI eligible cases. The results ranked EREG highly 
as a ligand acting from cancer cells onto fibroblasts and pre-
dicted FOSL1 and JUNB, components of the AP-1 complex, as 
potential transcription factors activated within fibroblasts upon 
receiving EREG signals (Figure 3E). AP-1 transcription factors 
are known to be activated downstream of EGFR signaling and 
induce the expression of CSF family genes (CSF1/CSF2) [27–29]. 
Therefore, the integrated analysis of CellChat and NicheNet 
suggests the potential formation of a specific “EREG/EGFR/
CSF axis” in EGFRI eligible CRC, where cancer cell-derived 
EREG activates the AP-1 pathway via EGFR in fibroblasts, con-
sequently enhancing CSF production and secretion from fibro-
blasts, which then acts on myeloid cells.

3.4   |   Interaction Between Cancer Cells 
and Fibroblasts in EGFRI Eligible CRC Is Mediated 
by Non-myCAFs

The findings suggested an interaction network involving EREG-
mediated communication between cancer cells, fibroblasts, and 
immune cells in EGFRI eligible CRC. To identify which fibro-
blast subtype is involved in this interaction, focusing on the het-
erogeneity of fibroblasts playing a central role in this axis, we 
performed sub-clustering analysis.

First, we identified the fibroblast cluster from the integrated 
data and confirmed marker gene expression (Figure  S4A). 
Fibroblasts derived from tumor tissues were extracted as CAFs 
and subjected to re-integration and re-clustering. As a result, 

CAFs were primarily classified into four subtypes. Based on 
previously reported markers [30], CAFs were classified into 
myCAF, iCAF, as well as SOX6+Fib and ADAMDEC1+Fib 
(Figure  S3A,B). Comparing the proportions of CAF subtypes 
based on EGFRI eligibility revealed that myCAFs were pro-
portionally higher in the EGFRI ineligible group, while iCAFs 
were higher in the eligible group (Figure  4A). This trend was 
reproduced in our CIBERSORTx analysis of bulk RNA-seq data, 
which confirmed consistent CAF subtype ratios (Figure 4B).

To elucidate the biological characteristics of each identified CAF 
subtype, GSEA was performed using signature gene sets for 
CAF subtypes reported previously [30–33]. The results showed 
that SOX6+ Fibs were enriched for pathways related to tissue 
remodeling, such as bone morphogenetic protein (BMP) pro-
duction, while ADAMDEC1+Fibs were enriched for pathways 
involved in immune cell recruitment, such as gene sets related 
to the chemokine CCL8. Pathways related to myCAF and iCAF 
were not enriched, suggesting that these subtypes may possess 
tissue-specific or distinct functional roles within the TME of 
CRC, such as BMP production or CCL8-mediated immune cell 
recruitment (Figure 4C).

We then used CellChat to analyze which CAF subtype is respon-
sible for the enhanced EGF signaling from cancer cells to fibro-
blasts observed in EGFRI eligible cases. The results showed that 
interactions via EGF signaling with cancer cells were strongly 
detected primarily in SOX6+ Fibs and iCAFs (Figure 4D). Since 
EGFR expression on the CAF side is essential for this interac-
tion, we examined EGFR expression levels in each subtype. 
SOX6+ Fibs and iCAFs expressed EGFR, whereas myCAFs 
showed nearly absent EGFR expression (Figure 4E). These re-
sults strongly suggest that the EGF signal (including EREG) 
originating from cancer cells in EGFRI eligible cases is received 
by EGFR-expressing non-myCAFs (SOX6+ Fibs and iCAFs).

From these results, it became clear that within the “EREG/
EGFR/CSF axis” in EGFRI eligible cases, the non-myCAFs 
expressing EGFR receive the EGF signal (EREG) from cancer 
cells, while myCAFs, which are increased in EGFRI ineligible 
cases, are not directly involved in this interaction.

3.5   |   Monocyte/Macrophage Lineage Cells Are 
Classified Into Functionally Distinct Subtypes, 
and CSF Signaling Is Associated With M2-Like 
Differentiation

We analyzed myeloid cells, presumed receivers of CSF sig-
nals from fibroblasts in the “EREG/EGFR/CSF axis,” for sub-
type identification, functional characteristics, and association 
with EGFRI eligibility. CD68-positive cells were re-clustered 
(Figure 5A). Our analysis then focused specifically on Tumor-
Associated Macrophages/Monocytes (TAM/TAMo), as CSF 
signaling is crucial for their development [34]. TAM/TAMo pop-
ulations were specifically selected based on the expression of 
characteristic DEGs, including SPP1, CD163, and CSF1R.

