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A B S T R A C T

Background: Although surgery and chemotherapy remain standard treatments for colorectal cancer (CRC), 
immunotherapy offers a promising avenue for patients with advanced disease. However, the cellular and mo
lecular mechanisms underlying CRC progression and immune evasion are not fully elucidated.
Methods: We integrated single-cell RNA sequencing (GSE161277), bulk transcriptomic data (GEO and TCGA), 
and Mendelian randomization (MR) analysis to identify key cell subpopulations and transcription factors (TFs) 
causally associated with CRC. Spatial transcriptomics, multiple immune deconvolution algorithms, and in vitro 
experiments (including lentiviral-mediated IRF4 modulation, flow cytometry, and ELISA) were performed to 
validate the expression, immune regulatory function, and prognostic significance of the candidate TF.
Results: Single-cell analysis identified monocytes as the most critical cell subpopulation in CRC pathogenesis. MR 
analysis revealed that IRF4, monocyte-associated TF, was causally linked to increased CRC risk. IRF4 expression 
was significantly downregulated in CRC tissues at both mRNA and protein levels, with elevated methylation and 
association with poor prognosis. Multi-omics immune profiling demonstrated that IRF4 correlated with immune 
cell infiltration, cancer immunity cycle scores, and immunotherapy response. Spatially, IRF4 was enriched in 
normal or low-malignant regions. Experimentally, IRF4 overexpression in HCT116 CRC cell enhanced CXCL8 and 
CCL5 secretion, increased the number of CD14+IRF4+ monocytes and CD3+CD8+IRF4+ T cells in co-culture 
systems, and suppressed epithelial-mesenchymal transition (EMT), whereas IRF4 knockdown reversed these 
effects.
Conclusions: IRF4, monocyte-associated TF, is a causal factor in CRC development. Its downregulation correlates 
with adverse prognosis and impaired antitumor immunity. IRF4 modulates the tumor microenvironment by 
regulating chemokine secretion, immune cell recruitment, and EMT, positioning it as a potential therapeutic 
target for CRC immunotherapy.

Introduction

Colorectal cancer (CRC), one of the most prevalent cancer world
wide, represented 10% of the total global incidence of cancer and was 
the cause of 9.4% of all cancer deaths in 2020 [1]. Despite the increasing 
sophistication of CRC screening available, the insidious nature of CRC 

implied that a significant proportion of patients being diagnosed at a late 
stage where cancers are malignant and metastatic [2,3]. Unfortunately, 
the five-year survival rate for Stage III CRC is approximately 50% [4]. 
Although surgery and chemotherapy have been demonstrated to be 
efficacious in a considerable proportion of CRC, immunotherapy offers a 
promising avenue for advanced stage CRC patients [5].
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Tumor Microenvironment (TME) refers to immediate surrounding 
area of a tumor, comprising not only the tumor cells, but also their 
surrounding supporting cells, extracellular matrix, blood vessels, im
mune cells, and a complex array of signaling molecules [6]. In addition 
to influencing tumor growth and metastasis, TME exerts an effect upon 
tumor response to therapy [7]. The advancement of single-cell 
sequencing has facilitated a more comprehensive classification of cell 
populations involved in the TME of CRC. CRC cells have been demon
strated to induce an adverse prognosis in CRC patients through their 
recruitment of tumor-associated neutrophils (TAN), which resulted in 
peripheral blood neutrophils becoming AGR2+TAN secreting AGR2 [8]. 
Two discrete tumor-associated macrophages populations (TAMs) were 
discerned within the CRC, designated as C1QC+ and SPP1+TAMs. While 
only SPP1+ TAMs demonstrated a marked preference for the tumor, 
which suggested their pivotal involvement in CRC tumorigenesis [9]. 
Consequently, a comprehensive understanding of the cellular and mo
lecular mechanisms underlying the remodeling of the CRC tumor mi
croenvironments is essential for identifying potential intervention 
targets to enhance the efficacy of immunotherapy.

Transcription factors (TFs) as master regulators with multifaceted 
role, regulated essential molecular and cellular processes, including the 
precise control of immunological functions, which determined the 
deregulation of TFs was of great significance in tumorigenesis and 
identification of the cancer hallmarks [10]. BHLHE40 was involved in 
the promotion of CRC tumorigenesis and metastasis through its role in 
the TGFB1-TGFBR1/2-BHLHE40 axis, which resulted in the trans
formation of malignant epithelial cells into CXCL1+ Cancer-Associated 
Fibroblasts (CAFs) and SFRP2+ CAFs via epithelial-mesenchymal tran
sition (EMT) [11]. CNOT3 served as a prognostic factor in CRC induced 
malignant CRC behaviors through regulating the transcriptional pro
gramme that promoted self-renewal [12].

