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Abstract: Accumulating studies have demonstrated critical roles of N6-methyladenosine (m6A) modification and 
long noncoding RNAs (lncRNAs) in the biological processes leading to occurrence, development and chemoresis-
tance of cancers. However, the specific identities and functional roles of lncRNAs associated with m6A modifica-
tion in hepatocellular carcinoma (HCC) remain elusive. In this study, eighty-two prognostic m6A-related lncRNAs 
(m6A-LncRNAs) were identified in HCC datasets. Patients with HCC were classified into three subtypes (C1, C2 and 
C3) based on the expression of the m6A-LncRNAs. The three subtypes showed significant differences in clinical 
features, immune and stromal infiltration signatures, and immunotherapy sensitivity. Subclass C1 was notable for 
high immune and stromal cell infiltration and active immune responses, low serum α-fetoprotein (AFP) levels and 
high sensitivity to immune checkpoint inhibitors (ICIs). Subclass C2 showed high metabolic activities and absence of 
immune infiltration with favorable prognosis. Subclass C3 was associated with an exhausted immune environment, 
high serum AFP and poor prognosis. Notably, subclass C3 displayed high expression of immune checkpoints but 
failed to respond to ICIs. Finally, 12 m6A-LncRNA signatures were identified for HCC classification and validated in 
an external dataset. This integrated analysis indicated that the interactions between m6A methylation and lncRNAs 
are involved in immune and stromal cell infiltration in HCC, and may provide novel insights into precision diagnostics 
as well as therapeutics for HCC patients.
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Introduction

Liver cancer represents one of the most preva-
lent malignant tumors in the world. It was esti-
mated that there were 905,677 new liver can-
cer cases and 830,180 liver cancer-related 
deaths globally in 2020. The World Health 
Organization (WHO) estimates that in 2030, 
more than 1 million patients will die from liver 
cancer [1, 2]. Hepatocellular carcinoma (HCC), 
accounting for 75-85% of liver cancer cases, 
was usually secondary to chronic infection with 
hepatitis B virus (HBV) or hepatitis C virus 
(HCV), alcoholic and nonalcoholic hepatitis, 
aflatoxin-contaminated foodstuffs and meta-
bolic disorders. Despite great advances in HCC 

treatment over the past few decades, the 5-year 
survival rate of HCC is approximately 18%, 
which makes liver cancer the second most 
lethal common tumor [3].

N6-methyladenosine (m6A) modification has 
been identified to play vital roles in many criti-
cal cellular processes such as cell proliferation, 
differentiation and apoptosis [4]. The m6A mod-
ification process is regulated by 3 main groups 
of molecular components: methyltransferases 
(“writers”), demethylases (“erasers”), and rec-
ognition factors (“readers”) [5]. Recently, sev-
eral of these elements responsible for regula-
tion of m6A modification in oncogenesis and 
progression in HCC have been identified [6]. 
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WTAP contributes to HCC progression via the 
HuR-ETS1-p21/p27 axis [7]. METTL14 sup-
presses the metastatic potential of HCC by 
regulating the EGFR/PI3K/AKT signaling path-
way [8]. However, additional roles of m6A modi-
fication in HCC remain uncovered.

Emerging evidence has suggested that dysreg-
ulated long non-coding RNAs (lncRNAs) partici-
pate in various cancerous phenotypes such as 
persistent proliferation and evasion of apopto-
sis [9, 10]. In the context of other tumors, m6A 
modification of lncRNAs have been shown to 
play key mechanistic roles [11]. For instance, 
YTHDF3 modification of lncRNA GAS5 alters its 
degradation rate and facilitates colorectal can-
cer (CRC) progression both in vitro and in vivo. 
METTL14 downregulates lncRNA XIST and sup-
presses the proliferation and metastasis of 
CRC. In the context of HCC, METTL3-related 
m6A modification of LINC00958 stabilizes the 
transcripts and upregulates its expression, 
which promotes the expression of hepatoma-
derived growth factors and facilitates HCC lipo-
genesis and progression [12]. Further clarifica-
tion of additional mechanisms underlying the 
m6A modification and HCC-related lncRNAs 
may thus help to elucidate new molecular 
mechanisms of HCC and identify therapeutic 
biomarkers and targets for intervention.

Here, we identified 82 m6A-related lncRNAs 
(m6A-LncRNAs) with prognostic significance in 
HCC and constructed an m6A-lncRNA regulato-
ry network. Based on the expression of the 
prognostic m6A-LncRNAs, we discovered three 
molecular HCC subtypes with distinct clinical 
features, immune and stromal infiltration signa-
tures and immunotherapy sensitivity.

Materials and methods

Data acquisition and preprocessing

The fragments per kilobase of transcript per 
million mapped reads (FPKM) normalized ex- 
pression files, annotated somatic mutation 
files and clinical information of HCC patients 
were obtained from the TCGA Data Portal 
(https://portal.gdc.cancer.gov/). Another 161 
gene expression files of HCC patients from  
the ICGC database (https://dcc.icgc.org/) were 
also included in this study. All gene expression 
data in the TCGA and ICGC datasets were anno-
tated based on the GENCODE project (http://

www.gencodegenes.org). A total of 19,505 
mRNAs and 15,253 lncRNAs were identified in 
the TCGA dataset, and 19,913 mRNAs and 
13,081 lncRNAs were identified in the ICGC 
dataset. For the duplicated samples and genes 
with multiple transcripts, the average value 
was taken as the expression level.

