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Background: RNA modi cation enzymes (RMEs) are key post-transcriptional
regulators that impact RNA stability, translation, and splicing. Dysregulation of
RMEs is closely associated with tumor initiation and progression. However, their
global regulatory patterns and clinical relevance across cancer types remain
incompletely characterized.

Methods: We conducted an integrative multi-omics analysis of RME expression,
copy number variation (CNV), and clinical outcomes across multiple cancers.
Machine learning algorithms were employed to identify tumor-discriminating
RME signatures. Single-cell RNA sequencing (scRNA-seq) characterized tumor
microenvironmental heterogeneity. A LASSO-derived prognostic model was
established and validated in independent cohorts. Drug sensitivity prediction
and supportive functional assays (EdU assays, qRT-PCR, immunohistochemistry)
were performed for representative RMEs.

Results: RMEs were broadly upregulated across cancers and showed strong
associations with CNV gains. Machine learning identi ed 12 RMEs that reliably
discriminated tumor from normal tissues. Single-cell transcriptomic analysis
showed that 10 of the 12 selected RMEs (DKC1, METTL1, NAT10, TRMT1,
RPUSD1, PUS1, WDR4, TRMU, ADAT2, GTPBP3) exhibited higher expression in
tumor-in lItrating cells compared with adjacent normal tissues. T-cell
subpopulations displayed marked heterogeneity, with ADAT2 preferentially
enriched in regulatory T cells. CellChat analysis revealed T cell subsets as key
mediators of intercellular communication via multiple immune-related
pathways. A 6-gene prognostic model exhibited independent prognostic
power and was integrated into a well-calibrated nhomogram. Drug-response
prediction revealed that high-risk patients exhibited enhanced sensitivity to
microtubule-targeting agents and kinase inhibitors, whereas low-risk patients
showed preferential response to epigenetic modulators. Importantly, supportive
functional assays showed that NAT10 knockdown, validated by qRT-PCR, was
associated with reduced proliferative activity in HCC cells as evidenced by EdU
assays, and IHC validation further corroborated its overexpression in clinical
tumor specimens compared to adjacent normal tissues.
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Conclusions: This study delineates a CNV-associated landscape of RME
dysregulation across cancers and establishes a 12-RME diagnostic signature
and a 6-gene prognostic model with robust predictive performance. Single-
cell analyses reveal tumor- and cell-type-speci c expression patterns of RMEs,
while supportive functional data suggest a potential biological relevance of
NAT10 in HCC. Collectively, these ndings provide an association-based
framework for understanding the potential roles of RNA modi cation programs

in cancer progression and clinical strati cation.
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1 Introduction

As one of the leading causes of death worldwide, cancer
originates from intricate interactions among genetic, epigenetic,
and environmental factors (1). Epigenetic regulation plays a
fundamental role in cancer development by shaping gene
expression programs without altering the underlying DNA
sequence (2). Beyond DNA methylation and histone
modi cations, RNA modi cations have emerged as an essential
post-transcriptional regulatory layer that governs RNA stability,
translation ef ciency, and cellular stress responses (3). A growing
body of evidence indicates that aberrant expression of RNA
modi cation enzymes (RMES) is associated with tumor initiation,
metabolic reprogramming, therapeutic resistance, and immune
evasion across diverse malignancies (4). Together, these ndings
highlight RNA modi cation as an important regulatory layer
that contributes to cancer-associated transcriptional and
phenotypic heterogeneity.