In this study, we integrated single-cell transcriptomics, Mendelian 
randomization, and comprehensive multi-omics analyses to identify 
monocytes as a key CRC-associated cell subpopulation and to establish 
IRF4 as a monocyte-associated TF with a causal role in CRC. We further 
characterized IRF4 expression patterns, prognostic value, and immu
nomodulatory functions using spatial transcriptomics, immune decon
volution, and in vitro experiments. Our findings reveal that IRF4 is 
downregulated in CRC, correlates with favorable prognosis, and mod
ulates the TME by promoting chemokine secretion, enhancing immune 
cell recruitment, and suppressing EMT. These results position IRF4 as a 
potential therapeutic target for CRC immunotherapy.

Methods

Data sources

Single-cell RNA sequencing (scRNA-seq) data were obtained from 
the Gene Expression Omnibus (GEO) database (Accession: GSE161277), 
comprising three paired samples derived from colon cancer tissues and 
their corresponding adjacent normal tissues. To ensure data integrity, 
raw count matrices were re-processed through our standardized pipe
line: low-quality cells were excluded based on predefined thresholds, 
including a gene count per cell between 100 and 7500, a unique mo
lecular identifier (UMI) count range suitable for 10x Genomics data, and 
a mitochondrial gene percentage threshold of <10%.The data under
went normalization, and the top 2000 most variable genes were iden
tified for principal component analysis (PCA). Cell clustering was 
executed using the functions "FindNeighbors" and "FindClusters," while 
visualization of results was achieved through uniform manifold 
approximation and projection (UMAP). The annotation of cell clusters 
was based on SingleR and established immune cell marker genes.

To validate and enhance the analysis of gene expression patterns, we 
curated a comprehensive bulk RNA sequencing cohort. This included 
datasets from the GEO repository (GSE18105, GSE21510, GSE39582, 
GSE41258, GSE71187, GSE77952, and GSE87211) and The Cancer 

Genome Atlas (TCGA) Colon Adenocarcinoma (COAD) project. The 
baseline characteristics of these cohorts, including tumor stage, histo
logical subtype, and patient survival status, are summarized in Table S1. 
Raw data were subjected to inter-array quantile normalization, and 
stringent batch effect correction was performed using the ComBat-seq 
algorithm (from the 'sva' package in R) to harmonize the heterogene
ity arising from different sequencing platforms (e.g., Affymetrix vs. 
Illumina) before downstream differential expression analysis.

Identification of key cell subpopulations and genes

To identify cell subpopulations critical for CRC development, 
generalized linear models (glm) and random forest (RF) models were 
constructed with cell subpopulations as independent variables and CRC 
status as the dependent variable. The dalex package was used to inter
pret model outputs and assess the importance of each cell 
subpopulation.

To investigate key TF regulatory networks modulating the function 
of different cell subpopulations, Single-Cell reEgulatory Network Infer
ence and Clustering in Python (pySCENIC) was applied. Co-expression 
networks were computed using GRNboost, and regulons were identi
fied via RcisTarget. The regulon activity of each cell was quantified 
using AUCell scores.

Mendelian randomization (MR) analysis

Mendelian randomization was employed to explore genes with 
causal relationships to CRC. Expression quantitative trait loci (eQTLs) 
and protein quantitative trait loci (pQTLs) for monocyte TFs were used 
as exposures. eQTL data were obtained from the eQTLGen consortium 
(https://eqtlgen.org/), including 16,989 genes from 31,684 blood 
samples of healthy European ancestry. Only cis-eQTLs, Single Nucleo
tide Polymorphisms (SNPs) within 1 Mb of the gene encoding the pro
tein, were retained. pQTL data originated from 4907 plasma proteins in 
an Icelandic cohort. Instrumental variables (IVs) with F-statistics ≥ 10 
were selected, and linkage disequilibrium (LD) among SNPs was clum
ped at r2 < 0.01 and a 10,000 kb distance. Steiger filtering was applied 
to remove IVs explaining more variance in CRC than in the corre
sponding gene.

Outcome data for CRC were sourced from the IEU OpenGWAS 
project (Dataset: ukb-b-20145), comprising 1494 CRC cases and 
461,439 controls. SNPs matching the IVs were extracted from the 
outcome data.