Based on their distinct roles in CellChat-inferred EGF and 
CSF signaling pathways (as senders and receivers, respec-
tively), we sub-clustered TAM/TAMo into three main subtypes: 
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“EGF-TAM/TAMo,” “CSF-TAM/TAMo,” and “Intermediate-
TAM/TAMo” (Figure 5B,C).

GSEA was performed to elucidate the biological characteris-
tics of these subtypes (Figure  5D). The “Intermediate-TAM/
TAMo” were enriched for immune activation pathways, in-
cluding M1-like macrophage signatures [35], inflammatory 
responses, and antigen presentation. In contrast, “CSF-TAM/
TAMo” were enriched for tissue repair and immunosup-
pression pathways, such as M2-like macrophage signatures 

[35], and extracellular matrix (ECM) association. Based 
on these functional profiles and known marker expression 
(Figure S5A,B), we interpreted these subtypes as progenitor-
like TAMo (the “EGF” subtype), classically activated M1-like 
TAMs (the “Intermediate” subtype), and alternatively acti-
vated M2-like TAMs (the “CSF” subtype).

Finally, Monocle3 pseudotime analysis inferred a differentia-
tion trajectory from TAMo, through M1-like TAMs, towards 
M2-like TAMs (Figure 5E). The root node was set at the cluster 

FIGURE 4    |    Classification of CAF subtypes and analysis of EGF pathway-mediated interactions with cancer cells in EGFRI eligible cases. (A) 
Identification of CAF subtypes from tumor tissues (left panel). Stacked bar plot showing the abundance of each CAF subtype stratified by EGFRI 
eligibility (right panel). (B) Estimated abundance of myCAF and iCAF subtypes in bulk RNA-seq data (TCGA-COAD/READ) using CIBERSORTx. 
Comparison based on EGFRI eligibility using a two-sided Wilcoxon rank-sum test; p-values are shown. (C) Biological interpretation of each CAF 
subtype using GSEA with gene sets characteristic of previously reported CAF subtypes. (D) CellChat analysis of EGF signaling-mediated intercel-
lular interactions between CAF subtypes and cancer cells in EGFRI eligible cases. Interaction strength is shown. (E) Dot plot showing the EGFR 
expression in each CAF subtype.
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maintaining classical monocyte features (e.g., S100A8 expres-
sion), representing the biological origin of differentiation. Since 
CSF signaling, particularly CSF1, is known to induce M2-like 
differentiation of macrophages [36], this trajectory suggests 
that CSF signals from CAFs may promote the differentiation of 
TAMs into an immunosuppressive M2-like state.

3.6   |   Validation of the EREG/EGFR/CSF Axis 
in the Tissue Spatial Context Using Spatial 
Transcriptomics

Our scRNA-seq analysis previously suggested an “EREG/
EGFR/CSF axis” in EGFRI-eligible CRC, where cancer cell-
derived EREG acts on non-myCAFs, which in turn signal to 
M1/M2-like TAMs via CSF. To validate this axis and map its 
spatial organization, we utilized Visium spatial transcriptomics.

Representative EGFRI eligible and ineligible samples were ana-
lyzed (Table S2), integrating H&E images (Figure 6A) with gene 
expression per 55 μm spot. Consistent with scRNA-seq, spatial 
EREG expression was high in tumor regions of eligible cases but 
markedly lower in ineligible ones (Figure 6B).

CytoSPACE [37], using our scRNA-seq atlas as a reference, esti-
mated spot cellular composition. This showed TAMo were nearly 
absent in the EGFRI ineligible case (Figure  S6A). Fibroblasts 
and myeloid cells often co-localized in cancer-devoid stromal 
regions in both case types (Figure S6B).