Identification of m6A-LncRNAs 

Based on previous studies, the expression 
matrix of m6A regulatory genes was extracted 
from the TCGA and ICGC datasets, including 
the readers (YTHDF1, YTHDF2, YTHDF3, YTH- 
DC1, YTHDC2, IGF2BP1, IGF2BP2, IGF2BP3, 
FMR1, LRPPRC, HNRNPC, HNRNPA2B1 and 
RBMX), writers (WTAP, VIRMA, ZC3H13, RB- 
M15, RBM15B, METTL3, METTL14 and MET- 
TL16) and erasers (FTO and ALKBH5) [13, 14]. 
Pearson correlation analysis was first imple-
mented between m6A genes and all lncRNA 
expression data in the two datasets. The inter-
secting lncRNAs in the two datasets with  
absolute correlation > 0.3 and p value < 0.001 
were identified as possible m6A-LncRNAs. Cox 
regression analysis was implemented to filter 
the prognostic m6A-LncRNAs (p value < 0.05). 
The correlation network was constructed using 
Cytoscape (version 3.7.2) software.

Identification and characterization of HCC sub-
classes

The non-negative matrix factorization (NMF) 
algorithm, which decomposes the original 
matrix with non-negative elements into two 
non-negative matrices, is an effective dimen-
sion reduction method for high dimension data, 
and has been frequently applied for clustering 
gene expression profiles [15, 16]. NMF was  
performed using the R package “NMF” (version 
0.23.0). The standard NMF algorithm with ‘bru-
net’ criterion was selected for the method, and 
50 iterations were carried out. To estimate the 
optimal factorization rank, the rank k was set 
as parameter tested from 2 to 10, and the opti-
mal rank was chosen when the cophenetic cor-
relation coefficient started to decline. k=3 was 
selected as the optimal k value, indicating that 
the HCC samples can be well clustered into 3 
clusters. To identify the hub m6A-LncRNAs, we 
extracted the top N m6A-LncRNA contributing 
features of each cluster based on feature 
scores implemented by the NMF algorithm and 
evaluated with principal component analysis 
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(PCA). The minimum numbers of lncRNAs nec-
essary for differentiating between identified 
three HCC subclasses were considered to be 
hub m6A-LncRNAs. Subsequently, the three 
clusters can be clearly distinguished with the 
top 5 contributing lncRNAs. We then validated 
the 5 selected lncRNAs in an external dataset. 
The R package “survival” (version 3.1-7) was 
used to compare the overall survival (OS) and 
disease-free survival (DFS) between the differ-
ent clusters through Kaplan-Meier analysis. 
The R package “maftools” (version 2.2.10) was 
used to visualize the gene mutation and copy 
number alteration for each subtype.

Tumor microenvironment analysis

As previously described, to score the relative 
abundance of immune and stromal cells in 
tumors, the whole-tumor gene expression data 
was examined with the xCell algorithm web 
server (https://xcell.ucsf.edu/) [17]. The Quan- 
tiSeq algorithm was used to quantify the abso-
lute fraction of immune cells [18]. The cytotoxic 
activity of immune cells was calculated through 
the average expression of five granzymes 
(GZMA, GZMB, GZMH, GZMK, and GZMM) and 
the key cytolytic protein perforin-1 (PRF1). 
Tumor inflammation scores were computed 
based on the 18-gene signature as previously 
described [19].

Functional analysis

To investigate the variation in biological pro-
cesses between the different HCC clusters, 
gene set variation analysis (GSVA) was utilized 
against the hallmark gene set with the R pack-
age “GSVA” (version 1.34.0) [20]. The differen-
tially expressed genes (DEGs) between the 
three clusters (C1 vs. C2, C2 vs. C3, C1 vs. C3) 
were calculated with “DEseq2” with the filter 
|log2 (fold change)| > 2 and adjust p value < 
0.05. These DEGs were then used for enrich-
ment analysis with Metascape, which provides 
mainstream ontology terms, including gene 
ontology (GO) processes, KEGG pathways, 
canonical pathways, Reactome gene sets and 
CORUM complexes [21, 22].

Prediction of the response to immune check-
point inhibitors (ICIs) and targeted drugs

The Tumor Immune Dysfunction and Exclusion 
(TIDE) and Immunophenoscore (IPS) algorithms 

were utilized to predict the response to ICIs  
[23, 24]. TIDE assesses immune evasion mech-
anisms, including the induction of T cell dys-
function and the prevention of T cell infiltra- 
tion. IPS identified determinants of tumor 
immunogenicity and described the cancer anti-
genomes and immune landscapes and is a 
superior predictor of the response to CTLA4 
and PD-1 blockades. The similarity of gene 
expression profiles between our HCC subclass-
es and melanoma patients treated with ICIs 
was calculated to indirectly predict the immu-
notherapy efficacy based on SubMap analysis 
(Gene Pattern) [25]. The R package “pRRophet-
ic” (version 0.5) was used to predict the clinical 
chemotherapeutic responses [26].

Statistical analysis

All statistical data were analyzed in the R envi-
ronment (R version: 3.6.3). Unpaired Student’s 
t-test was used to estimate the statistical sig-
nificance of normally distributed variables, 
while the Wilcoxon rank-sum test was used to 
analyze the statistical significance of non-nor-
mally distributed variables. Kaplan-Meier anal-
yses and log-rank tests were performed to 
assess the survival difference between clus-
ters. Multivariate Cox regression analyses were 
calculated to identify factors with independent 
prognostic value. A P-value less than 0.05 was 
regarded as statistically significant.