For genes with a single eQTL, the Wald ratio method was used for MR 
analysis. For those with multiple genetic instruments, inverse variance 
weighted (MR-IVW) meta-analysis was applied. MR analyses were per
formed using the "TwoSampleMR" package (version 0.5.10). Horizontal 
pleiotropy was assessed using MR-Egger intercept. Heterogeneity was 
evaluated using Cochran's Q statistic, with P > 0.05 indicating no sig
nificant heterogeneity. Leave-one-SNP-out sensitivity analysis was 
conducted to assess the stability of the MR effect.

Differential expression and immune landscape of key genes

The mRNA expression of IRF4 in CRC patients and healthy controls 
was extracted from GEO datasets (GSE18105, GSE21510, GSE39582, 
GSE41258, GSE71187, GSE77952, and GSE87211) and TCGA. The 
protein expression of IRF4 was obtained from The Cancer Imaging 
Archive, and its methylation levels were extracted from TCGA. Differ
ential expression between groups was statistically compared.

CIBERSORTx was used to quantify cell-type abundances in bulk 
RNA-seq data. Immune infiltration data for TCGA samples were ob
tained from TIMER2.0. Multiple algorithms (XCELL, QUANTISEQ, 
MCPCOUNTER, CIBERSORT-ABS, TIMER, and EPIC) were employed to 
comprehensively assess cell-type abundances and their correlations with 
IRF4 expression. The Tracking Tumor Immunophenotype (TIP) platform 
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was used to visualize and analyze anticancer immune status and the 
proportion of tumor-infiltrating immune cells across the seven-step 
cancer immunity cycle: cancer cell antigen release (step 1), cancer an
tigen presentation (step 2), initiation and activation (step 3), immune 
cell trafficking to tumors (step 4), immune cell infiltration into tumors 
(step 5), T cell recognition of cancer cells (step 6), and killing of cancer 
cells (step 7). TIP scores were quantified for each step.

Tumor Immune Single-cell Hub (TISCH2), https://tisch.comp-geno 
mics.org/, was used to explore gene expression and distribution across 
various cell types in the tumor microenvironment and to analyze cell- 
cell interactions.

Antitumor immune responses were predicted from RNA-seq data 
using easier, a tool that predicts immunotherapy responses based on 
cancer-specific immune response models. Five scores were assessed: CYT 
(cytolytic activity), TLS (tertiary lymphoid structure signature), IFN-γ 
(interferon-γ signature), T cell_inflamed (T cell-inflamed microenvi
ronment signature), and Chemokines (chemokine signature).

Spatial transcriptomics

Spatial transcriptomics (ST) data were obtained from The National 
Omics Data Encyclopedia (OEP001756). To accurately estimate cell 
composition on 10x Visium slides, deconvolution analysis was per
formed using ST and scRNA-seq data. scRNA-seq data from multiple 
samples of the same cancer type were collected to construct a compre
hensive scRNA reference library. The quality control of scRNA-seq data 
was performed based on the number of expressed genes, UMI counts, 
and mitochondrial RNA percentage, following criteria from the source 
studies. A signature score matrix was constructed by calculating the 
average expression of the top 25 specific genes for each cell type in the 
scRNA-seq reference. Enrichment score matrices were generated using 
the get_enrichment_matrix and enrichment_analysis functions in the 
Cottrazm package. Enrichment scores for each cell type were visualized 
using the SpatialFeaturePlot function in Seurat. Spots were classified as 
Malignant (enrichment score for malignant cells = 1), Normal (score =
0), or Mixed (otherwise). Wilcoxon Rank Sum Tests were used to assess 
differences in gene expression among the three groups.

Cell culture, stable cell line construction, and western blot

The human normal colon epithelial cell line NCM460, CRC cell lines 
HCT116 and SW480, and the monocytic cell line THP-1 were obtained 
from the Cell Bank of the Chinese Academy of Sciences. Human pe
ripheral blood CD3+ T cells were isolated from healthy volunteers using 
magnetic bead sorting (Miltenyi Biotec), which abtained the approval of 
the fifth affiliated hospital of zhengzhou university (No. KY2024033). 
NCM460 cells were cultured in DMEM/F12 medium, while HCT116, 
SW480, and THP-1 cells were maintained in RPMI-1640 medium, both 
supplemented with 10% FBS and 1% penicillin streptomycin. To 
establish IRF4 stable overexpression (OE) and knockdown (KD) cell 
lines, HCT116 and SW480 cells were transduced with lentiviral vectors 
carrying IRF4 or shRNA constructs, respectively, and selected with pu
romycin. IRF4 protein expression was validated by western blot using 
anti-IRF4 (11247-2-AP, Proteintech, China) and anti-GAPDH (10494-1- 
AP, Proteintech, China) antibodies, followed by horseradish peroxidase 
(HRP) conjugated secondary antibodies and ECL detection. Band in
tensities were quantified using ImageJ.

