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From multi-omics to functional
validation: the PTMRS strati es
TME and positions PDGFRB

In CRC biology

Yanhong Liu @7, Chao Lu®", Luchun Hua', Hankun Hao",
Qijing Zhang?, Zongyou Zou?, Jianbin Xiang™

and Yaping Wang*

‘Department of General Surgery, Huashan Hospital, Fudan University, Shanghai, China, ?2Department

of Physiology and Pathophysiology, School of Basic Medical Sciences, Fudan University,
Shanghai, China

Background: Colorectal cancer (CRC) outcomes remain heterogeneous despite
therapeutic advances, posing challenges to precise prognostic strati cation.
Post-translational modi cations (PTMs) critically regulate protein function,
tumor microenvironment (TME) crosstalk, and CRC progression, while most
existing studies only focus on single PTM types and PTM signals are rarely
integrated into CRC risk models.

Methods: We built a post-translational modi cation—related risk signature
(PTMRS) model by screening post-translational modi cation—related (PTM-
related) genes associated with prognosis in The Cancer Genome Atlas (TCGA)
and Genotype-Tissue Expression project (GTEx)datasets, then benchmarking 101
modeling strategies to select a Cox partial least squares framework. External
validation was conducted across multiple independent cohorts and
immunotherapy datasets. Single-cell RNA sequencing (scRNA-seq) data were
used to calculate cell type—speci ¢ scores for the PTMRS and to perform
CellChat-based analyses of cell-cell communication. To investigate
mechanism, we targeted platelet-derived growth factor receptor-b (PDGFRb)
in human colonic broblasts and assessed CRC-cell responses to their
conditioned media.

Results: PTMRS robustly strati ed overall survival across cohorts and aligned with
an immune-cold, stroma-enriched phenotype. PTMRS was associated with
pathways related to antigen presentation, protein homeostasis, and other
processes within the CRC TIME. ScRNA-seq analysis further showed that
PTMRS scores in uenced intercellular communication between CRC cells and
immune cells. PDGFRB was validated as a core node within the PTMRS network:
activation of PDGFRb in human colonic broblasts promoted CRC cell
proliferation and migration, whereas sunitinib attenuated and reversed
these effects.

Conclusions: We established a post-translational modi cation—related risk
signature (PTMRS) that robustly strati es CRC prognosis and links tumor-
intrinsic programs with features of the TIME. Higher PTMRS scores, particularly
in tumors with PDGFRB enrichment, were associated with a stroma-rich,
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immune-cold phenotype. Experimental validation highlighted PDGFRb in colonic

broblasts as a stromal hub whose activation promotes CRC cell proliferation and
migration. These ndings suggest that PTMRS may help identify patients who
could bene t from combining immunotherapy with therapies targeting PDGFRb
or other PTM-related pathways. Further validation in in vivo models and
prospective clinical cohorts is needed.

KEYWORDS

cancer-associated broblasts, colorectal cancer, PDGFRB, post-translational
modi cations, PTMRS, tumor microenvironment

1 Introduction

Colorectal cancer (CRC) is the third most commonly diagnosed
malignancy and the second leading cause of cancer mortality
worldwide; its incidence continues to rise, with a growing burden
among younger adults (1, 2). Despite advances in surgery,
chemotherapy, and immunotherapy, outcomes of CRC patients
remain highly variable: the 5-year survival rate is above 90% in
early-stage disease but drops to below 15% in metastatic CRC (3).
This sharp contrast highlights the urgent need for reliable
prognostic biomarkers and clinically relevant therapeutic targets.

