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Comprehensive characterization
of the molecular feature of
acetylation in colorectal cancer
using integrated single-cell and
bulk RNA sequencing

Kai Li%3, Wei Song™3, Yuefeng Zhang?> & Jianfei Luo'™*

Colorectal cancer (CRC) remains a major global health burden with high mortality rates, underscoring
the need for effective therapies. This study explores the acetylation characteristics in CRC using
single-cell RNA sequencing (scRNA-seq) and weighted gene co-expression network analysis (WGCNA),
assessing their relationship with prognosis and the immune microenvironment. We analyzed two
scRNA-seq datasets from the GEO database to identify distinct cell subtypes. Acetylation activity
scores were calculated using the ssGSEA method. AWGCNA was constructed to identify gene modules
associated with acetylation. An acetylation-related prognostic signature (ARPS) was developed, and its
clinical significance was evaluated through survival analysis and immune landscape characterization.
Acetylation activity was significantly elevated in epithelial, endothelial, and stromal cells. Based on
the results of scRNA-seq, WGCNA identified 169 acetylation-related genes. Intersection with 1,691
acetylation-related differentially expressed genes (DEGs) yielded 131 common genes. Combining
clinical data with the expression profiles of these genes, we employed 101 machine learning algorithms
to develop an ARPS that accurately predicts the prognosis of CRC patients. Low-risk patients

showed increased infiltration of immune cells, enhanced immune function, and better responses to
immunotherapy. These findings underscore the clinical significance of acetylation features in CRC
prognosis and immune response, highlighting their potential as biomarkers and therapeutic targets.
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Colorectal cancer (CRC) remains a significant global health burden, ranking as the third most common cause
of cancer mortality worldwide!. Despite advancements in early detection and therapies, including surgical
resection, chemotherapy, and targeted therapies, the prognosis for advanced CRC remains poor due to tumor
heterogeneity and the complex tumor microenvironment (TME)?. Therefore, understanding CRC’s molecular
biology is crucial for developing more effective treatment modalities and improving patient outcomes.
Acetylation-related processes in the TME have gained significant attention in the context of CRC*.
Acetylation, a critical post-translational modification, regulates gene expression, protein stability, and cellular
signaling pathways central to tumor biology’. Altered acetylation patterns influence the interactions between
tumor cells and the TME, modulate immune responses and impactcancer progression’"!%. These modifications
may also affect the efficacy of immunotherapy, suggesting that mapping the acetylation landscape within the
TME could provide insights into tumor behavior and therapeutic responses!!~!%. The tumor microenvironment
(TME) is a dynamic ecosystem where acetylation modifications critically regulate stromal-immune crosstalk'*~'¢.
Recent studies reveal that acetyltransferases reprogram cancer-associated fibroblasts (CAFs) to promote
extracellular matrix remodeling through metabolic alterations, facilitating immune exclusion in lung cancer'.
Histone acetylation in dendritic cells dictates antigen presentation capacity and T-cell priming efficiency in pan-
cancer models!'*. Post-translational modifications (PTMs) like BAGALT2-mediated glycosylation create physical
barriers to lymphocyte infiltration, a mechanism conserved in immune-cold tumors'®. In CRC specifically,
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acetylation of ELMOI modulates Racl-dependent stromal invasion®, while KAT7-mediated crotonylation
competes with acetylation to drive tumorigenesis®. This suggests acetyl-CoA flux acts as a metabolic switch
coordinating TME immunosuppression. Our study leverages single-cell resolution to decode this axis in
CRC. The exploration of acetylation-related biomarkers may identify novel therapeutic targets and prognostic
indicators, enabling personalized CRC management. By delving into the role of acetylation in CRC, researchers
not only advance our understanding of the disease but also open new avenues for developing innovative
therapeutic strategies aimed at improving patient prognosis and survival rates.

This study aims to characterize acetylation features in CRC and their association with the prognosis and the
immune microenvironment through a stepwise framework: (1) Single-cell mapping of acetylation heterogeneity
across TME compartments using scRNA-seq to resolve cellular diversity and identify context-specific acetylation
patterns; (2) Network-based identification of conserved acetylation modules through WGCNA, exploring gene
co-expression patterns and acetylation-associated functional units; (3) Machine learning integration for clinical
translation, constructing a prognostic model to derive novel biomarkers and therapeutic targets for personalized
strategies; and (4) Experimental validation of therapeutic implications. This integrated approach bridges
molecular features with clinical outcomes to advance personalized CRC management, enhancing understanding
of molecular mechanisms and potentially improving patient outcomes through tailored therapeutics.