Results

Identification of m6A-LncRNAs in patients with 
HCC

The expression matrix of 23 m6A RNA methyla-
tion regulatory genes and total lncRNAs were 
extracted from the TCGA and ICGC datasets. 
Through Pearson correlation analysis of the 
m6A regulatory genes and lncRNAs, we identi-
fied 3,567 m6A-LncRNAs in the TCGA datasets 
and 4,243 m6A-LncRNAs in the ICGC dataset 
(|Cor| > 0.3 and P < 0.001). Ultimately, the  
850 lncRNAs with expression files closely cor-
related to m6A methylation and conserved in 
both datasets were defined as m6A-LncRNAs. 
Compared with normal tissues, most of these 
m6A-LncRNAs showed enriched expression in 
tumor tissues (Figure 1A). The locations of 
m6A-LncRNAs on chromosomes are shown in 
Figure S1. To obtain prognostic m6A-LncRNAs, 
univariate Cox regression analysis was imple-
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mented on 850 m6A-LncRNAs combined with 
prognostic information. Eighty-two prognostic 
m6A-LncRNAs were identified to be significant-
ly correlated with the OS of HCC patients (FDR 
< 0.05), including 6 protective lncRNAs and 76 
risk lncRNAs (Figure 1B and Table S1). The cor-
relation network between m6A genes and prog-
nostic m6A-LncRNAs is shown in Figure 1C and 
Table S2.

M6A-LncRNAs characterized HCC patients into 
three subtypes with distinct clinical outcomes

To further explore the roles of m6A-LncRNAs in 
HCC, 82 prognostic m6A-LncRNAs were includ-
ed for NMF consensus clustering analysis. 
Based on the cophenetic correlation coeffi-
cients, k=3 was selected as the optimal k value; 
thus, the HCC patients were grouped into 3 
clusters (Figure 2A), including 84 cases in clus-
ter 1 (C1), 170 cases in cluster 2 (C2) and 117 
cases in cluster 3 (C3). The prognostic m6A-

LncRNAs had significantly different expression 
panels in the three clusters, and most of the 
lncRNAs had the highest expression in cluster 
3 (Figure 2B). Interestingly, C2 exhibited the 
best rates of overall survival (OS) and disease-
free survival (DFS), whereas C3 displayed the 
worst prognosis (P < 0.001, Figure 2C and 2D). 
Serum alpha fetoprotein (AFP) is a commonly 
used clinical marker for HCC surveillance. In 
comparison with the other two clusters, C3 had 
the highest serum AFP levels (C1 vs. C2, no sig-
nificance; C2 vs. C3, P < 0.0001; C1 vs. C3, P < 
0.0001; Figure 2E). Moreover, patients in C3 
typically presented an advanced clinical stage 
and pathological stage (P < 0.0001, Figure 2F 
and 2G). To evaluate whether the clusters char-
acterized by the m6A-LncRNAs had indepen-
dent prognostic value, we performed multivari-
ate Cox regression analysis with multiple clini-
cal and pathological factors. After adjusting for 
age, sex, grade and stage, this classification 
remained statistically significant (C1 vs. C2, HR, 

Figure 1. Identification of m6a-related lncRNAs (m6A-LncRNAs). A. Heatmap of m6A-LncRNAs in hepatocellular 
carcinoma (HCC) and normal tissue. B. Circle plot of the 82 prognostic m6A-LncRNAs. Green, protective factors; red, 
risk factors. C. Regulatory network of the m6A (N6-methyladenosine) genes and m6A-LncRNAs.
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2.00 [95% CI, 1.19 to 3.36]; C3 vs. C2, HR, 
2.94 [95% CI, 1.79 to 4.84]; Figure 2H).

The three clusters differ in somatic mutations 
and biological functions

In C3, 55% of the patients had TP53 mutations; 
however, only 17% and 23% of the patients had 
TP53 mutations in C2 and C1, respectively. In 
C1 and C2, CTNNB1 ranked as the most fre-
quently mutated gene, accounting for 29% of 
mutations, while only 17% of CTNNB1 mutated 

in C3 tumors (Figure 3A). Several recent stud-
ies have demonstrated that tumor mutation 
burden (TMB) and neoantigen load correlate 
with immune infiltration and response to immu-
notherapy [27, 28]. However, no significant dif-
ference was identified for either TMB or the 
number of putative neoantigens in comparison 
between the three subtypes (Figure 3B). In 
terms of somatic copy number variation (CNV), 
patients in C3 showed a higher total CNV num-
ber than those in C2 and C1 (C2 vs. C1, no sig-
nificance; C2 vs. C3, P < 0.0001; C1 vs. C3, P < 