Post-translational modi cations (PTMs)—including ubiquitination,
phosphorylation, acetylation, methylation, and lipidation—govern
protein stability, localization, and function, thereby shaping tumor
initiation, progression, and metastasis (4, 5). For example,
ubiquitination in uences tumor growth and apoptosis through
degradation of suppressors (e.g., p53) and activation of oncogenic
signaling (e.g., phosphatidylinositol 3-kinase [PI3K]-AKT serine
kinase [AKT] pathway) (6), while histone methylation and acetylation
remodel chromatin and reprogram gene expression (7).However, most
CRC studies have focused on individual PTM types or isolated signaling
pathways, leaving the broader PTM regulatory network and its
interconnected architecture largely unresolved, which in turn limits
reproducibility and reduces translational impact.

The tumor microenvironment (TME)—comprising immune
cells, stromal elements, and extracellular matrix—profoundly
affects tumor behavior and therapeutic response (8).
Accumulating evidence shows that TME-resident macrophages
and broblasts can amplify immunosuppression and drive cancer
progression, whereas abundant cytotoxic T-cell in Itration
generally predicts favorable prognosis in CRC (9, 10). Although
links between PTMs and the TME have begun to emerge, how
PTMs reshape the CRC TME and modulate intercellular
communication remains unclear.

We hypothesized that integrating signals from multiple PTM-
related genes into a composite risk score would more effectively
capture stable tumor-biological features across cohorts, thereby
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improving prognostic assessment, re ning immune-phenotype
interpretation, and helping to prioritize potential therapeutic targets
(11). Accordingly, we combined the TCGA and GTEx datasets to
identify PTM-related differentially expressed genes (PTM-related
DEGs) that are associated with CRC prognosis. Using a multi-
algorithm approach (101 strategies), we further constructed a
prognostic model—a post-translational modi cation-related risk
signature (PTMRS). The model was externally validated across
multiple independent GEO cohorts and outperformed clinical
variables and 22 published signatures. The relationship between
PTMRS and the tumor microenvironment (TME) was then
investigated by applying cell type—speci ¢ PTMRS scoring and
CellChat analysis to single-cell RNA sequencing (ScCRNA-seq) data,
thereby mapping immune-microenvironment differences between
high-PTMRS and low-PTMRS groups. On this basis, PDGFRB,
which encodes platelet-derived growth factor receptor-b
(PDGFRb), a stromal receptor tyrosine kinase implicated in
broblast activation and angiogenesis, was selected as a potential
hub gene. Evidence from expression, survival, immune associations,
and pathology was then integrated, and preliminary in vitro
experiments were performed to evaluate its role in CRC.

This study differs from prior work in three ways. First, rather
than centering on a single PTM class (12—14), we surveyed a
comprehensive set of PTM-related gene programs to provide a
systems-level view of PTM-related regulatory landscape in CRC.
Second, benchmarking 101 modeling strategies identi ed Cox
partial least squares (plsRcox) as the nal framework for PTMRS,
supporting robustness and generalizability. Third, by integrating
scRNA-seq, we clari ed the distribution of PTMRS across cell types
and explored its impact on cell-cell communication. Taken
together—from model construction and external validation to
targeted experimental analyses—these ndings delineate the links
between PTMs, the TME, and CRC prognosis. A reliable PTMRS
may offer clinicians an ef cient tool for risk strati cation and
outcome prediction, while the identi cation of hub genes such as
PDGFRB points toward new directions for targeted therapy
development in advanced CRC.
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2 Materials and methods

2.1 Transcriptomic data acquisition and
preprocessing

RNA-seq expression pro les and matched clinical annotations
for TCGA-COAD (n = 448) were used to build the prognostic
model; independent cohorts served to test model stability and
accuracy. Raw counts were converted to transcripts per million
(TPM) and log2-transformed for downstream analyses. External
validation employed seven GEO microarray datasets—GSE12945
(n =62), GSE17536 (n = 177), GSE17537 (n = 55), GSE38832 (n =
122), GSE39582 (n = 579), GSE41258 (n = 182), and GSE87211 (n =
196)—yielding a total of 1,821 specimens when combined with
TCGA. In addition, seven immunotherapy cohorts were analyzed
(sample sizes in parentheses): Melanoma_GSE100797 (25),
Melanoma_GSE78220 (28), Melanoma_GSE91061 (109),
Melanoma_phs000452 (153), Melanoma_Nathanson_2017 (24),
Melanoma_PRJEB23709 (91), and IMvigor210 (348). Differential
expression between tumor and non-tumor tissues was computed
using TCGA (Normal = 41, Tumor = 471) together with normal
colon samples from GTEx (Normal = 308). GEO microarray data
were normalized with limma::normalizeBetweenArrays, and cross-
study batch effects were mitigated using sva::ComBat.