Materials and methods

Acquisition of patients’ datasets

The transcriptomic data and clinical information of CRC were collected from multiple databases. Two scRNA-
seq datasets (GSE132465 and GSE144735) were downloaded from the Gene Expression Omnibus (GEO)
database, comprising 23 and 12 CRC samples, respectively. Bulk RNA-seq data and clinical information from
The Cancer Genome Atlas (TCGA) included 51 normal and 647 CRC samples. During processing, we excluded
samples with incomplete clinical information or a survival time of less than 30 days. To further validate our
findings, we used the GSE39582 dataset from the GEO, which includes 562 tumor samples.

Single-cell quality control and cell type annotation

scRNA-seq data was processed using the “Seurat” package in R. Preliminary quality control protocols were
established to exclude subpar cells, ensuring the retention of those exhibiting gene expression levels ranging
from 300 to 7,000 genes, while also maintaining mitochondrial gene composition under 10%. Data were
normalized using the LogNormalize method, and the top highly variable genes were identified using the
FindVariableFeatures function, retaining 3,000 genes for subsequent analysis. The Harmony algorithm was
employed to address batch effects among the samples. Dimensionality reduction was achieved through principal
component analysis (PCA) and t-distributed Stochastic Neighbor Embedding (tSNE). Clusters were delineated
using FindNeighbors and FindClusters functions. Cells were then annotated according to the “SingleR” package
and manual curation. Marker genes for each cluster was determined via FindAllMarkers function.

Single sample gene set enrichment analysis (ssGSEA)

To explore the significance of acetylation in the TME, this study utilized ssGSEA, a sophisticated analytical
tool designed to evaluate the enrichment of specified gene sets in individual samples based on gene expression
data. The list of acetylation-related genes (ARGs) allowed for the computation of acetylation scores for each
cell in the TCGA cohort. Samples were categorized into two groups based on acetylation scores, specifically
high and low, utilizing the optimal score thresholds. To evaluate the differential expression between these
groups, the FindAllMarkers function was employed, applying a log2 fold change threshold of 0.35 alongside a
minimum detection rate of 35%. The FindAllMarkers function was utilized to select marker genes of high and
low acetylation score groups. The resulting p-values were adjusted for multiple testing using the Benjamini-
Hochberg false discovery rate (FDR) method, with an FDR <0.05 considered significant. This comprehensive
approach highlights the multifaceted role of acetylation and immune cell interactions in the TME of CRC.

Weighted co-expression network analysis (WGCNA)

WGCNA is a method of unsupervised learning that emphasizes the patterns of gene co-expression. This
method constructs a weighted network of gene co-expressions to ascertain the interrelationships among genes
and categorizes these interconnections into distinct modules. To identify gene sets related to acetylation, we
performed WGCNA analysis on TCGA data using the “WGCNA” R package. First, we calculated the correlation
between gene pairs using gene expression profiles and converted this into a co-expression matrix. P-values were
adjusted via Bonferroni correction to account for multiple comparisons across modules, with adjusted p <0.05
deemed significant. Next, we set a soft threshold to construct a scale-free network among genes and convert the
adjacency matrix into a Topological Overlap Matrix (TOM). Following this, we utilize a dynamic tree-cutting
algorithm to group genes and delineate modules. Ultimately, we identify the module that exhibits the highest
correlation with the acetylation score for subsequent examination.

Integrating machine learning methods to generate prognostic signature

To identify a set of genes associated with acetylation, an intersection analysis was performed between the
acetylation-related DEGs and the genes derived from the WGCNA modules. Prognostic genes were generated
using univariate Cox regression analysis within the TCGA dataset (P <0.05). To develop a consensus prognostic
signature for CRC, we integrated ten machine learning algorithms: RSE, Enet, Lasso, stepwise Cox regression,
Ridge regression, CoxBoost, plsRcox, SuperPC, GBM, and survival SVM. Notably, algorithms such as LASSO,
RSE stepwise Cox, and CoxBoost offer intrinsic feature selection. A total of 101 algorithm combinations were
constructed for prediction models in the TCGA dataset, applying a leave-one-out cross-validation (LOOCYV)
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framework alongside 10-fold cross-validation. These combinations were employed to independently generate
an acetylation-related prognostic signature (ARPS) leveraging acetylation-specific genes. Subsequently, each
model’s performance was assessed across TCGA and GSE39582 validation datasets by calculating Harrell’s
concordance index (C-index). Ultimately, the consensus acetylation-related prognostic signature (ARPS) for
CRC was determined by averaging the C-indices across the two cohorts, identifying the model with the highest
average C-index as the optimal ARPS. For each cohort, the ARPS score was computed using the model derived
from the training cohort.

According to the optimal ARPS score, the CRC samples were stratified into groups of low and high risk.
The Kaplan-Meier survival analysis was conducted to compare OS between the high- and low-risk groups. The
ARPS’s prognostic ability was evaluated by generating a receiver operating characteristic (ROC) curve using the
“timeROC” package. Then, the predictive accuracy of the ARPS score was further confirmed by the samples of
the GSE39582 cohort.