HCC, accounting for 75-85% of all primary liver cancers,
remains one of the most lethal malignancies worldwide (5).
Despite considerable advances in surgical and systemic therapies,
the prognosis of HCC patients remains poor (6, 7), underscoring
the need for improved prognostic models and effective molecular
targets. Molecular pro ling studies have revealed that HCC exhibits
marked genomic instability, including frequent copy-number gains
and losses that profoundly reshape transcriptional programs (8, 9).
CNV ampli cation represents a major mechanism of oncogenic
activation in HCC, contributing to dysregulated cell-cycle control,
metabolic reprogramming, and immune evasion (10). Recent
comparative genomic analyses indicate that HCC is characterized
by a particularly high burden of copy-number alterations,
highlighting its reliance on dosage-sensitive oncogenic programs
(11). Given this CNV-enriched genomic landscape, dissecting
CNV-associated RMEs could uncover key regulators of HCC
progression and identify novel prognostic biomarkers or
therapeutic targets.
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To systematically evaluate RNA modi cation enzymes with
potential relevance to hepatocellular carcinoma, we performed a
comparative analysis of CNV-associated RMEs across multiple
cancer types. This analysis revealed that, among all evaluated
malignancies, HCC harbors the highest proportion of CNV-
associated RMEs that are signi cantly associated with adverse
overall survival. This distinctive enrichment of prognosis-
associated RMEs motivated the prioritization of HCC for
subsequent in-depth analyses. Guided by these observations, we
applied machine-learning-based feature selection to derive an
HCC-speci ¢ RME signature. We further characterized the
intratumoral cellular distribution of these RMEs using single-cell
RNA sequencing, enabling us to determine the immune and
stromal compartments contributing to RME dysregulation. A
LASSO-derived prognostic model was constructed and validated
in multiple independent cohorts (TCGA-LIHC and GSE14520).
Supportive functional assays on NAT10 were performed as
representative evidence of biological relevance within the RME
signature, rather than as de nitive mechanistic validation.

Collectively, this integrative framework establishes a CNV-
associated landscape of RME dysregulation in HCC and provides
an association-based foundation for understanding how RNA
modi cation programs relate to tumor progression and
clinical outcome.

2 Results

2.1 Expression patterns of RNA
modi cation enzymes across multiple
cancer types

As shown in Supplementary Figure 1, we compiled a total of 105
RME genes (Supplementary Table 1) from the RMBase v2.0,
MODOMICS, and the Molecular Signatures Database (MSigDB)
(12—14). Subsequently, we analyzed the 105 RME genes’ expression
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pro les in tumor and normal tissues from 24 TCGA cancer types
(15, 16), including BLCA (Bladder Urothelial Carcinoma), BRCA
(Breast Invasive Carcinoma), CESC (Cervical Squamous Cell
Carcinoma and Endocervical Adenocarcinoma), CHOL
(Cholangiocarcinoma), COAD (Colon Adenocarcinoma), ESCA
(Esophageal Carcinoma), GBM (Glioblastoma Multiforme),
HNSC (Head and Neck Squamous Cell Carcinoma), KICH
(Kidney Chromophobe), KIRC (Kidney Renal Clear Cell
Carcinoma), KIRP (Kidney Renal Papillary Cell Carcinoma),
LIHC (Liver Hepatocellular Carcinoma), LUAD (Lung
Adenocarcinoma), LUSC (Lung Squamous Cell Carcinoma),
PAAD (Pancreatic Adenocarcinoma), PCPG (Pheochromocytoma
and Paraganglioma), PRAD (Prostate Adenocarcinoma), READ
(Rectum Adenocarcinoma), SARC (Sarcoma), SKCM (Skin
Cutaneous Melanoma), STAD (Stomach Adenocarcinoma),
THCA (Thyroid Carcinoma), THYM (Thymoma), UCEC
(Uterine Corpus Endometrial Carcinoma). Our results showed
that these RMEs were broadly upregulated across multiple
cancers, with 17 cancer types showing predominantly upregulated
RMEs and 3 cancer types showing predominantly downregulated
RMEs, as exhibited in Figures 1A, B. For downstream comparative
analyses, cancer types with fewer than 10 dysregulated genes (<10%
of the total) were excluded, as such limited feature numbers are
insuf cient to support reliable enrichment and cross-cancer
comparisons (Figure 1B). A total of 23 RME genes were
recurrently upregulated in more than half of the 17 analyzed
cancer types (Supplementary Tables 2, 3), including ADAT?2,
QTRTD1, FTSJ1, NSUNS5, PUS7, DUS4L, NOP2, MRM1, DUSIL,
FBL, CTUl, TRMT6, RPUSD1, DKC1, TRMT1, GTPBP3,
METTL1, PUS1, WDR4, PUSL1, TRMT122, NAT10, and
TRMU (Figure 1C).