2.2 Acquisition and processing of SCRNA-
seq data

Single-cell datasets were retrieved from the Gene Expression
Omnibus (GEO) database, including GSE231559 (encompassing 6
COAD tumor samples) and GSE200997 (comprising 16 COAD
tumor samples) for subsequent analysis. R software (Version 4.1.3)
was employed for data analysis, with the Seurat package selected as
the core tool for sScRNA-seq data processing.

For cell quality control (QC), the following criteria were
applied: mitochondrial content was required to be less than 20%
(25% for GSE200997), hemoglobin content was restricted to less
than 3%, and the number of unique molecular identi ers (UMIs)
and detected genes per cell were constrained within the ranges of
200-25,000 and 200-7,000, respectively (adjusted to 200—25,000
and 200—4,000 for GSE200997).

Data normalization, selection of highly variable genes (top 2,000
genes), and data scaling (with cell cycle effects eliminated using the
parameter vars.to.regress = c(“S.Score”, “G2M.Score”)) were
performed using the NormalizeData, FindVariableFeatures, and
ScaleData functions from the Seurat package, respectively. Batch
effects were corrected using the Harmony algorithm. For
downstream dimensionality reduction and clustering, the
Uniform Manifold Approximation and Projection (UMAP)
method and Louvain clustering algorithm—both integrated
within the Seurat package—were utilized. The FindAllMarkers
function was used to identify differentially expressed genes
(DEGs) between cell clusters or cell types, with Itering
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parameters set as follows: p-value < 0.05, log2 fold change
(log2FC) > 0.25, and gene expression proportion > 0.1.

2.3 Cell annotation analysis

Cell annotation was initially conducted using canonical cell-
type-speci ¢ markers: epithelial cell markers: “EPCAM”, “KRT18",
“KRT19", “CDH1"; Fibroblast markers: “DCN”, “THY1",
“COL1A1", “COL1A2"; Endothelial cell markers: “PECAM1",
“CLDN5”, “FLT1", “RAMP2”; T cell markers: “CD3D”, “CD3E”,
“CD3G”, “TRAC”; Natural killer (NK) cell markers: “NKG7",
“GNLY”, “NCAM1”, “KLRD1”; B cell markers: “CD79A",
“IGHM”, “IGHG3", “IGHA2"; Plasma cell marker. “JCHAIN";
Myeloid cell markers: “LYZ”, “MARCO”, “CD68", “FCGR3A";
Mast cell markers: “KIT”, “MS4A2", “GATA2". Based on the
annotation results, visualization plots—including UMAP
projections, bar charts, and heatmaps—were generated to
illustrate cell type distribution and marker gene expression patterns.

2.4 Acquisition of prognostic genes

The limma package was used to identify DEGs between tumor
and adjacent normal tissues, with the threshold set as |log fold
change (logFC)| > 0.6 and p-value < 0.05. From these DEGs, those
associated with PTMs were ltered out, referring to the PTM-
related gene list described in the study (15). Subsequently,
univariate Cox regression analysis was performed to screen for
PTM-related DEGs with prognostic signi cance (P < 0.05). A total
of 30 such prognostic genes were ultimately selected as the core gene
set for constructing the PTMRS model.