Clinical value of ARPS

Relevant clinical data CRC patients were obtained from TCGA. The training cohort consisted of patients with
various clinical variables such as age, gender, tumor site, tumor status, and TNM stage. To validate the clinical
significance of the ARPS score, we examined their correlation with clinicopathological factors. Next, univariate
and multivariate Cox analyses were performed to evaluate the independent prognostic value of ARPS when
combined with clinical parameters. To correct for multiple testing, the Benjamini-Hochberg FDR method was
applied, retaining genes with FDR <0.05.

Analysis of tumor microenvironment

The “ESTIMATE” R package was utilized to calculate stromal scores, immune scores, and tumor purity across
different risk groups. To further evaluate immune cell infiltration, we employed the CIBERSORT algorithm to
assess the abundance of 22 immune cell types within different risk groups. Additionally, single-sample gene
set enrichment analysis (ssGSEA) was conducted to quantify the infiltration of these immune cells, as well as
to examine the overall immune function pathways between the high-risk and low-risk groups. Results from
ssGSEA were visualized using boxplots to illustrate differences in immune cell abundance.

The potential role of ARPS in immunotherapy

To assess the effectiveness of immunotherapy responses, we analyzed immune checkpoint expression differences
between high- and low-risk groups. Next, we utilized the Tumor Immune Dysfunction and Exclusion (TIDE)
algorithm (http://tide.dfci.harvard.edu/) to predict TIDE scores, which helped us evaluate immunotherapy
sensitivity across these risk categories. TIDE data for CRC were sourced from the TIDE database to compare
dysfunction and exclusion, alongside overall TIDE scores. The immunophenoscore (IPS) data for CRC patients
were obtained from The Cancer Immunome Atlas (TCIA) (https://www.tcia.at/home) to predict responses
to biological therapies such as CTLA-4 and PD-1 inhibitors. Similarly, IPS data were analyzed to determine
the differential efficacy of monotherapies and combination therapies involving anti-CTLA-4 and anti-PD-1,
comparing the outcomes among two risk groups. Furthermore, clinical and survival data related to different
immunotherapy regimens were extracted from the IMvigor 210 database, which included 348 patients treated
with a PD-L1-targeting antibody. This allowed us to validate the prognostic capabilities of the ARPS within the
IMvigor210 cohort. Additionally, the tumor mutation burden (TMB), a critical indicator of response to immune
checkpoint inhibitors, was calculated for each CRC sample. This quantification of tumor immunogenicity,
alongside a comparative analysis among two risk groups, provided deeper insights into the relationship between
mutational load, risk scores, and the overall prognostic outcomes in CRC patients receiving immunotherapy.

Screening of sensitive drugs

The “oncoPredict” package was employed to assess drug sensitivity, specifically focusing on the half-maximal
inhibitory concentration (IC50) values for therapeutic drugs. Potential therapeutics for risk groups were
identified by comparing sensitivity profiles of 198 drugs using transcriptomic data.

Gene set enrichment analysis (GSEA)

GSEA was conducted utilizing the “clusterProfiler” package to investigate the variations in Gene Ontology (GO)
terms and KEGG signaling pathways associated with the ARPS in CRC across two distinct risk groups. The
analysis focused on comparing Hallmark, GO terms, and KEGG pathways!”"'°. Significance thresholds were
set as [NES| > 1, nominal p < 0.05, and FDR g-value < 0.25 to control for false positives arising from multiple
hypothesis testing. Background gene sets, including c5.go.Hs.symbols.gmt for (GO) and c2.cp.kegg.Hs.symbols.
gmt for KEGG pathways, were sourced from the MSigDB database (http://software.broadinstitute.org/gsea/ms
igdb).

Statistical analysis

All statistical analyses were conducted using R software version 4.3.1, with a significance level set at p <0.05 to
determine statistical significance. Differences in continuous variables were evaluated using either the Wilcoxon
rank-sum test or Student’s t-test. Survival differences were analyzed by Kaplan-Meier analysis alongside the log-
rank test. P<0.05 was considered statistically significant.
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Results

Acetylation characteristics in single-cell transcriptome

To explore the acetylation features and immune cell dynamics in CRC, we analyzed single-cell transcriptomic
data from two GEO datasets (GSE132465 and GSE144735). Following rigorous quality control, 35 CRC samples
were retained. To address potential batch effects, we utilized the Harmony algorithm, which facilitated the
dimensionality reduction and allowed for the identification of 9 distinct cell subtypes within the CRC samples
(Fig. 1A). Using SingleR and published cell markers, we annotated 54,069 cells into nine major clusters,: B