Figure 2. Identification of HCC subclasses with the non-negative matrix factorization (NMF) consensus clustering 
algorithm. A. NMF clustering based on 82 prognostic m6A-LncRNAs. The cophenetic correlation coefficient is shown 
for k=2-10. B. Heatmap of the 82 prognostic m6A-LncRNAs in normal tissue and the three HCC subclasses. C. 
Kaplan-Meier analysis of overall survival (OS). D. Disease-free survival (DFS) of the three subclasses. The statisti-
cal significance of differences was determined by the log-rank test. E. Comparison of the serum alpha fetoprotein 
(AFP) level of the three subclasses. F, G. Comparison of the fractions of T stage and grade of the three subclasses. 
H. Multivariate Cox regression analysis with multiple clinical and pathological factors. Statistical significance of dif-
ferences was determined by Wilcoxon rank-sum test. *, P < 0.05; **, P < 0.01; ***, P < 0.001; ****, P < 0.0001; 
ns, no significance.
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0.0001). C1 and C3 showed higher copy num-
ber amplification (C2 vs. C1, P < 0.0001; C2 vs. 
C3, no significance; C1 vs. C3, P < 0.0001), and 
C3 also showed higher copy number deletion 
(C2 vs. C1, no significance; C2 vs. C3, P < 
0.0001; C1 vs. C3, P < 0.0001; Figure 3C).

To investigate the crucial biological processes 
involved in m6A-LncRNA modification patterns 

between the clusters, GSVA enrichment analy-
sis was performed against the hallmark gene 
set. GSVA analysis indicated that C2 was main-
ly enriched in metabolic-related pathways, such 
as bile/fatty acid metabolism, heme metabo-
lism and adipogenesis. C3 was highly enriched 
in DNA repair, cell proliferation and immuno-
suppression related pathways, such as G2M 
checkpoints, E2F targets, MYC targets and 

Figure 3. Somatic mutation and biological function analysis of three HCC subclasses. A. Waterfall plot of high-
frequency mutated genes in the three subclasses. B. Comparison of tumor mutation burden (TMB) and neoantigens 
in the three subclasses. C. Total copy number variation (CNV), amplification and deletion of the three subclasses. 
D. Heatmap of geneset variation analysis (GSVA) of the hallmark gene set. Statistical significance of differences 
was determined by Wilcoxon rank-sum test. *, P < 0.05; **, P < 0.01; ***, P < 0.001; ****, P < 0.0001; ns, no 
significance.
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TGFβ signaling pathways. The C1 subtype was 
significantly enriched in inflammatory and acti-
vated immune processes and mitochondrial 
stress, including IFN alpha/gamma response, 
IL2-Stat5 and IL6-Jak-Stat5 signaling and reac-
tive oxygen species pathway and oxidative 
phosphorylation (Figure 3D and Table S3). We 
then analyzed the differentially expressed 
genes (DEGs) [|log2 (fold change)| > 2 and p.
adj < 0.05] between the three clusters. A total 
of 204 DEGs between C1 and C2, 647 DEGs 
between C1 and C3 and 1,040 DEGs between 
C2 and C3 were identified. These DEGs were 
then used for enrichment analysis with Me- 
tascape, which provides mainstream ontology 
terms, including KEGG pathways, gene ontolo-
gy (GO) processes, canonical pathways, reac-
tome gene sets, CORUM complexes, etc. The 
DEGs between C1 and C2 were mainly enrich- 
ed in neuroactive ligand-receptor interactions 
and organic hydroxy compound transport. The 
DEGs between C2 and C3 were mainly enriched 
in NABA matrisome association, regulation of 
hormone levels and metapathway biotransfor-
mation phase I and II. The DEGs between C1 
and C3 were mainly enriched in matrisome 
association and embryonic morphogenesis 
(Figure S2).

The three clusters showed distinct immune 
and stromal infiltration signatures

Considering significant differences have been 
identified in proliferation, immunity and metab-
olism related pathways among the 3 clusters, 
we then examined the distribution of stromal 
and immune content of each cluster through 
the xCell algorithm, which characterized 64 
immune and stromal cells spanning multiple 
adaptive and innate immune cells, epithelial 
cells, extracellular matrix cells, and hematopoi-
etic progenitors derived from thousands of 
expression profiles [17]. As a result, C2 showed 
a signature of low immune cell prevalence and 
high stromal cell infiltration, while C3 showed 
high immune cell and low stromal cell content, 
and C1 showed both high immune cell and  
stromal cell infiltration (Figure 4A). C1 and C3 
had higher overall immune scores (C2 vs. C1, P 
< 0.0001; C2 vs. C3, P < 0.0001; C1 vs. C3, no 
significance), and C1 and C2 showed higher 
stromal scores (C2 vs. C1, no significance; C2 
vs. C3, P < 0.0001; C1 vs. C3, P < 0.0001; 
Figure 4B and 4C). Cytolytic responses provide 

an active defense against tumors. The average 
expression of granzymes (GZMA, GZMB, GZMH, 
GZMK, and GZMM) and PRF1 was quantified to 
examine the cytolytic (CYT) activity in the three 
clusters. Consistent with the immune scores, 
the CYT scores of C1 and C3 were significantly 
higher than that of C2 (C2 vs. C1, P < 0.0001; 
C2 vs. C3, P < 0.01; C1 vs. C3, no significance; 
Figure 4D). We further calculated the tumor 
inflammation score (TIS) and found that C1 and 
C3 presented higher inflammatory scores than 
C2 (C2 vs. C1, P < 0.0001; C2 vs. C3, P < 0.01; 
C1 vs. C3, no significance; Figure 4E). 