2.5 Construction of a tumor-related risk
signature

We assembled prognostic models using 101 machine-learning
strategies and generated an individual risk score for each patient
accordingly. The optimal dichotomization threshold was
determined with “surv_cutpoint”, after which patients in TCGA
and all validation cohorts were divided into high- and low-risk
groups. We then compared survival predictions between groups
and quanti ed overall model accuracy.

2.6 Risk signature generated by ensemble
machine learning approaches

To develop the PTMRS model with high accuracy and stability,
an ensemble approach integrating 10 individual machine learning
algorithms and 101 algorithm combinations was adopted. The
included algorithms were: Random Survival Forest (RSF), Elastic
Net (Enet), Lasso regression, Ridge regression, Stepwise Cox
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regression, CoxBoost, Cox Partial Least Squares Regression
(pIsRcox), Supervised Principal Component Analysis (SuperPC),
Gradient Boosting Machine (GBM), and Survival Support Vector
Machine (survival-SVM). Signature construction proceeded as
follows: First, univariate Cox regression was conducted on the
integrated dataset (including TCGA data) to identify prognostic
genes, as detailed in the previous step; next, 101 algorithm
combinations were applied to these prognostic genes to t
predictive models via Leave-One-Out Cross-Validation (LOOCV)
in the TCGA-COAD cohort; subsequently, all models were
validated in independent validation datasets; nally, Harrell’s
Concordance Index (C-index) was calculated for each model
across validation datasets, and the model with the highest average
C-index was selected as the optimal PTMRS.

2.7 Intercellular communication analysis

The CellChat package was used to evaluate potential intercellular
communication networks. First, the normalized gene expression
matrix was imported using the CellChat function to create a
CellChat object. Data preprocessing was then conducted using the
identifyOverExpressedGenes, identifyOverExpressedinteraction,
and “ProjectData functions with default parameters. Subsequently,
the computeCommunProb, IterCommunication, and
computeCommunProbPathway functions were applied to identify
potential ligand-receptor interactions. Finally, the aggregateNet
function was used to construct and visualize the intercellular
communication network.

2.8 Somatic alteration pro ling

Copy-number variations (CNVs) were analyzed with
GISTIC2.0, and tumor mutational burden (TMB) was computed
using the maftools R package.

2.9 Association between the prognostic
model and tumor immunity

Immune in Itration in TCGA samples was quanti ed using
IOBR, which aggregates outputs from seven deconvolution/
estimation tools. The resulting scores were visualized as heatmaps
to compare relative immune-cell proportions within the TME
across risk groups.

2.10 Drug sensitivity analysis

Drug response was inferred with oncoPredict, estimating 1C50
and AUC values from GDSCv2 and CTRP references. Associations
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between the risk score and drug sensitivity were tested, and
Wilcoxon rank-sum tests were used to compare 1C50 or AUC
between high- and low-risk groups.

2.11 Prediction of immunotherapy
response

The TIDE framework (Tumor Immune Dysfunction and
Exclusion) was applied to TCGA data to estimate immune-
response likelihood and to compare predicted immunotherapy
bene t between risk strata.

2.12 Cell culture

Human CRC cell line HCT116 and colonic broblast cell line
(CCD-18Co0) were obtained from the American Type Culture
Collection (ATCC) and cultured in Dulbecco’s Modi ed Eagle
Medium (DMEM) supplemented with 10% fetal bovine serum (FBS)
and 1% penicillin-streptomycin at 37 °C in a 5% CO, humidi ed
incubator. To prepare conditioned medium (CM) for downstream
assays, CCD-18Co broblasts at 70-80% con uence were changed to
basal medium with 1% FBS and serum-starved for 12 h, then assigned
to three conditions: vehicle (0.1% DMSO), the BB homodimer of
platelet-derived growth factor (PDGF-BB, 30 ng/mL), or PDGF-BB
plus sunitinib (5 nM). For acute phosphorylation readouts, treatments
lasted 15-30 min; for CM production, stimulation continued for 24 h.
To limit reagent carryover, cultures were rinsed twice with PBS,
replaced with drug-free, low-serum medium (2% FBS), and
incubated a further 24 h before supernatants were collected. CM was
cleared by centrifugation (300 x g, 5 min), ltered (0.22 mm), and
stored at 4 °C ( 48 h) or -80 °C.