A seurat_clusters B cell_type
C7
Den, ritic‘cells
20 1 CB’ co B Cells
® C1 ® Dendritic cells
( Cc2 Endothelial cells
o & cs o Epithelial cells
Z 01 C4 zZ Mast cells
s 3 co C2 s 2 ® Myeloid cells
® C6 ® Plasma cells
° c7 ) Stromal cells
-201 ® C8 ! ® Tcells
c4 Bcels P
C3 Stromal cells
=40 T T T —-40 - T T T
-40 -20 0 20 -40 -20 0 20
TSNE1 TSNE1
T cells 1 ’ ®o o ‘ Average Expression
Stromalcells{ = ® o - @ @® - o o - - e s . e e - e e e e )
Plasma cells 1 ® o o . . . - @ o ®O0e0¢ - - - - - - . 1
5 Myeloid cells o o 0 o0 o ) . 0
g Mastcells{ =« o - ¢ . . o0
o Epithelialcels {® ® ® @® - e @ o ° Percent Expressed
Endothelialcells] « ® o « o « « « .« . . . . . . . . Y oo (2)5
L]
Dendritic cells{ * . e @ o - ® @ o : ® 50
B Cells 1 Y . . . . . . . . . . [ o . . . . . 75
R S T T T T S A S I T R T R B R e
SN IR o (P> et e Cerieced v
D Acetylation.score E
b 0.9
204 S
o
Q
(5]
(2]
100 c
N o
N 75 = 0.6
w04 50 :2,
[ 25 ]
-201 b 0.3 H
© © © ® © ® © © S
_40_. — Oe\\ . 00\\ ) \00\\_ 00\\ oe\\ . oe\\ 06\\ \Ge\\ ,‘08\\
20 20 0 20 R N N R O S (e
tSNE_1 Oe(\ (\60\ eé({(\ W QW
Fig. 1. Acetylation features in single-cell transcriptomics. (A) t-SNE plot shows the regrouping of CRC single
cells into 9 separate clusters. (B) t-SNE plot shows the cell types identified by marker genes. (C) The expression
patterns of the cell type-specific marker genes across the cell clusters. (D) The activity score of acetylation in
each cell. (E) The distribution of the acetylation scores in different cell types.
Scientific Reports|  (2025) 15:32638 | https://doi.org/10.1038/s41598-025-21081-8 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Cells, dendritic cells, endothelial cells, epithelial cells, mast cells, myeloid cells, plasma cells, stromal cells,
and T cells (Figs. 1B, C). To quantify the acetylation features in each cell type, we calculated the acetylation
activity score across different cell types using ssGSEA methods (Fig. 1D). Epithelial cells exhibited the highest
acetylation scores, followed by endothelial and stromal cells, while immune cells showed significantly lower
activity (Fig. 1E). Cells were stratified into high and low acetylation groups, yielding 1,815 DEGs (FDR <0.05)
for further investigation.

Network analysis identifies core acetylation modules

To explore the genes linked to acetylation, we employed the ssGSEA technique to measure the acetylation scores
for each sample from TCGA. Subsequently, we developed a WGCNA to pinpoint modules that exhibit a significant
correlation with acetylation, utilizing differentially expressed genes related to acetylation at the single-cell level
(Fig. 2A). We illustrated the clustering relationships among tumor samples by creating a hierarchical clustering
dendrogram of the samples (Fig. 2B). The heatmap at the bottom displays the acetylation scores for each sample,
highlighting the relative activity of acetylation features in the samples. The optimal soft threshold chosen is 8
(R?=0.85), which ensures that the network adheres to the scale-free topology standard (Fig. 2C). Furthermore,
the minimum gene count required for each module is established at 50, leading to the discovery of eight unique
modules (Fig. 2D). The green module demonstrates a significant association with the acetylation score, exhibiting
a correlation coefficient (R) of -0.75 and a adjusted p-value lower than 0.05. Consequently, we obtained a total of
169 genes within the green module. By intersecting these with the 1,691 DEGs related to acetylation (Fig. 2E), we
obtained 131 genes (Fig. 2F). These genes are regarded as playing a crucial role in acetylation processes at both
the transcriptomic and single-cell transcriptomic levels. We performed GO enrichment analysis to investigate
the distribution of the identified genes across biological processes (BP), cellular components (CC), and molecular
functions (MF). The findings indicated that these genes are significantly enriched in energy metabolism, protein
synthesis, and membrane transport (Fig. 2G).