Co-culture systems and flow cytometry

For monocyte-CRC interaction studies, THP-1 cells were seeded in 
the upper chamber of 0.4 μm transwell inserts and co-cultured with 
HCT116 or SW480 NC/OE/KD cells in the lower chamber for 48 h. For T 
cell-CRC interaction, CD3+ T cells were directly co-cultured with CRC 
cells at an effector-to-target ratio of 2:1 for 48 h. After co-culture, cells 
were harvested and stained with fluorochrome‑conjugated antibodies 

for flow cytometric analysis. THP-1 cells were stained with CD14-FITC 
and IRF4-PE to assess CD14+IRF4+ monocytes. T cells were stained 
with CD3-APC, CD8-FITC, and IRF4-PE to quantify CD3+CD8+IRF4+

cells. CRC cells were stained with E-cadherin-PE and Vimentin-APC to 
evaluate epithelial mesenchymal transition (EMT) phenotypes. Addi
tionally, baseline IRF4 expression in NCM460, HCT116, and SW480 
cells was determined by intracellular staining with IRF4-PE. All samples 
were acquired on a BD FACSCanto II and analyzed with FlowJo 
software.

ELISA Assay

Culture supernatants from CRC NC/OE/KD cells were collected after 
24 h of serum‑free culture, and concentrations of CXCL8 (KE00453, 
Proteintech, China) and CCL5 (KE00093, Proteintech, China) were 
measured according to the manufacturer’s instructions. Briefly, stan
dards and samples were added to the wells, followed by HRP conjugated 
detection antibody. After incubation and washing, chromogenic sub
strates were added, and the reaction was terminated with stop solution. 
Optical density was measured at 450 nm, and cytokine concentrations 
were calculated from standard curves.

Statistical analysis

Statistical analyses were performed using R and Python. Student's t- 
test was used for continuous normally distributed variables between two 
groups, and Mann-Whitney U test for non-normally distributed vari
ables. Survival differences were visualized using Kaplan-Meier curves 
and assessed by Log-rank test. Correlations between variables were 
analyzed using Spearman's correlation. All reported P values were two- 
tailed, and P < 0.05 was considered statistically significant. For cell 
experiments, data from three biological and three technical replicates 
were analyzed using SPSS 26.0 and presented as mean ± standard de
viation. Comparisons between two groups were performed using inde
pendent samples t-test, and among multiple groups using one-way 
ANOVA with LSD post-hoc test. Graphs were generated using GraphPad 
Prism 9.0.

Results

Single-cell clustering and identification of cell subtypes

After quality control, normalization, and dimensionality reduction, 
clustering analysis of six samples identified eleven distinct cell subtypes: 
CD8+ T cells, Naïve B cells, Monocytes, Epithelial cells, NK cells, Plasma 
cells, Smooth muscle cells, Germinal center cells, Endothelial cells, 
Dendritic cells (DC), and Common myeloid progenitor cells (CMP) 
(Fig. 1A-B). The analysis of cell type proportions between CRC and 
normal samples revealed that CD8+ T cells were more abundant in CRC 
samples, while Epithelial cells constituted a larger proportion in normal 
samples (Fig. 1C-D). Marker gene expression patterns across different 
cell clusters showed significant heterogeneity (Fig. 2).

Identification of monocyte subpopulation and associated transcription 
factors

Using the DALEX package, cell subpopulation importance in pre
dicting CRC risk was assessed. In the glm model, epithelial cells ranked 
as the most important feature, followed by monocytes (Fig. 3A). In the 
RF model, monocytes were identified as the most critical variable 
(Fig. 3B). The immune infiltration analysis of CRC transcriptomic data 
from TCGA revealed monocyte infiltration scores were increased in CRC 
tissues compared to normal tissues (Fig. 4A). Higher monocyte enrich
ment was associated with poorer patient survival (Fig. 4B). Conse
quently, monocytes were selected as the key cell subpopulation for 
further investigation.
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Differential gene expression analysis revealed 759 differentially 
expressed genes in monocytes between normal and CRC samples. MT1X, 
RNASE1, LYVE1, MT2A, and VSIG4 were significantly upregulated in 
normal tissues, while IGHA1, IGKC, IGHA2, IGLC2, and C15orf48 were 
significantly upregulated in CRC samples (Fig. 5A,Table S2).