2.13 Western blot analysis

CCD-18Co cells from the three treatment groups were lysed
with RIPA lysis buffer (containing 1% protease inhibitor cocktail
and 1% phosphatase inhibitor cocktail) on ice for 30 minutes.
Proteins were separated on 4-12% Bis-Tris gradient gels (15-well,
M41215C) using 1x MOPS-SDS running buffer at a constant 150 V
for 35min and transferred onto a PVDF membrane (Millipore).
Membranes were blocked in 5% nonfat dry milk at room
temperature (RT) for 1 h, incubated with the indicated primary
antibody overnight at 4 °C, and then with the appropriate secondary
antibody for 1 h at RT. Signals were developed using enhanced
chemiluminescence (ECL; Bio-Rad) and captured on a Tanon gel
documentation system. The antibody used for western blot analysis
was PDGFR beta (1:2000, Huaan, T1605-20), Phospho-PDGFR
beta (Y751) (1:5000, Huaan, HA723550), and b-actin (1:100000,
Proteintech, 66009-1-1g).
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2.14 Cell counting kit-8 assay for cell
viability

HCT116 cells were seeded at 4,000 cells/well in 96-well plates.
After attachment, cells were serum-starved for 12 h, after which the
medium was replaced with conditioned medium (Veh CM, PDGF-
BB CM, or SUN CM) collected from serum-starved CCD-18Co
cultures, with six technical replicates per condition. After 48 h of
treatment, 10 puL of CCK-8 reagent (Beyotime, C0038, China) was
added per well, and the plates were incubated for 1 h at 37 °C.
Absorbance at 450 nm was then recorded on a microplate reader. All
experiments were performed in 3 independent biological replicates.

2.15 EdU assay for cell proliferation

HCT116 cells were seeded onto sterile glass coverslips placed in
24-well plates at 5 x 10* cells/well and allowed to adhere for 24 h.
After attachment, cells were serum-starved for 12 h, then the medium
was replaced with 500 i conditioned medium (Veh CM, PDGF-BB
CM, or SUN CM; n = 3 wells/condition) and incubated for a further
48 h. EdU incorporation and nuclear counterstaining were performed
according to the manufacturer’s instructions for the BeyoClick EdU
Cell Proliferation Kit with AF488 (Beyotime, C0071L). Fluorescence
images were captured at 10x magni cation, and ve random elds
per well were analyzed in ImageJ to enumerate EdU-positive (green)
and DAPI-positive (blue) cells.

2.16 Transwell assay for cell migration

HCT116 cells were detached with trypsin, washed, and
resuspended in serum-free DMEM at 5 x 10° cells/mL. 200 pL of
the cell suspension was added to the upper chamber of Transwell
inserts (8-um pores), and 600 pL of conditioned medium (Veh CM,
PDGF-BB CM, or SUN CM; n = 3 inserts per group) was placed in
the lower chamber. Plates were incubated for 24 h at 37 °C, 5% CO..
After incubation, cells remaining on the top side of the membrane
were gently wiped off with a cotton swab. Cells on the underside
were xed in 4% paraformaldehyde for 15 min, stained with 0.1%
crystal violet for 10 min, and washed three times with PBS. Images
were taken with an inverted microscope at 10x, and migrated cells
were counted in ImageJ to obtain migrated cell numbers.