2.2 CNV-associated expression patterns of
RMEs across multiple cancer types

To investigate potential genomic factors associated with the
widespread upregulation of RNA modi cation enzymes across
human cancers, we next examined the relationship between RME
expression patterns and somatic CNV, an important class of
genomic alteration associated with transcriptional changes (17).
Among the 23 RME genes that were recurrently upregulated in
more than half of the analyzed cancer types, 22 exhibited signi cant
positive associations between copy number gains and transcript
abundance (Figure 1E; Supplementary Table 4). These 22 genes
included ADAT2, CTU1, DKC1, DUS1L, DUSAL, FBL, FTSJ1,
GTPBP3, METTL1, MRM1, NAT10, NOP2, NSUN5, PUS1,
PUS7, PUSL1, QTRTD1, RPUSD1, TRMT1, TRMT6, TRMU,
and WDRA4.

The CNV-expression concordance of these RMEs was observed
across multiple cancer types rather than being restricted to a single
tumor entity. Several malignancies, including KIRP, GBM, LUSC,
BLCA, ESCA, STAD, CESC, KIRC, LIHC, LUAD, COAD, and
READ, harbored a relatively high number of RME genes whose
expression levels were concordant with copy number gains
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(Figure 1D). These tumor types represent a subset of the 17
analyzed TCGA cohorts in which CNV-associated RME
dysregulation was particularly prominent.

2.3 Clinical signi cance of recurrently
upregulated RMEs with predominant
representation in hepatocellular carcinoma

We further examined the clinical and functional relevance of
these CNV-associated RMEs. Comparative survival analysis across
multiple cancer types demonstrated that CNV-associated RMEs
exhibit broad clinical relevance across various malignancies
(Figure 1F). While different cancer types displayed RMEs
associated with either increased or decreased overall survival,
hepatocellular carcinoma showed a distinct pattern in which the
majority of CNV-associated RMEs were signi cantly associated
with poorer overall survival (Figure 1F). Speci cally, 19 of the 22
RMEs were signi cantly associated with worse overall survival in
HCC, representing the highest proportion of high-risk RMEs
among all evaluated cancer types (Supplementary Table 5). This
observation prompted us to prioritize HCC for subsequent analyses,
aiming to further characterize the biological and clinical relevance
of CNV-associated RMEs in a cancer type with signi cant
prognostic enrichment.

To characterize transcriptomic programs associated with
coordinated expression of RNA modi cation enzymes in
hepatocellular carcinoma, we constructed an RNA Modi cation
Index (RMI), de ned as the ssGSEA enrichment score of the
prede ned RME gene set for each tumor sample. Based on the
distribution of RMI values, samples were strati ed into RMI-high and
RMI-low groups by selecting the top and bottom 30% of tumors,
respectively. To investigate transcriptomic differences associated with
distinct RME expression states, we performed Hallmark pathway
enrichment analysis comparing RMI-high versus RMI-low tumors
(18, 19). RMI-high tumors showed signi cant enrichment of multiple
tumor-associated transcriptional programs, encompassing pathways
related to cell cycle regulation, metabolic reprogramming, and
genomic stress responses. Representative enriched Hallmark
pathways included MYC targets, E2F targets, G2M checkpoint,
DNA repair, and mTORCL1 signaling; whereas RMI-low tumors
showed relative enrichment of in ammatory response, TGF-b
signaling, and interferon-g response gene sets (Figure 1G;
Supplementary Table 6). Together, these analyses indicate that
CNV-associated RME expression patterns in HCC correspond to
distinct transcriptomic states with differential enrichment of tumor-
associated and immune-related pathways.

2.4 Construction of an HCC-speci ¢
discriminative model using machine
learning

To identify RMEs with robust tumor-discriminative capacity,
we performed machine learning-based feature selection using the 19
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FIGURE 1
Expression patterns and prognostic signi cance of RNA modi cation enzyme genes (RMEs) across multiple cancer types. (A) Dot plot showing

10.3389/fimmu.2026.1764106

differential expression patterns of 105 RNA modi cation enzyme genes (RMEs) across 24 TCGA cancer types. Dot color represents log, fold change