To explore the regulatory mechanisms underlying these expression 
differences, pySCENIC analysis was performed to identify TF regulatory 
networks within monocytes (Fig. 5D). 153 potential TFs were identified 
in the monocyte subpopulation (Table S3). Regulons controlled by 
OLIG1, ZNF467, and NFE2 exhibited high regulon activity scores (RAS) 
and strong regulon specificity scores (RSS) (Fig. 5B). The IRF4- 
controlled regulon showed high RAS in smooth muscle cells and the 
highest RSS in plasma B cells (Fig. 5C).

IRF4 Was identified as a key transcription factor in monocytes for CRC

Using monocyte TF eQTLs and pQTLs as instrumental variables, 
causal relationships with CRC risk were investigated. ZNF407, ZBTB40, 
SP3, RFX2, and IRF4 were found to be causally associated with CRC. 
IRF4 showed the most pronounced expression change, which was 
significantly downregulated, in CRC compared to the other four TFs, 
indicating IRF4 might be a critical protective regulator within mono
cytes (Fig. 6A,B). Scatter plots illustrated SNP effect sizes for IRF4 and 

CRC (Fig. 6D). Leave-one-out analysis indicated no single SNP dispro
portionately influencing the overall effect (Fig. 6C), and no horizontal 
pleiotropy was detected (Fig. 6E).

IRF4 Expression and prognosis in CRC

IRF4 mRNA expression was significantly lower in CRC tissues 
compared to healthy controls across multiple GEO datasets and TCGA 
(Fig. 7A). Consistently, IRF4 protein expression was also reduced in CRC, 
while methylation levels were increased (Figs. 7B-C). Survival analysis 
based on TCGA-COAD data demonstrated that high IRF4 expression was 
associated with longer overall survival (OS), progression-free interval 
(PFI), and disease-free interval (DFI) (Fig. 7D). These findings were 
validated in additional independent datasets (Fig. 7E). Restricted cubic 
spline analysis revealed a nonlinear relationship between IRF4 expres
sion and survival outcomes, OS, Disease-Specific Survival (DSS), PFI, 
and DFI (Fig. 7F).

Impact of IRF4 on the tumor microenvironment in CRC

Multi-algorithm immune infiltration analysis showed correlations 
between IRF4 expression and the abundances of B cells, DCs, T cells, and 
monocytes (Figs. 8A, 8C). IRF4 expression was positively correlated with 

Fig. 1. Single-cell clustering and the identification of cell subtypes in CRC.
(A) The UMAP plot of single-cell transcriptomes from 6 CRC and paired normal samples, with cells colored by cluster identity. (B) The annotation of cell clusters 
based on SingleR and classical marker genes. 11 distinct cell subtypes were identified: CD8+ T cells, Naïve B cells, Monocytes, Epithelial cells, NK cells, Plasma cells, 
Smooth muscle cells, Germinal center cells, Endothelial cells, Dendritic cells (DCs), and Common myeloid progenitor cells (CMP). (C) The proportion of each cell 
subtype in CRC and normal samples. (D) The quantitative comparison of cell subtype abundances between CRC and normal tissues.
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cancer immunity cycle scores (Fig. 8B). At the single-cell level, IRF4 expression varied across T cell subtypes (Figs. 8D-F) and was enriched in 

Fig. 2. The marker gene expression patterns across cell clusters.
The expression patterns of canonical marker genes across the 11 identified cell clusters were displayed through heatmap. Each row represented a marker gene, and 
each column represented a single cell. Color intensity indicated relative expression levels of genes, demonstrating cluster-specific gene signatures.

Fig. 3. The identification of key cell subpopulations in CRC pathogenesis.
(A) The contribution of different cell subpopulation to CRC risk prediction was identified through generalized linear model (glm). (B) The contribution of various cell 
subpopulation to CRC risk prediction was represented by random forest (RF) model.
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low-malignant or normal cells within CRC tissues (Figs. 8G-I). Previous 
literature shows that IRF4 is a key driver of PDCD1 expression [13], we 
further evaluated the impact of the immune checkpoint molecule 
PDCD1 on the CRC immune environment. In CRC, the PDCD1 
high-expression group exhibited higher scores of CYT, TLS, IFN-γ, and T 
cell_inflamed, but lower chemokines produced from T cells scores 
(Figure S1A-E).

Experimental validation of IRF4 regulatory function in CRC

To validate the bioinformatics findings, in vitro experiments were 
conducted using normal colon epithelial cells (NCM460) and CRC cell 
lines (HCT116, SW480). Western Blot analysis confirmed significantly 
lower IRF4 protein expression in CRC cell lines compared to NCM460, 
with more aggressive HCT116 cell showing lower expression than 
SW480 cell (Fig. 9A). Single-color flow cytometry corroborated these 
findings, showing reduced IRF4 MFI in CRC cells (Fig. 9B). Thus, 
HCT116 cell was furtherly uesd for follwing verification.