Machine learning integrates acetylation features into clinical risk prediction

Leveraging these acetylation-related genes, we next asked whether machine learning could integrate them into a
clinically actionable prognostic tool. Following univariate Cox regression analysis of the 131 acetylation-related
genes and FDR correction (q<0.05), 30 were significantly correlated with the OS of CRC patients (Fig. 2H). To
establish a robust prognostic signature centered on acetylation-related molecular features, we integrated a total
of 30 prognostic genes into our analytical framework, utilizing a LOOCV approach. We developed predictive
models leveraging 101 algorithmic combinations and implemented 10-fold cross-validation within the TCGA
training cohort. For both training and validation cohorts, we computed the average C-index for each model.
The resultant optimal model was identified as the CoxBoost+ RSF combination, achieving the highest average
C-index of 0.781 (Fig. 3A). Consequently, we formulated an ARPS, which comprises ten pivotal acetylation-
related genes: DCTPP1, TXNDC12, RPS24, TCEAL4, RAB5C, NMEI1, VOPP1, SMAGP, MRPL22, and HINTI.
ARPS scores were subsequently calculated for all samples across the two cohorts according to the expression
profiles of these ten genes.

In both training and validation cohorts, the optimal ARPS score was used to divide CRC samples into two risk
subgroups. The Kaplan-Meier analysis indicated that individuals classified as high-risk experienced a reduced
duration of survival compared to those classified as low-risk in the TCGA and GEO datasets (P<0.05; Figs. 3B,
C). Further analysis using the ROC curve demonstrated that in the TCGA dataset, the AUC values were 0.983,
0.993, and 0.995 for 1, 3, and 5 years (Fig. 3D), while in the GSE39582 dataset, the values were 0.745, 0.704, and
0.689 (Fig. 3E). These findings affirm the effectiveness of the ARPS in providing precise prognostic predictions.

Clinical significance of the ARPS

We compared the distribution of clinical characteristics across the two ARPS score groups. Significant differences
in TNM stage, tumor status, and recurrence status were observed between risk groups (Fig. 3F). Specifically,
when contrasting the low-risk subgroup with the high-risk subgroup, there was a notable rise in the percentage
of patients classified as stage IIT and IV within the high-risk group (Fig. 3F). Likewise, the proportion of patients
with tumor status and recurrence status was evidently higher in the high-risk subgroup (Fig. 3F). Univariate
and multivariate analyses demonstrated that the ARPS score remained unaffected by other clinicopathological
variables (Figs. 3G, H). In multivariate regression analysis (Fig. 3H), the ARPS score and TNM stage were
identified as separate prognostic factors.

Association of risk scores and tumor immune microenvironment

Given the TME’s clinical significance, we investigated how ARPS risk groups shape immune landscapes.We
utilized the ESTIMATE algorithm to calculate immune scores, stromal scores, estimate scores, and tumor purity
within the TME. The Wilcoxon test revealed that low-risk CRC patients exhibited markedly higher immune,
stromal, and estimate scores, alongside reduced tumor purity scores (Fig. 4A-D). The CIBERSORT analysis
showed high-risk tumors enriched for MO and M2 subtypes (Fig. 4E), while, the low-risk tumors had increased
CD8+T cells, resting and activated dendritic cells, mast cells, follicular helper T cells, and Tregs. To validate
the association between ARPS and tumor immune microenvironment, we analyzed an independent cohort
(GSE39582). Consistent with our initial findings, low-risk CRC patients exhibited markedly higher immune,
estimate scores, and reduced tumor purity scores (Figures S1A-D). Similarly, low-risk patients exhibited
significantly higher abundance of CD8+T cell and activated dendritic cells, while high-risk patients enriched
for M2 macrophages (Figure S1E). Furthermore, ssGSEA analysis revealed a notably elevated presence of B
cells, CD8+T lymphocytes, and dendritic cells within the low-risk group (Fig. 4F). Additionally, ssGSEA
analysis highlighted significant differences in immune function scores between the two risk groups, indicating
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Fig. 2. Weight co-expression network and gene enrichment analysis. (A) Dendrogram showing the
hierarchical clustering of TCGA samples. The heatmap at the bottom represents the acetylation scores of each
sample. (B) Cluster dendrogram of the WGCNA analysis. (C) Selection of the optimal soft threshold power.
(D) Module-trait heatmap showing that the green modules were closely related to the acetylation trait. (E)
Volcano plot showing differential analysis results between TCGA samples and normal samples. (F) Venn plot
showing the intersecting genes between the green modules and DEGs in bulk RNA-seq. (G) GO enrichment of
the overlapping genes. (H) Univariate Cox regression analysis of 30 acetylation-related genes.
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Fig. 3. Construction and evaluation of a ARPS. (A) The C-index of 101 kinds prognostic models of TCGA
and GEO datasets. (B,C) The Kaplan-Meier survival curves for the two ARPS groups in the TCGA dataset (B)
and GEO (C) dataset. (D,E) Time-dependent ROC curve of the ARPS in TCGA training dataset (D) and GEO
(E) datasets. (F) Correlations of two ARPS groups with clinical characteristics in the TCGA dataset. (G,H)
Univariate (G) and multivariate (H) Cox analysis of ARPS score and clinicopathological parameters.

that low-risk CRC samples had greater enrichment in APC_co-inhibition, checkpoint, MHC class I, CCR,
parainflammation, and T cell co-inhibition (Fig. 4G).