To investigate whether these cell–cell interactions occur be-
tween spatially proximal cells, we extracted spots where stromal 
and immune cells co-exist (Stroma+Immune spots) based on 
pathologist annotation. These spots were classified into “Near 
spots” and “Far spots” based on their distance to nearby cancer 
cells (Figure  6C), and their transcriptome profiles were com-
pared. We then compared their pathway activities by calculating 
the log2 fold change of AUCell-derived scores (Near vs. Far). In 
the EGFRI eligible case, this analysis revealed a specific upregu-
lation of the EGFR signaling pathway in Near spots. In contrast, 
the EGFRI ineligible case did not show a prominent increase in 
EGFR pathway activity; instead, it exhibited an enrichment of 
other various cancer-related pathways in Near spots relative to 
Far spots (Figure 6D). To ensure the robustness of these find-
ings, we validated this spatial dynamic using an independent 
spatial transcriptomics cohort (GSE226997; Figure  S6C,D), 
which successfully reproduced the marked EREG expression 

FIGURE 5    |    Monocyte/macrophage lineage cells are classified into functionally distinct subtypes based on their involvement in EGF/CSF sig-
naling. (A) UMAP showing re-integrated and clustered CD68-positive cells derived from tumor tissues, with annotations. (B) UMAP showing re-
clustered tumor-associated macrophages and monocytes (TAM/TAMo) classified based on their involvement in EGF and CSF signaling pathways. 
Three subtypes are shown. (C) CellChat analysis of intercellular interaction networks. EGF signaling from cancer cells and CAF subtypes to each 
TAM/TAMo subtype (left panel). CSF signaling from cancer cells and CAFs to each TAM/TAMo subtype. Interaction strength is shown (right pan-
el). (D) GSEA results for each TAM/TAMo subtype with M1/M2-like signatures and related pathways. (E) Pseudotime trajectory analysis of TAM/
TAMo using Monocle3. Arrows indicate the inferred direction of differentiation/polarization.
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and the proximal activation of the EGFR pathway exclusively 
in eligible cases.

This result supports that in EGFRI eligible cases, factors such 
as EREG expressed by cancer cells act on spatially proximal 
stromal-immune cell clusters (particularly those containing 
CAFs and TAMs), locally activating the EGFR pathway. The 
spatial transcriptomics findings corroborate that the “EREG/
EGFR/CSF axis” identified through scRNA-seq analysis func-
tions within specific spatial niches in the actual tumor tissue.

4   |   Discussion

This study investigated CRC cases clinically eligible for EGFRI 
therapy (left-sided, BRAF wild-type, MSS) using integrated 

multi-transcriptomics to explore TME intercellular networks 
linked to sidedness and EGFRI eligibility. We found “EGFRI eli-
gibility” better reflects cancer cell and TME characteristics than 
“sidedness” alone, uncovering biological bases for clinical differ-
ences. Crucially, we identified a specific “EREG/EGFR/CSF axis” 
in EGFRI eligible cases, driven by cancer cell-derived EREG and 
engaging non-myCAF and TAM/TAMo.

While sidedness is a key clinical indicator for EGFRI efficacy 
in RAS wild-type LCRC, underlying TME mechanisms are un-
clear, with prior research often focusing on cancer cell intrinsic 
features. Our study's novelty is using computational methods 
(CellChat, NicheNet) on multi-transcriptomic data to show 
EREG not just as a cancer cell factor, but as an initiator of a TME 
signaling cascade. We propose a multicellular network where 
cancer cell-derived EREG activates EGFR on nearby CAFs, 

FIGURE 6    |    Spatial transcriptomics reveals spatial interactions of CAF and TAM subtypes. (A) H&E staining images from representative EGFRI 
eligible (left panel) and ineligible (right panel) cases. Scale bar: 500 μm. (B) Spatial expression pattern of EREG in each case. (C, D) Comparison of 
pathway activity in stromal/immune spots based on proximity to cancer cells. (C) Representative spot classification (Near vs. Far). (D) Heatmap 
showing log2 fold change of pathway activity (Near vs. Far) in EGFRI-eligible (S4) and ineligible (S2) cases. Red indicates enriched activity near 
cancer cells.
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inducing CSF gene expression; these CSFs then target myeloid 
cells, offering new insights into biological distinctions linked to 
sidedness.

Regarding CAFs, suggested to play a central role in our findings, 
several key points warrant discussion. We classified CAFs into 
subtypes such as myCAF, iCAF, SOX6+ Fib, and ADAMDEC1+ 
Fib; among these, non-myCAFs were predicted to express EGFR 
and receive EREG signals. This finding is particularly interesting 
because, in many other cancer types, including pancreatic, breast, 
and lung cancer, CAFs are widely known to function primarily 
as producers and secretors of EGFR ligands [38–43]. Reports de-
scribing CAFs acting as recipients of cancer cell-derived EREG, 
as observed in our study, are scarce. This may indicate a unique 
CRC signaling modality, possibly where high local EREG con-
centrations induce EGFR signaling in CAFs that usually produce 
ligands, highlighting CAF functional diversity within the TME.