In transwell co-culture systems, IRF4 overexpression in HCT116 cell 

significantly increased the proportion of CD14+IRF4+ monocytes, while 
IRF4 knockdown reduced this population (Fig. 9C). Similarly, in direct 
co-culture with T cells, IRF4 overexpression increased the percentage of 
CD3+CD8+IRF4+ T cells, whereas that of knockdown decreased it 
(Fig. 9D).

ELISA assays demonstrated that IRF4 overexpression upregulated 
CXCL8 and CCL5 secretion in HCT116 cell, while knocking down IRF4 
suppressed their release (Fig. 9E). Furthermore, flow cytometry analysis 
of EMT markers showed that IRF4 overexpression increased the pro
portion of E-cadherin+ epithelial phenotype cells and decreased 
Vimentin+ mesenchymal phenotype cells, with opposite effects were 
observed after knocking down IRF4 in HCT116 cell (Fig. 9F).

Collectively, these experimental results validate that IRF4 is signifi
cantly downregulated in CRC and plays a crucial role in modulating 
monocyte and CD8+ T cell phenotypes, promoting chemokine secretion, 
and inhibiting EMT, which consistent with the bioinformatics analyses.

Fig. 4. The immune landscape of CRC and prognostic impact of immune cell subsets.
(A) The relative abundance of immune cell subsets in CRC and normal tissues was quantified by CIBERSORTx. (B) The association between each immune cell subset 
abundance and patient prognosis was shown by survival analysis.
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Discussion

In this study, we employed an integrated approach combining single- 
cell RNA sequencing, Mendelian randomization, multi-omics immune 
profiling, and in vitro experiments to systematically investigate the role 
of monocyte-associated TFs in CRC. Our findings identify monocytes as 
the most critical cell subpopulation in CRC pathogenesis and establish 
IRF4 as a monocyte-associated TF with a causal relationship to CRC risk. 
We demonstrate that IRF4 is significantly downregulated in CRC tissues, 
correlates with favorable prognosis, and exerts pleiotropic effects on the 
tumor microenvironment by modulating chemokine secretion, immune 
cell recruitment, and EMT.

In line with the findings of ours, Wang et al. found monocytes and 
macrophages exerted a predominant influence on the TME in CRC [14]. 
Circulating monocytes exhibited considerable heterogeneity, monocytes 
can be classified into three major subsets based on their phenotypic and 
functional characteristics: classical monocytes (CD14++ CD16-), inter
mediate monocytes (CD14+CD16+) and non-classical monocytes 
(CD14+CD16++) [15]. Distinct monocyte subsets engaged in a range of 
activities that could either promote or inhibit tumor growth, including, 
secretion of tumor-inhibitory substances, promotion of new blood vessel 
growth, remodelling of the extracellular matrix, recruitment of lym
phocytes and differentiation into tumor-associated macrophages and 
DCs [16]. The circulation of monocytes represented a crucial source of 
tumor-associated macrophages (TAMs). Wang et al. suggested the 
expression of CXCR2 on peripheral monocytes has been observed to 

influence the composition of TAMs within the TME of CRC [17]. The 
presence of high CD14+ monocytic cell densities in the CRC stroma was 
found to be associated with a reduced risk of cancer-specific mortality, 
even when potential confounding factors were taken into account, 
including disease stage, mismatch repair status, and the presence of 
specific mutations [18]. Besides, the distribution of CCR2+ and CD163+

monocytes in colorectal cancer patients was subject to modulation by 
neoadjuvant chemotherapy and surgical intervention, which indicated 
subsets of monocytes were indicative of the effects of therapy in CRC 
[19].

IRF4 has been considered as a remarkable regulators of monocyte 
differentiation into monocyte-derived DCs (mo-DCs) [20,21].In addi
tion, IRF4, as a TF, played a pivotal role in regulating normal T and B 
lymphocyte growth and differentiation, which determined it has been 
proposed as a prospective therapeutic target for hematological diseases, 
such as peripheral T-cell lymphoma and T-cell leukemia/lymphoma 
[22–25]. IRF4, in conjunction with BAFT, exerted control over a mo
lecular program that governed effector Treg differentiation and sup
pression in tumor [26] Previous studies have demonstrated IRF 4 had a 
crucial function in the formation of various immunosuppressive cells 
within the TME [21,27]. In CRC, IRF4, recognized as a TME 
microenvironment-related genes, displayed a low level of expression 
and positively correlated with prognosis [28,29], which was consistent 
with our findings. And Wang, J, et al. suggested upregulated IRF4 could 
inhibit the growth of CRC cells by promoting the differentiation of Tregs 
into macrophages [30]. Moreover, our research illustrated IRF4 was 