Role of ARPS in immunotherapy
Recent studies have highlighted the complex relationship between antigen presentation, tumor mutation burden
(TMB), and the efficacy of immunotherapy in cancer patients®’. An increased diversity in antigen presentation,
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stromal score, estimate score, and tumor purity were applied to quantify the different immune statuses between
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the high- and low-risk groups. (E) Box plot displays the differential abundance of 22 infiltrative immune cells

Fig. 4. The immune landscape associated with the ARPS in the TCGA cohort. (A-D) The immune score,
by CIBERSORT database between high-risk and low-risk groups. (F) The level of immune cells in different

ARPS score groups. (G) The level of immune-related function in different ARPS score groups. ***p <0.001,

**p<0.01, *p < 0.05; Benjamini-Hochberg adjusted.
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characterized by high expression of immunological checkpoints such as CTLA4, PD-L1, and LAG3, suggests a
greater potential for positive responses to immunotherapy, particularly in CRC patients with low ARPS scores.
Boxplot analyses indicated that these patients exhibited significantly higher expressions of these checkpoints
(Fig. 5A; all p < 0.05), correlating with better therapeutic outcomes. Furthermore, TMB has been recognized
as an essential determinant affecting the efficacy of immunotherapy. In CRC patients with low ARPS scores,
a higher TMB was observed (Fig. 5B), reinforcing the notion that elevated TMB levels are associated with
improved responses to immunotherapy. Conversely, a low TIDE score indicates a better response to treatment
and a reduced risk of immune escape, as evidenced by higher TIDE scores in patients with higher IRS scores
(Fig. 5G; all p < 0.05). The Immunophenoscore (IPS), which reflects the immune profile of tumors, also plays a
crucial role in predicting immunotherapy outcomes. A higher IPS is linked to better therapeutic benefits, and
its application in conjunction with immunological checkpoint blockers such as CTLA4 and PD1 has shown
promising potential in CRC treatment. Low-risk patients consistently displayed more favorable responses
to immunotherapy treatments across various combinations of CTLA4 and PD1 expressions (Figs. 5D-G).
Consequently, CRC patients with low ARPS scores may derive greater benefits from immunotherapy. To further
confirm this finding, we calculated the ARPS score in patients undergoing immunotherapy. In the IMvigor210
cohort, non-responders had significantly higher ARPS scores than responders (p < 0.01), as illustrated in Fig.
5H. Furthermore, patients with higher ARPS scores demonstrated a lower overall survival (OS) and a reduced
response rate (Fig. 51, J), which further substantiates our earlier observations.
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Fig. 5. ARPS acted as an indicator for immunotherapy benefits in CRC. (A) The difference in the expression
of immune checkpoint-related genes between high-risk and low-risk groups. (B) The TMB difference between
the two groups. (C) The difference in TIDE score between the different groups. (D-G) Differences in IPS
among different risk groups in different situations. (H) Comparison of ARPS score between progressive disease
(PD)/stable disease (SD) and complete response (CR)/partial response (PR) groups. (I) The distribution

of immunotherapeutic response in two groups stratified by ARPS in IMvigor210 cohort. (J) Kaplan-Meier
survival curves with log-rank test for different ARPS groups to compare the OS differences in IMvigor210
cohort. *P<0.05; **P<0.01; ***P<0.001.
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Predictive analysis for drug therapy

Drug resistance poses a significant obstacle in the management of cancer, frequently leading to diminished
therapeutic effectiveness and adverse clinical results for CRC patients. To improve treatment effectiveness, we
investigated whether ARPS characteristics can accurately predict the sensitivity to therapeutic drugs. In our
analysis, we utilized the “oncoPredict” package to evaluate the IC50 values of 198 drugs. In low-risk patients,
the IC50 values for drugs such as 5-Fluorouracil, Gemcitabine, Bortezomib, Cediranib, Crizotinib, and Gefitinib
were significantly lower (Fig. 6A-F), indicating that individuals with low-risk scores may respond better to these
treatments. Conversely, Sepantronium bromide and Trametinib showed a trend of decreased IC50 values in the
high-risk group (Fig. 6G, H), suggesting that these drugs may be more effective in this population.