(tumor vs. normal), and dot size corresponds to log;o(FDR). Signi cantly upregulated and downregulated genes are marked in red and green,
respectively. (B) Bar plot summarizing the number of signi cantly upregulated and downregulated RME genes in each cancer type. Seven tumor

types with fewer than ten dysregulated genes (<10% of the total) were excluded from downstream analyses. (C) The number of RME genes showing

signi cant upregulation in each cancer. (D) Distribution of copy-number alteration (CNV) frequencies for 23 recurrently upregulated RME genes
across 17 TCGA cancer types. (E) Spearman’s correlation between CNV and mRNA expression levels of RME genes. (F) Pan-cancer summary of

associations between RME expression and overall survival across 17 TCGA cancer types. Each square represents one gene-cancer pair; red and blue

denote higher expression associated with worse or better survival (p < 0.05), respectively. (G) Hallmark pathway analysis based on the RNA
Modi cation Index (RMI) derived from ssGSEA in TCGA-LIHC.
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RMEs that showed signi cant differential expression between HCC
and adjacent normal tissues in the TCGA-LIHC cohort. A total of
87 algorithmic combinations, including penalized regression (Lasso,
Ridge, Elastic Net), stepwise logistic regression, gradient boosting
(GBM, glmBoost), support-vector machines (SVM), linear
discriminant analysis (LDA), naive Bayes, and XGBoost were
trained on the TCGA-LIHC dataset and evaluated using internal
cross-validation and an external validation cohort (GSE25097).

Across all algorithms, the training cohort consistently
demonstrated high discriminative ability (AUC range: 0.86-0.99),
whereas substantial variability in model generalizability was
observed in the GSE25097 cohort (AUC range: 0.50-0.83)
(Figure 2A). Among the tested models, Stepglm[both] + XGBoost
showed the best average performance across the training and
external validation datasets (training AUC = 0.9799; GSE25097
cohort AUC = 0.8238) and demonstrating stable cross-cohort
robustness (Figures 2B, C; Supplementary Table 7).

Feature selection from the optimal classi er yielded a non-
redundant 12-gene RME panel for tumor—normal discrimination,
comprising NOP2, WDR4, PUS1, DKC1, TRMU, FTSJ1, ADAT2,
TRMT1, NAT10, METTL1, RPUSD1, and GTPBP3 (Figure 2D).

2.5 Single-cell analysis identi es T-cell-
enriched expression of RMEs in HCC

To further investigate the biological context and cellular
speci city of the 12 RNA modi cation enzymes identi ed
through our machine-learning pipeline, we analyzed a publicly
available single-cell RNA-sequencing dataset containing tumor
and adjacent normal liver tissues (20). Following quality control
to remove low-quality droplets and mitochondrial outliers, high-
quality cells were retained and normalized for downstream analysis
(Supplementary Figure 2) (21-24). Unsupervised clustering and
dimensionality reduction identi ed eleven transcriptionally distinct
cell populations (23, 25), including malignant hepatocytes, Kupffer
cells, classical monocytes, neutrophils, endothelial cells, gallbladder-
sinusoid-like endothelial cells, broblasts, a/b T cells, memory B
cells, plasma cells, and plasmacytoid dendritic cells (Figures 3A, C).
UMAP visualization demonstrated clear segregation of cells derived
from tumor versus normal tissues (Figure 3B). Cell identities were
annotated based on the expression of canonical lineage markers
(26-29) including ALB/AFP/APOA2 for hepatocytes, CD163/
FOLR2 for Kupffer cells, LYZ/FCN1 for monocytes, S100A8/
FCGR3B for neutrophils, PECAM1/LDB2 for endothelial cells,
FCN2/3 for gallbladder-sinusoid—like endothelial cells, COL1A2/
RGS5 for broblasts, CD3D/3E/8A for a/b T cells, CLEC4C/
LILRA4 for plasmacytoid dendritic cells, MS4A1/BANK1 for
memory B cells, and MZB1/IGHG1 for plasma cells (Figures 3D, E).