To further validate the immune infiltration pat-
tern, we computed the immune content by the 
quantiSeq algorithm, which provides an ‘abso-
lute score’ of the cell fraction and has good 
accuracy for the estimation of immune cell infil-
tration in bulk RNA-seq data [29]. C3 had high-
er B cell (C2 vs. C1, P < 0.05; C2 vs. C3, P < 
0.0001; C1 vs. C3, P < 0.0001), M1 macro-
phage (C2 vs. C1, P < 0.05; C2 vs. C3, P < 
0.001; C1 vs. C3, no significance), M2 macro-
phage (C2 vs. C1, no significance; C2 vs. C3, P 
< 0.001; C1 vs. C3, P < 0.0001), CD8+ T cell (C2 
vs. C1, P < 0.01; C2 vs. C3, P < 0.01; C1 vs. C3, 
P < 0.0001) and regulatory T cell (C2 vs. C1, no 
significance; C2 vs. C3, P < 0.0001; C1 vs. C3, 
P < 0.0001) infiltrate fractions , while C2 had 
higher NK cell recruitment (C2 vs. C1, P < 0.05; 
C2 vs. C3, P < 0.001; C1 vs. C3, no significance; 
Figure 4F). To ensure the robustness of these 
analyses, we further repeated these calcula-
tions using the TIMER and MCPcounter algo-
rithms, leading to qualitatively similar results 
(Figure S3). We then detected the expression of 
cell exhaustion related genes in the 3 clusters, 
and found that C3 subtype had significant high-
er expression of cell exhaustion markers, such 
as PD-L1, CTLA4, TIGIT, LAG3, PD1 and HAV- 
CR2 (Figure 4G).

Identification and validation 12 m6A-LncRNA 
signatures for the three clusters

To better assess the roles of the m6A-LncRNAs 
in HCC, we extracted the top 5 contributing fea-
tures of each cluster based on feature scores 
implemented by the NMF method, and we 
obtained 12 m6A-LncRNA signatures for the 
three clusters (Table 1). These features had 
significantly different expression patterns in 
different groups (Figure 5A). Subsequently, 

http://www.ajtr.org/files/ajtr0144013suppltab3.xlsx
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based on the 12 signatures, the three clusters 
can be clearly distinguished with principal com-

ponent analysis (PCA) (Figure 5B). Five of the 
lncRNAs showed protective potential, and the 
remaining 7 lncRNAs were risk factors (Figure 
5C).

To validate the 12 signatures in external data, 
expression spectra of the 12 lncRNAs were 
extracted in the ICGC dataset. Unsupervised 
clustering was conducted based on the NMF 
algorithm. Consistent with the TCGA dataset, 
the ICGC validation dataset was clustered into 
three groups (Figure 6A and 6B): 74 HCC 
patients in Cluster 1, 46 HCC patients in Cluster 

Figure 4. Tumor microenvironment (TME) characteristics of the three HCC subclasses. A. Heatmap of the cell in-
filtration score calculated with the xCell algorithm. Red indicates higher score, and blue indicates lower score. 
B-E. Comparison of immune score, stroma score, tumor inflammation score (TIS) and cytolytic (CYT) score of the 
three subclasses. F. Absolute fraction of immune cell population in each subclass determined using quantiseq. G. 
Comparison of the expression of checkpoint genes in the three subclasses. Statistical significance of differences 
was determined by Wilcoxon rank-sum test. *, P < 0.05; **, P < 0.01; ***, P < 0.001; ****, P < 0.0001; ns, no 
significance.

Table 1. Top5 contributive signatures for the 
3 clusters

C1 C2 C3
RP11-116D2.1 RP11-116D2.1 SNHG12

LINC00152 RP11-622A1.2 MIR210HG
MIR4435-1HG F11-AS1 LINC00205

SNHG1 RP11-290F5.1 SNHG1
RP11-644F5.11 CTD-2284J15.1 RP11-644F5.11
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2 and 41 HCC patients in Cluster 3. The expres-
sion pattern of the 12 lncRNAs was similar to 
that of the TCGA dataset (Figure 6C). We then 
analyzed immune infiltration in the three sub-
types and found high immune infiltration and a 
low stromal infiltration signature in Cluster 3, 
which was consistent with the TCGA dataset 
(Figure 6D and 6E). Furthermore, the absolute 
immune cell fraction score was calculated with 
the quantiSeq algorithm, and we found that 
Cluster3 had higher B cell (Cluster1 vs. 

Cluster2, p < 0.05; Cluster1 vs. Cluster3, no 
significance; Cluster2 vs. Cluster3, P < 0.001), 
M1 macrophage (Cluster1 vs. Cluster2, no sig-
nificance; Cluster1 vs. Cluster3, P < 0.0001; 
Cluster2 vs. Cluster3, P < 0.001), M2 macro-
phage (Cluster1 vs. Cluster2, no significance; 
Cluster1 vs. Cluster3, p < 0.0001; Cluster2 vs. 
Cluster3, P < 0.001), CD8 T cell M1 macro-
phage (Cluster1 vs. Cluster2, no significance; 
Cluster1 vs. Cluster3, P < 0.0001; Cluster2 vs. 
Cluster3, P < 0.001), and regulatory T cell 