Potential biological functions and pathway analyses in two risk groups

To investigate the molecular mechanisms underlying ARPS, we subsequently performed GSEA on both GO and
KEGG gene sets to elucidate the differences in biological functions and pathways between the high-risk and
low-risk groups (Figs. 7A-D). For GO terms, the high-risk cohort exhibited significant enrichment in categories
such as “BP cell morphogenesis involved in neuron differentiation”, “BP cell part morphogenesis’, and “BP
developmental growth” Conversely, the low-risk group demonstrated notable enrichment in “BP mitochondrial
translation”, “BP purine containing compound metabolic process”, and “CC mitochondrial matrix” (Fig. 7A, B).
Regarding KEGG terms, the GSEA findings indicated that the high-risk group was predominantly enriched in
pathways such as the “MAPK signaling pathway”, “cell cycle”, and “focal adhesion” (Fig. 7C). In contrast, the
low-risk group showed significant enrichment in pathways related to “chemokine signaling pathway”, “cytokine-
cytokine receptor interaction”, and “intestinal immune network for IgA production” (Fig. 7D).

Discussion

Colorectal cancer (CRC) remains a leading cause of cancer-related mortality worldwide, with current treatment
strategies often limited by the heterogeneity of tumor biology and patient responses. This complexity necessitates
innovative approaches integrating phenotypic characteristics to enhance therapeutic decision-making and
patient outcomes. Our study highlights the critical role of acetylation features in CRC, suggesting that a deeper
understanding of acetylation within the TME could significantly improve prognostic assessments and treatment
strategies.

Our findings demonstrate that compartment-specific acetylation dynamics (epithelial/stromal; Fig. 1E)
stratify CRC into clinically distinct subtypes through a machine learning-derived ARPS. This robust model
stratifies patients by: (i) prognosis (increased mortality in high-risk patients; Fig. 3B-C), (ii) treatment
response (enhanced immunotherapy efficacy in low-risk cohorts; Fig. 5H-]), and (iii) TME reprogramming
(acetylome linkage of metabolic pathways to immune checkpoint regulation; Figs. 5A, 7B). Collectively, our
findings emphasize the need to explore acetylation dynamics for developing precision interventions in CRC
and improving patient management. Our machine learning-derived ARPS aligns with emerging multi-omics
frameworks for TME decoding. The iMLGAM model!* similarly integrates genetic and epigenetic features to
predict immunotherapy response, validating our combinatorial approach. Crucially, the immune-excluded
phenotype in high-risk patients mirrors BAGALT2-mediated barriers in LUAD', suggesting conserved PTM-
driven immune evasion. This synergy implies acetyltransferase inhibitors could overcome stromal exclusion-a
strategy enabled by nanotechnology-based delivery systems'®.
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Fig. 7. Prediction of drug sensitivity by OncoPredict in high-risk and low-risk groups. (A,B) GO analysis
between high-risk group (A) and low-risk group (B) utilizing GSEA method. (C,D) KEGG analysis between
high-risk group (C) and low-risk group (D) utilizing GSEA method. Significance thresholds: |[NES|>1, NOM
p<0.05, FDR q<0.25. Bar color: NES value; bar length: -log;o(FDR).

The ten-gene ARPS (DCTPP1, TXNDCI12, RPS24, TCEAL4, RAB5C, NMEI1, VOPP1, SMAGP, MRPL22,
HINT1) may influence CRC progression through acetylation-mediated pathways. HINT1, a tumor suppressor
regulating AP-1 transcription and apoptosis?!~2*, requires acetylation for protein stabilization. Its downregulation
in high-risk patients suggests impaired acetylation may promote immune evasion by reducing tumor
immunogenicity. Conversely, RAB5C—a regulator of EGFR endocytosis—may undergo acetylation-induced
dysregulation (as observed in related GTPases), potentially amplifying oncogenic MAPK signaling through
enhanced receptor recycling. This aligns with MAPK pathway enrichment in high-risk patients and could drive
M2 macrophage polarization via cytokine overproduction. NME1, which modulates purine metabolism and
metastasis suppression, gains functional enhancement through K12 acetylation?*. Its association with low-risk
signatures may explain purine metabolism enrichment, potentially supporting anti-tumor immune responses.
TXNDCI12, an ER stress mediator, may experience acetylation-dependent alterations in protein folding
efficiency, impairing antigen presentation via MHC-I in high-risk tumors. These mechanisms collectively shape
the immunosuppressive TME observed in high-risk patients—characterized by reduced CD8 + T cells and
elevated TIDE scores.GSEA revealed significant differences in pathway enrichment between high-risk and low-
risk groups in CRC. The high-risk group was predominantly enriched in the MAPK signaling pathway and cell
cycle-related processes, which are critical for cell proliferation and survival, suggesting that these pathways may
contribute to tumor aggressiveness and poor prognosis in CRC patients. The MAPK pathway, known for its role
in regulating various cellular activities including growth, differentiation, and apoptosis, has been implicated in
cancer progression and therapeutic resistance?>~*’. Conversely, the low-risk group showed enrichment in pathways
related to cytokine-cytokine receptor interactions, chemokine signaling, and the intestinal immune network for
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IgA production, which are essential for immune response modulation and tumor microenvironment regulation.
This indicates that the low-risk group may have a more advantageous immune landscape, potentially enhancing
their response to immunotherapies. These divergent pathways highlight the distinct biological behaviors of CRC
subtypes, emphasizing the importance of understanding these pathways for developing targeted therapies. The
findings from this study not only provide insights into the molecular mechanisms underlying CRC progression
but also suggest potential therapeutic targets that could improve patient outcomes through personalized
treatment strategies. Understanding the interplay between these pathways and their impact on tumor biology is
crucial for advancing CRC management and improving prognostic predictions.