Further dissection of the expression landscape revealed that the
12 RME-related genes exhibited two distinct expression patterns
between tumor and adjacent normal tissues. (Figure 4A;
Supplementary Figure 3). Among the 12 RMEs, NOP2 and FTSJ1
showed relatively lower expression levels in tumor-in Itrating cells
compared with their counterparts in adjacent normal tissues at the
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single-cell level. In contrast, the remaining 10 RMEs, including
PUS1, DKC1, WDR4, TRMU, TRMT1, NAT10, METTLI,
RPUSD1, ADAT2, and GTPBP3, exhibited higher expression in
tumor-in Itrating cells (Figure 4B; Supplementary Table 8). These
single-cell patterns re ect cell-type-speci c expression shifts and do
not contradict the bulk-level differential expression used for the
initial feature-selection step. Quantitatively, DKC1 demonstrated
the strongest induction, showing both the highest fraction of
expressing T cells and the greatest increase in average expression
level within tumor T-cell clusters. NAT10, PUS1, TRMT1, TRMU,
and ADAT?2 also showed elevated expression, whereas the
remaining RMEs displayed moderate but consistent elevation.
Notably, these expression changes were predominantly con ned
to a/b T-cell clusters, with minimal alterations in macrophages, B
cells or endothelial cells, suggesting preferential expression of
selected RMEs within speci ¢ T-cell subsets in this dataset.

To further characterize intercellular communication patterns
associated with T-cell populations exhibiting higher RME
expression, we performed comprehensive cell-cell communication
analysis using CellChat (30). Notably, cell-cell communication
analysis revealed dense interaction networks among T cell
subpopulations, with both the number and strength of signaling
interactions being relatively high across these subsets (Figure 4D).
Given our focus on T cell biology in the preceding analyses, we
further examined the communication patterns of a/b T cells.
Heatmap analysis of pathway-level signaling activity
demonstrated that T cell subsets act as key mediators of
intercellular communication in the tumor microenvironment,
primarily signaling via MHC-1, CLEC, GALECTIN, CD86,
NECTIN, PVR, CD137, ALCAM and LCK pathways. (Figure 4C;
Supplementary Figure 5). We next focused on the MHC-I pathway,
which showed the most prominent signaling activity in T cells.
Remarkably, a/b T cells displayed signi cant roles across all four
communication dimensions within the MHC-1 signaling network,
functioning as sender, receiver, mediator, and in uencer (Figure 4E;
Supplementary Figure 6). Collectively, these analyses indicate
prominent MHC-I-mediated signaling involving a/b T cells
within the inferred communication network.

2.6 Subpopulation-resolved analysis
reveals preferential RME enrichment in
regulatory T cells

To gain deeper insights into the heterogeneous expression
patterns of RNA modi cation enzymes within the T cell
compartment, we performed re ned subclustering analysis on
tumor-in ltrating T lymphocytes. Unsupervised clustering
identi ed four distinct T cell subpopulations based on canonical
marker expression: CD8" cytotoxic T cells, IL7R* (CD127%)
memory/nave T cells, regulatory T cells (Tregs), and natural
killer (NK) cells (Figures 5A, B) (31). UMAP visualization
demonstrated clear spatial segregation among these
subpopulations, with CD8" T cells constituting the largest cluster,
followed by IL7R™ T cells, NK cells, and Tregs. We rst examined
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FIGURE 2

Performance evaluation of tumor-discriminative models and individual RMEs. (A) Heatmap summarizing the Area Under the Curve (AUC) values of
multiple machine-learning model combinations for distinguishing HCC from normal tissues, evaluated in the training cohort and an independent
validation cohort (GSE25097). (B) Receiver operating characteristic (ROC) curve of the diagnostic model in the external validation cohort (GSE25097).
The area under the curve (AUC) and the corresponding 95% con dence interval (Cl) are indicated. (C) ROC curve of the diagnostic model in the
TCGA cohort. The AUC and its 95% con dence interval (Cl) are shown. (D) ROC curves demonstrating the diagnostic performance of individual
RMEs. Each colored curve represents a speci ¢ RME, with their corresponding AUC values listed in the legend.

whether the overall expression landscape of the 12 prognostic RMEs
differed between tumor-in Itrating and normal tissue-resident T
cells. Intriguingly, dot plot analysis comparing tumor versus control
samples revealed largely comparable expression patterns across all

Frontiers in Immunology 06

12 RMEs at the bulk T cell population level. Both the percentage of
expressing cells and average expression intensity demonstrated
minimal differences between tumor and normal conditions for
most genes, including NOP2, WDR4, PUS1, DKC1, TRMU,
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