Figure 5. Identification of the contributive signatures for the three clusters. A. Heatmap of the expression of the 
12 contributive lncRNAs for the three clusters. B. Internal validation of the classification based on the 12 lncRNAs 
using principal component analysis (PCA). C. Kaplan-Meier analysis of the 12 lncRNAs in the three subclasses. The 
statistical significance of differences was determined by the log-rank test.
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(Cluster1 vs. Cluster2, no significance; Cluster1 
vs. Cluster3, P < 0.0001; Cluster2 vs. Cluster3, 
p < 0.01) infiltration and lower NK cell (Cluster1 
vs. Cluster2, no significance; Cluster1 vs. 
Cluster3, P < 0.01; Cluster2 vs. Cluster3, P < 
0.001) infiltration than the other two clusters 
(Figure 6F). Then, we analyzed the exhaustion 
markers in the 3 clusters and found that these 
exhaustion marker genes had higher expres-
sion in Cluster3 (Figure 6G). Since HCC patients 
can be well distinguished based on the 12 
m6A-LncRNAs in two large, independent 
cohorts, these results indicate that the 12 
m6A-LncRNAs may play central roles in the reg-
ulation of the tumor microenvironment.

Relationships between m6A-LncRNAs and im-
mune characteristics in HCC

The 12 m6A-LncRNA signatures showed fre-
quent significant correlations with the m6A 
writers and readers, but not the erasers (Fi- 
gure 7A). However, the specific roles of the 12 
m6A-LncRNAs in the regulation of the immune 
response remain elusive. To further determine 
how m6A-LncRNAs influence the immune envi-
ronment in HCC, we investigated correlations 
between m6A-LncRNAs and immune cells and 
immune regulatory genes as previously report-
ed [30]. The m6A-LncRNAs were significantly 
correlated with the infiltration of immune cells 
and the immune regulatory genes (Figure 7B 
and 7C). For instance, SNHG12 showed posi-
tive associations with infiltration of B cells, 
macrophages, CD8+ T cells and Tregs, as well 
as the expression of RELT, CTLA4 and PD1 (P < 
0.01). 

The three clusters show distinct sensitivity to 
immune checkpoint blockades

Numerous studies have identified that tumor 
microenvironment factors influence the res- 
ponse to immunotherapy [31]. The differences 
in immune cell infiltration and immune check-
point gene expression patterns among the 
three HCC subtypes indicated that the response 

to immunotherapy needs to be further investi-
gated. The Tumor Immune Dysfunction and 
Exclusion (TIDE) score was used to assess im- 
mune evasion and exhaustion and reflect the 
efficacy of immunotherapy. A higher TIDE score 
reflects higher immune cell evasion and sug-
gests less sensitivity to immune checkpoint 
inhibitors (ICIs). Compared with the other two 
clusters, the C3 (Cluster3) had higher TIDE 
scores in TCGA (C2 vs. C1, P < 0.01; C2 vs. C3, 
P < 0.0001; C1 vs. C3, P < 0.0001) and ICGC 
datasets (Cluster1 vs. Cluster2, no significance; 
Cluster1 vs. Cluster3, P < 0.001; Cluster2 vs. 
Cluster3, P < 0.001), indicating that patients  
in C3 were less likely to benefit from ICIs thera-
py (Figure 8A). A previous study demonstrat- 
ed that the immunophenoscore (IPS) was a 
superior predictor of response to CTLA4 and 
PDL1 blockades [29]. As a result, C1 showed 
better responses to single CTLA4 blockades 
(C2 vs. C1, P < 0.01; C2 vs. C3, no significance; 
C1 vs. C3, P < 0.001) or PDL1 blockades (C2 
vs. C1, P < 0.01; C2 vs. C3, no significance; C1 
vs. C3, P < 0.001) and the combination of 
CTLA4 and PDL1 blockades (C2 vs. C1, P < 
0.001; C2 vs. C3, no significance; C1 vs. C3, P 
< 0.01; Figure 8B). Furthermore, the expres-
sion profiles of the three subclasses and the 
published dataset, including the expression 
profiles of 47 melanoma patients who received 
PD-1 inhibitors or CTLA-4 inhibitors, were com-
pared using a subclass mapping algorithm [32]. 
The expression profile of the C1 subtype was 
similar to that of the PD-1 response group 
(P=0.006, corrected P=0.08), indicating that 
patients in the C1 subgroup were more sensi-
tive to ICIs therapy (Figure 8C). C3 exhibited 
significantly higher sensitivity to sorafenib (C2 
vs. C1, P < 0.0001; C2 vs. C3, P < 0.001; C1 vs. 
C3, P < 0.0001) and AKT inhibitor (C2 vs. C1, p 
< 0.0001; C2 vs. C3, P < 0.0001; C1 vs. C3, P 
< 0.0001, Figure 8D).

Discussion

As the most abundant and critical form of inter-
nal RNA modification in eukaryotes, m6A modi-

Figure 6. Validation of the classification based on 12 lncRNAs in ICGC dataset. A. NMF clustering based on 12 
m6A-LncRNAs in ICGC dataset. B. PCA analysis supported the stratification into three subclasses. C. Heatmap of 
the expression of the 12 lncRNAs in the three clusters. D. Heatmap of cell infiltration score calculated with the xCell 
algorithm. Red indicates higher score, blue indicates lower score. E, F. Comparison of immune score, stroma score 
and immune cell fraction between the three subclasses. G. Comparison of the expression of checkpoint genes in 
the three subclasses. Statistical significance of differences was determined by Wilcoxon rank-sum test. *, P < 0.05; 
**, P < 0.01; ***, P < 0.001; ****, P < 0.0001; ns, no significance.
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fication plays vital roles in multiple cellular pro-
cesses. The interactions between m6A modifi-
cation and lncRNAs influence various biological 
processes in tumor, including its occurrence, 
metastasis and chemoresistance [11]. In this 
integrated analysis, we identified 82 prognostic 
m6A-LncRNAs from the TCGA and ICGC datas-
ets. Based on the expression profiles of these 
lncRNAs, HCC patients were classified into 
three subtypes with distinct clinical features, 
immune and stromal infiltration signatures, 
and predicted immunotherapy sensitivity.