The immune landscape in CRC reveals significant differences between low-risk and high-risk patient groups,
which may have profound implications for treatment strategies. In our study, low-risk patients exhibited elevated
levels of immune cell infiltration and enhanced immune functionality, suggesting a more favorable environment
for immunotherapy responses. Conversely, high-risk patients demonstrated characteristics associated with
immune evasion, including a higher TIDE score and a distinct immune profile that may hinder effective immune
responses. These findings align with previous research indicating that patients with higher immune infiltration
often experience better outcomes following immunotherapy, as their tumors are more likely to be recognized
and attacked by the immune system. The identification of specific immune cell types, such as CD8 + T cells
and dendritic cells, which were more abundant in the low-risk group, further supports the notion that a robust
immune response is crucial for effective cancer treatment®®-32, The elevated immune scores and lower tumor
purity observed in low-risk patients further support the notion that a favorable immune landscape is associated
with better prognosis and therapeutic responses. The implications of these results are significant, as they suggest
that stratifying patients based on their immune profiles could guide therapeutic decisions, particularly in the
context of immunotherapy. By understanding the dynamics of immune cell infiltration and the TME, clinicians
may be better equipped to predict patient responses to treatment and tailor interventions accordingly. This
research underscores the importance of integrating immune analysis into prognostic models, as it may enhance
our ability to pinpoint patients who are most likely to benefit from immunotherapeutic approaches, ultimately
improving clinical outcomes in CRC management.

Our IC50 predictions align with established clinical responses: First, 5-FU efficacy in low-risk patients: The
inverse correlation between ARPS scores and 5-FU sensitivity mirrors clinical data where high TIL (tumor-
infiltrating lymphocyte) CRC shows 38% ORR vs. 18% in TIL-low tumors®*. This synergy likely arises from
immune-mediated tumor killing enhancing chemotherapeutic effects’. Second, argeted therapy for high-
risk subgroup: The predicted Trametinib sensitivity in high-risk patients is grounded in their MAPK pathway
activation (FDR < 0.001), consistent with MEK inhibitor trials reporting prolonged PFS (5.2 vs. 2.1 months)
in MAPK-high CRC?*. Third, novel therapeutic opportunities: Sepantronium bromide’s predicted efficacy in
high-risk tumors suggests survivin inhibition as a strategy for aggressive, cell cycle-driven CRC-a hypothesis
supported by phase I trials showing 22% disease control in refractory CRC*.

While our results offer valuable insights into the role of acetylation in shaping the TME, it is essential to
acknowledge the limitations of this study. First, the reliance on single-cell RNA sequencing, although powerful,
may not capture the full spectrum of cellular interactions and the spatial context of the tumor microenvironment.
Future work should integrate spatial transcriptomics and proteomics to provide a more holistic view of
the tumor ecosystem. Second, the reliance on acetylation activity as a sole marker may not capture the full
spectrum of epigenetic modifications influencing gene expression. Future research should aim to elucidate the
interplay between acetylation and other epigenetic mechanisms, as well as explore the functional consequences
of the identified DEGs in the context of CRC. Third, while the ARPS showed strong prognostic capability in
the discovery cohort (TCGA), its reduced AUC in the validation cohort (GSE39582) warrants consideration.
This may arise from: (i) Technical biases (e.g., batch effects between RNA-seq platforms), (ii) Demographic
differences (e.g., TCGAs multinational vs. GSE39582’s European population), or (iii) Overfitting risk from high-
dimensional feature selection. Though we mitigated overfitting through LOOCV and 10-fold cross-validation,
future studies should validate ARPS in prospective, multi-center cohorts with standardized protocols. Notably,
even with reduced AUC, the model significantly stratified survival (log-rank p <0.05), supporting its clinical
utility.

Conclusions

Our findings contribute to the growing body of evidence that highlights the significance of acetylation in cancer
biology, suggesting that targeting acetylation pathways could enhance therapeutic strategies and improve patient
outcomes in the context of tumor immunology and treatment resistance. The identification of specific DEGs
associated with acetylation activity opens avenues for further research into their functional roles and potential
as biomarkers for therapeutic response in cancer patients.

Data availability
The datasets used and/or analysed during the current study available from the corresponding author on reason-
able request.
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