Considering that SOX6+ Fib and ADAMDEC1+ Fib might be 
gastrointestinal-specific fibroblasts [44, 45], elucidating the di-
verse roles of organ-specific fibroblasts and how they contribute 
functionally within the “EREG/EGFR/CSF axis” remains an 
important future challenge.

Whether the non-myCAFs identified as recipients of EREG 
signaling in this study actually enhance CSF production is cur-
rently supported only by indirect evidence, such as AP-1 via 
NicheNet and observed EGFR pathway activation in spatial 
analyses. This represents a limitation of the present study, and 
direct confirmation through future in  vitro and in  vivo func-
tional experiments is warranted.

In conclusion, this study first demonstrates that within the TME 
of CRC associated with EGFRI eligibility, cancer cell-derived 
EREG drives a specific intercellular interaction network, the 
“EREG/EGFR/CSF axis,” mediated through non-myCAFs and 
TAM/TAMo. This suggests a notable involvement of the EGFR 
pathway not only in cancer cells but also within the broader 
TME of these eligible tumors, rather than a full “addiction” at 
this stage. This discovery deepens our understanding of the 
mechanisms underlying EGFRI sensitivity in CRC and provides 
a crucial foundation for developing more refined patient strati-
fication methods and novel therapeutic strategies that comple-
ment and potentially enhance classifications based on tumor 
sidedness.
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cells across the different datasets. Figure S2. (A) FeaturePlot visualization 
of the expression of mucinous cancer-associated genes (REG4, SPINK4, 
FCGBP, MUC2). (B–D) Pseudo-bulk PCA of major non-cancer cell types 
stratified by EGFRI eligibility. Fibroblasts (B), T cells (C), Myeloid cells (D). 
Figure S3. (A) Heatmap showing DEGs in cancer cells identified based on 
EGFRI eligibility. (B) Dot plot of other major EGFR ligand expression in 
cancer cells, stratified by RAS status and sidedness. (C) Comparison of the 
number of intercellular interactions between EGFRI eligible and ineligible 
cases using CellChat. Heatmap shows relative cell–cell communication 
strength in eligible versus ineligible cases (rows: sender cells, columns: 
receiver cells). (D) Visualization of differential relative information flow 
in pathways between EGFRI eligible and ineligible cases using CellChat. 
Signaling pathways from cancer cells to fibroblasts (left panel). Signaling 
pathways from fibroblasts to myeloid cells (right panel). (E) Bubble plots 
comparing the communication probabilities of specific ligand receptor 
(L-R) pairs in EGF and CSF signaling pathways between EGFRI eligible 
and ineligible cases. (F) Scatter plot showing the Spearman correlation be-
tween pseudobulk expression levels of EREG in cancer cells and CSF1 in 
fibroblasts across individual samples. Figure S4. (A) FeaturePlot showing 
the expression of representative CAF marker genes (ACTA2, FAP, RGS5, 
SOX6, CSF1, ADAMDEC1). (B) FeaturePlot showing iCAF score (left 
panel) and myCAF score (right panel) calculated using AddModuleScore 
function. Figure S5. (A) FeaturePlot showing the expression of TAM-
associated marker genes (CD163, MRC1, S100A8, TREM2, SPP1, CSF1R) 
and neutrophil-specific markers (MPO, CEACAM8, FCGR3B), confirm-
ing the absence of neutrophil contamination. (B) Expression of EGFR li-
gands in TAM/TAMo subtypes. AREG (left panel). EREG (right panel). 
Figure S6. (A) Spatial cell composition estimation using CytoSPACE. 
Stacked bar plot showing the estimated abundance of cell types. (B) Spatial 
distribution of signature scores for major cell types (epithelial cells, fibro-
blasts, myeloid cells). EGFR eligible case (top row), EGFR ineligible case 
(bottom row). (C) Validation of spatial distribution using an independent 
Visium cohort (GSE226997). Spatial feature plots display signature scores 
for major cell types and EREG expression across three cases: P1 (Eligible), 
P2 (Ineligible), and P4 (Ineligible). (D) Heatmap showing the log2 fold 
change of AUCell derived pathway activity scores in stromal spots located 
near versus far from tumor cells in the GSE226997 cohort (P1 and P2). 
Case P4 (Ineligible) was excluded from this proximity based pathway anal-
ysis because the tumor developed within an adenoma, and spots anno-
tated computationally as epithelial cells could not be strictly defined as 
cancer cells. Table S1. scRNA-seq samples. Table S2. ST samples. 
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