Over the past few decades, a series of studies 
have proposed distinct criteria for a molecular-
level classification of HCC subtypes. In 2007, 
Boyault et al. identified 6 HCC subclasses (G1-
G6) typified by notable differences in chromo-

some instability, gene mutations, immune 
responses and metabolic pathways [33]. Later 
in 2008, through unsupervised cluster analysis 
of gene expression files from 91 HCC patients, 
Chiang et al. reported a classification scheme 
of the “CTNNB1”, “proliferation”, “IFN-related”, 
“Polysomy of chromosome 7” and “unannotat-
ed” HCC subclasses [34]. In 2009, Hoshida et 
al. observed 3 major molecular subtypes in 
HCC patients from Western and Eastern coun-
tries (S1-S3), which were distinguished by dif-
ferences in activation of WNT and TGFB signal-
ing pathways, proliferation and hepatocyte dif-
ferentiation signatures [35]. In 2017, Sia et al. 
identified two major HCC subtypes that dis-
played the “immune” or “non-immune” charac-
teristics. The “immune” group was further divid-
ed into the “active immune” and “exhausted 

Figure 7. Relationship between m6A-related signatures and the immune characteristics. (A) Correlations between 
the 12 lncRNA signatures and m6A genes, (B) immune cells, and (C) immune checkpoints.
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immune” subclasses [36]. However, an over-
arching agreement in molecular taxonomy of 
HCC has not been achieved. 

Through literature review, we found C1 matched 
with the “G5”, “IFN-related” and “active 
immune” subclasses for enriching in active 
immune responses. C2 showed similarities 

This also suggests that many of the earlier 
molecular classification schemes may have in 
fact arrived at similar conclusions in terms of 
stratification, just under different naming 
mechanisms.

Recent studies have revealed the association 
between m6A modification and immune cell 

Figure 8. Immunotherapeutic sensitivity of the three subclasses. A, B. Comparison of tumor immune dysfunction 
and exclusion (TIDE) and Immunophenoscore (IPS) in the three HCC subclasses. C. Similarities between the three 
HCC subclasses and the dataset that received PD1 and CTLA4 inhibitors. D. Prediction of responses to Sorafenib 
and AKT inhibitor. Statistical significance of differences was determined by Wilcoxon rank-sum test. *, p < 0.05; **, 
P < 0.01; ***, P < 0.001; ****, P < 0.0001; ns, no significance.

Figure 9. Overview of the characteristics of three HCC subclasses.

with “G6”, “CTNNB1”, “S3” 
and “non-immune” classes, 
which were characterized by 
good differentiation and favor- 
able prognosis. C3 displayed 
high mutation frequency in 
TP53 and enriched in prolifer-
ation and suppressed immu-
nity related pathways, match-
ing the “G1-G3”, “Prolifera- 
tion”, “S1, S2” and “exhausted 
immune” subclasses (Figure 
9). The classification of HCC 
based on m6A-LncRNAs is 
comparable to the previous 
studies, indicating the critical 
functions of m6A-LncRNAs in 
HCC, especially in the regula-
tion of immune environments. 
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infiltration in the tumor microenvironment [37-
39]. However, few studies have identified the 
possible interactions between m6A modifica-
tion and lncRNAs in the regulation of the 
immune responses. We analyzed the correla-
tion between m6A-LncRNAs and tumor-infiltrat-
ing cells and immune regulatory genes. Qian et 
al. demonstrated that lncRNA SNHG12 facili-
tates ovarian cancer escape by promoting IL-6/
miR-21 crosstalk between ovarian cancer cells 
and M2 macrophages [40]. In our study, lncRNA 
SNHG12 showed significant positive correla-
tion with the presence of M2 macrophages, 
indicating that m6A modification may take part 
in the regulation of SNGH12 and M2 macro- 
phages, especially through the m6A regulatory 
genes METTL3, RBMX and WTAP, which showed 
significant correlations with SNHG12. Ou et al. 
found that in gastric cancer, LINC00152 is  
negatively correlated with CD8+ T cells [41]. 
However, LINC00152 showed a significant pos-
itive correlation with CD8+ T cells in HCC 
through our analysis, and the underlying mech-
anisms need to be uncovered. More generally, 
lncRNAs have been shown to be involved in 
tumor immune exhaustion [42]. LncRNA Tim3 
exacerbates CD8+ T cell exhaustion by binding 
to the immune checkpoint protein TIM3 [43]. 
The lncRNA KCNQ1OT1 regulates the expres-
sion of CD155 and mediates CD8+ T cell 
exhaustion [44]. In this study, m6A-LncRNAs 
showed obvious correlations with T cell exhaus-
tion markers. However, further experimental 
studies are warranted to delineate the corre-
sponding mechanisms associated with m6A 
modification, lncRNAs and immune exhaus- 
tion.