2.17 Enzyme-linked immunosorbent assay
for broblast-derived cytokines

Concentrations of C-C motif chemokine ligand 5 (CCL5), C-X-
C motif chemokine ligand 12 (CXCL12), interleukin-6 (IL-6),
interleukin-10 (IL-10), and transforming growth factor-bl (TGF-
bl) were measured in the conditioned media(CM) of human
colonic broblasts CCD-18Co (processed, collected as described
above, and stored at S80 °C) using human enzyme-linked
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immunosorbent assay (ELISA) kits from R&D Systems (CCL5,
Catalog #DRNO0OB; CXCL12, Catalog #DSA00; IL-6, Catalog
#D6050B; IL-10, Catalog #D1000B; TGF-bl, Catalog
#DB100C).Recombinant cytokine standards provided with each
kit were serially diluted to generate standard curves. A total of
100 ni of standards and samples (run in six replicates) were added
to pre-coated 96-well plates, followed by incubation at room
temperature in accordance with the manufacturer’s instructions.
Subsequent steps included washing the plates, incubating with
horseradish peroxidase-conjugated detection antibodies,
performing a second round of washing, and adding substrate
solution. The reaction was terminated by adding stop solution,
and the absorbance was read at 450 nm using a microplate reader.
Cytokine concentrations were calculated from the standard curves
and expressed as pg/mL.

2.18 Statistical analysis

All database-sourced preprocessing, statistics, and graphics
were carried out in R 4.1.3. Associations between continuous
measures were examined using Pearson’s correlation; chi-square
tests were used for categorical comparisons, and Wilcoxon rank-
sum tests for between-group differences in continuous variables.
The survminer package was used to determine optimal cut points,
and survival analyses (Cox proportional hazards and Kaplan—Meier
curves) were performed with the survival package. Experimental
validation data were analyzed in Prism 9.4.1 (GraphPad Software,
La Jolla, CA) Two-sample, two-tailed t-tests were applied for two-
group comparisons. Statistical signi cance was set at P < 0.05.

3 Results

3.1 Screening and characterization of PTM-
related DEGs in CRC

First, we integrated TCGA and GTEx colon datasets and
performed differential expression analysis between tumor and
adjacent normal tissues within a prede ned list of PTM-related
genes (thresholds: |log2FC| >0.6, P < 0.05), thereby identifying
PTM-related DEGs. The heatmap showed that the selected PTM-
related DEGs robustly separated tumors from normal samples,
indicating stable expression heterogeneity in COAD (Figure 1A).
Through univariate Cox regression analysis, 30 PTM-related genes
signi cantly associated with the prognosis of CRC patients were
identi ed from the PTM-related DEGs (Figure 1B). The forest plot
indicates that genes such as CUL7, AKT3, and PDGFRB etc. act as
hazardous factors (HR > 1). Functional enrichment analysis
(Figures 1C, D) indicated that these prognosis-related genes were
signi cantly enriched in core PTM-related processes, including
protein polyubiquitination and histone modi cation in Gene
Ontology (GO) biological processes. Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathway enrichment analysis showed that
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FIGURE 1

highlighting the prevalence of ampli cations and deletions.

Screening and characterization of PTM-related differentially expressed genes. (A)The differential expression of PTM-related genes between tumor
and normal tissues. (B) HR for 30 prognostic PTM-related genes and their relationship with survival in CRC patients. (C, D) Functional enrichment of
prognostic PTM-related genes in GO biological processes and KEGG pathways. (E) Circos plot of PTM-related genes. (F) The principal component
analysis of different datasets after batch effect correction. (G) The CNV frequency of prognostic PTM-related genes on chromosome arms,

these genes were mainly involved in classic cancer-related signaling
pathways, PI3K-AKT and mitogen-activated protein kinase
(MAPK) signaling pathways. To verify the robustness of the
model across populations and batches, batch correction was
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performed on TCGA and GTEx datasets. Principal component
analysis (PCA) before and after correction con rmed that batch
effects were effectively reduced, supporting the reliability of
subsequent cross-dataset analyses (Figure 1F; Supplementary
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