Fig. 5. Transcriptional regulatory networks in monocyte subpopulation.
(A) The differentially expressed genes in above 11 differernt immune cells between normal and CRC tissues were presented through heatmap. (B) The regulon activity 
scores (RAS) of TF regulatory networks across cell subpopulations, with colors representing RAS levels. (C) The top 6 TFs with highest specificity in each cell 
subpopulation were highlighted by regulon specificity scores (RSS). (D) The heatmap of the top 30 TFs in monocytes based on regulon activity.
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linked to the scoring of the cancer immune cycle. Cancer immunother
apies, encompassing checkpoint inhibitors (PDCD1 and CTLA-4) and 
adoptive cell therapy, utilize the immune system to identify and target 
cancerous cells [31]. IRF4 has been implicated in numerous facets of T 
cell exhaustion, including the upregulation of inhibitory receptors 
(including PDCD1), the reduction of cytokine secretion, and the atten
uation of anabolic metabolism [32]. Similarly, Hirsch, T, et al. 
concluded IRF4 enhanced the expression of PDCD1 and promoted T cell 
proliferation, while impaired cytokine production of T cells [13]. The in 
vitro experiments provided functional validation of IRF4′s immuno
modulatory role. IRF4 overexpression in CRC cells enhanced the secre
tion of CXCL8 and CCL5, two chemokines critical for immune cell 
recruitment. CXCL8 (IL-8) is a chemokine for neutrophils and monocytes 
[33], while CCL5 (RANTES) recruits T cells, monocytes, and DCs [34]. 
The increased secretion of these chemokines likely underlies the 
observed increase in CD14+IRF4+monocytes and CD3+ACD8+IRF4+ T 
cells in co-culture systems. These findings demonstrate that IRF4-ex
pressing CRC cells could actively remodel the TME by promoting the 
recruitment and differentiation of immune cells, thereby fostering an 
antitumor immune microenvironment. This may constitute a potential 
mechanism through which IRF4 could play a role in the immunothera
peutic treatment of CRC. The immunotherapy response prediction is 
based on in silico algorithms (TIP and easier) and requires prospective 

validation in future immunotherapy trials. Although IRF4 over
expression in CRC cells enhanced CXCL8 and CCL5 secretion and 
concomitantly increased CD14⁺IRF4⁺ monocytes in co-culture, we did 
not directly establish a causal link. It remains possible that other 
IRF4-regulated factors contribute to monocyte recruitment or differen
tiation. Future studies using chemokine-neutralizing antibodies, re
combinant proteins, or chemokine-specific knockout models are 
required to determine whether CXCL8 and/or CCL5 are necessary and 
sufficient for the observed monocyte effects.

The reciprocal regulation between IRF4 expression in CRC cells and 
immune cell phenotypes suggests a complex crosstalk within the TME. 
CRC cells with high IRF4 expression may create a feed-forward loop that 
promotes antitumor immunity, while the loss of IRF4 expression may 
contribute to immune evasion. This concept is supported by our obser
vation that IRF4 knockdown in HCT116 CRC cell reduced chemokine 
secretion and decreased the proportion of IRF4-expressing immune cells 
in co-culture. These findings highlight the importance of IRF4 as a node 
of communication between tumor cells and the immune 
microenvironment.

Several limitations of this study should be acknowledged. First, while 
our MR analysis established a causal relationship between IRF4 and 
CRC, the specific downstream target genes through which IRF4 exerts its 
effects in monocytes and other immune cells remain to be identified. 

Fig. 6. Mendelian randomization (MR) identified IRF4 as a causal TF for CRC.
(A) The causal effects of monocyte-associated TFs on CRC risk were shown through forest plot. Five mRNAs, ZNF407, ZBTB40, SP3, RFX2, and IRF4, were causally 
associated with CRC. (B) The relationship of the expression of the above 5 differentially expressed genes in CRC and 4 survival differences, DFI, DSS, OS, and PFS. (C) 
Leave-one-out sensitivity analysis was performed to analyze whether IRF4 exerted a single SNP that disproportionately influenced the overall causal estimate. (D) The 
scatter plot of SNP effects on IRF4 expression versus CRC risk, with slopes representing causal estimates. (E) The funnel plot was used to assess horizontal pleiotropy 
for IRF4.
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Second, although we utilized multiple public datasets to validate our 
findings, further validation in independent clinical cohorts and in vivo 
models is warranted. Third, the precise molecular mechanisms by which 
IRF4 regulates chemokine expression and EMT in CRC cells require 
deeper investigation, including chromatin immunoprecipitation 
sequencing (ChIP-seq) and transcriptomic profiling of IRF4-manipulated 
cells. In addition, our observation that higher bulk monocyte infiltration 
correlates with worse prognosis, whereas higher IRF4 expression 

(detected in monocytes by scRNA‑seq) correlates with better prognosis, 
represents an apparent paradox. This is likely explained by the func
tional heterogeneity within monocytes. IRF4 promotes monocyte dif
ferentiation into immunostimulatory monocyte‑derived dendritic cells 
[20], whereas total monocyte abundance may be dominated by CD16⁺ 
subsets associated with immunosuppressive TAM polarization. Future 
studies using single‑cell survival analysis or multiplex imaging to link 
specific monocyte subsets (IRF4⁺ vs. IRF4⁻) to patient outcomes are 

Fig. 7. IRF4 Expression and prognostic value in CRC.
(A) IRF4 mRNA expression in CRC tissues compared to normal controls across multiple GEO datasets and TCGA. (B) IRF4 protein expression in CRC versus normal 
tissues from The Cancer Imaging Archive. (C) The methylation levels of IRF4 in CRC and normal tissues from TCGA. (D) The correlations of IRF4 expression and 
overall survival (OS), disease-specific survival (DSS), progression-free interval (PFI), and disease-free interval (DFI) in COAD patients were displayed through Kaplan- 
Meier survival curves from the TCGA-COAD cohort. (E) The validation of IRF4 prognostic value in independent GEO datasets. (F) The relationships between IRF4 
expression and survival outcomes (OS, DSS, PFI, and DFI) were depicted by restricted cubic spline analysis.
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needed to resolve this paradox. We caution that bulk immune decon
volution does not capture subset‑specific functions.”

In conclusion, this study identifies monocytes as a key cellular 
component in CRC and establishes IRF4 as a monocyte-associated TF 
with causal relevance to CRC development. The downregulation of IRF4 
in CRC, its association with favorable prognosis, and its multifaceted 

role in modulating the TME through chemokine secretion, immune cell 
recruitment, and EMT suppression position IRF4 as a promising thera
peutic target for CRC immunotherapy [35]. Future studies should focus 
on elucidating the molecular networks downstream of IRF4 and 
exploring the potential of IRF4-based therapeutic strategies in preclin
ical models.

Fig. 8. IRF4 Correlated with immune infiltration and its spatial distribution in CRC.
(A) The correlations between IRF4 expression and immune cell abundances assessed by multiple algorithms (XCELL, QUANTISEQ, MCPCOUNTER, CIBERSORT-ABS, 
TIMER, and EPIC) were shown by heatmap. (B) The correlation network showed the relationships between IRF4 expression and cancer immunity cycle scores from 
the TIP database. Red lines indicated positive correlations; green lines indicated negative correlations; line thickness represented correlation strength. (C) IRF4 
expression associations with various cell types in the TME were shown through correlation matrix from TISCH database. (D-F) The single-cell analysis of IRF4 
expression across T cell subtypes from TISCH database. (G-I) IRF4 mean expression in malignant, mixed and normal regions within CRC tissues was presented through 
spatial transcriptomics analysis. Spots were classified as Malignant (enrichment score = 1), Normal (score = 0), or Mixed.
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Data used in this study could be obtained upon reasonable request to 

Fig. 9. Experimental validation of IRF4 regulatory function in CRC.
(A) The western blot analysis of IRF4 protein expression in normal colon epithelial cells (NCM460) and CRC cell lines (HCT116, SW480). (B) The single-color flow 
cytometry analysis of intracellular IRF4 expression (mean fluorescence intensity, MFI) in NCM460, HCT116, and SW480 cells. (C) The two-color flow cytometry 
analysis of CD14+IRF4+ monocytes in transwell co-culture systems with HCT116 CRC cells, empty vector group cells(NC), IRF4 overexpression group cells (OE), and 
IRF4 knockdown group cells (KD). (D) The three-color flow cytometry analysis of CD3+CD8+IRF4+ T cells in direct co-culture systems with the above 3 groups cells. 
(E) The ELISA quantification analysis of CXCL8 and CCL5 secretion from the above 3 cells. (F) The two-color flow cytometry analysis of EMT markers, E-cadherin and 
Vimentin, from the above 3 groups cells, Data were presented as mean ± SD from three independent experiments. *P < 0.05, **P < 0.01.
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