Patients in C3 showed the highest expression 
of immune checkpoints but failed to respond to 
ICIs through our analysis. This suggested that 
in HCC, the expression of immune checkpoints 
on tumor cells may not be sufficient to predict 
the response to ICIs, and alternative predictive 
markers remain to be identified. This inference 
is consistent with a phase II study in which 
PD-L1 expression failed to be predictive of the 
response to nivolumab treatment for HCC 
patients [45]. Several biomarkers have been 
proposed in other cancer types, such as high 
levels of effector cell infiltration, increased 
secretion of interferon gamma, and high somat-
ic TMB and neoantigen load [31]. In this study, 
neither the somatic TMB nor the neoantigen 
load was associated with the classification, 

suggesting that other mechanisms may influ-
ence the antitumor immune response in the 3 
subclasses. C1 was highly enriched in IFNγ sig-
naling pathways, reinforcing the opinion that 
the pre-existing IFN-related immune environ-
ment is required for the responses to PD-1 
inhibitors [46]. Satisfactory responses to ICIs 
depend on the complicated interactions 
between stromal cells, immune cells and other 
immunomodulators. To promote the efficacy of 
immunotherapies, it is critical to uncover the 
interactions between the immune response 
and the tumor microenvironment. In this regard, 
the exhausted and suppressive immune sub-
type, namely C3 subtype in this study, may  
benefit from the combination of TGF-β inhibi-
tors and ICIs. Currently, the combination of the 
TGF-β inhibitor galunisertib with nivolumab in 
treating advanced HCC is ongoing in a phase 2 
clinical trial (NCT02423343) and the result is 
greatly anticipated. However, further clinical 
investigation in patients treated with ICIs and 
TGF-β inhibitors is needed to validate the pre-
dictive accuracy of our classifier.

In summary, we identified 82 prognostic m6A-
LncRNAs in HCC, comprehensively evaluated 
the 3 distinct HCC subtypes classified by these 
lncRNAs, and systematically correlated these 
lncRNAs with tumor immune environment char-
acteristics. This integrated analysis indicates 
that the interactions between m6A methylation 
and lncRNAs are involved in immune and stro-
mal cell infiltration in HCC, and may provide 
novel insights into precision diagnostics as well 
as therapeutics for HCC patients.

Conclusion

In the current study, we identified 82 m6A-
LncRNAs with prognostic significance in HCC 
and constructed an m6A-lncRNA regulatory 
network. Based on the expression of the prog-
nostic m6A-LncRNAs, we discovered three 
molecular HCC subtypes with distinct clinical 
features, immune and stromal infiltration signa-
tures and immunotherapy sensitivity. However, 
further experimental and clinical validations 
are warranted to delineate the corresponding 
mechanisms associated with m6A modifica-
tion, lncRNAs and immunotherapy.
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Figure S1. The locations of m6A-related lncRNAs (m6A-LncRNAs) on chromosomes.

Table S1.The prognistic m6a-related lncRNAs
LncRNAs HR z p value 95%CI.lower 95%CI.upper fdr type
RP11-286H15.1 0.6682 -3.2443 0.0012 0.5238 0.8525 0.0233 protective
RP11-290F5.1 0.7258 -3.0804 0.0021 0.5919 0.89 0.0314 protective
F11-AS1 0.7355 -3.3442 0.0008 0.6143 0.8806 0.0181 protective
RP11-622A1.2 0.7378 -3.1545 0.0016 0.6108 0.8912 0.0268 protective
RP11-116D2.1 0.7452 -3.7369 0.0002 0.6387 0.8695 0.0093 protective
CTD-2284J15.1 0.7586 -2.9332 0.0034 0.6308 0.9124 0.0419 protective
RP11-395G23.3 1.2121 3.1694 0.0015 1.0762 1.3652 0.0265 risk
RP5-1024N4.4 1.2376 2.8362 0.0046 1.0681 1.434 0.0473 risk
RP11-452H21.4 1.2435 2.8709 0.0041 1.0716 1.4429 0.0446 risk
CTD-2201E18.5 1.2482 3.3306 0.0009 1.0955 1.4221 0.0181 risk
RP4-798A10.2 1.252 2.958 0.0031 1.0788 1.453 0.0403 risk
RP11-332H14.2 1.2538 2.9723 0.003 1.0801 1.4555 0.0394 risk
RP11-757F18.5 1.259 3.4324 0.0006 1.1039 1.436 0.0154 risk
RP11-15E18.1 1.2596 2.895 0.0038 1.0774 1.4727 0.0436 risk
RP11-461M2.2 1.2604 4.1657 0 1.1304 1.4055 0.0025 risk
RP11-398K22.12 1.2628 2.9464 0.0032 1.0812 1.4748 0.0408 risk
AC002116.7 1.2654 2.9844 0.0028 1.0842 1.4769 0.0394 risk
RP11-968A15.2 1.2657 2.8728 0.0041 1.0778 1.4865 0.0446 risk
MFI2-AS1 1.2673 2.8865 0.0039 1.079 1.4884 0.0441 risk
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RP11-649A18.4 1.2692 2.9191 0.0035 1.0815 1.4895 0.0429 risk
RP11-148K1.12 1.2704 2.8543 0.0043 1.0779 1.4974 0.0458 risk
RP11-540A21.2 1.2714 3.6986 0.0002 1.1195 1.4439 0.0097 risk
RP11-95D17.1 1.2728 2.8367 0.0046 1.0774 1.5037 0.0473 risk
RP11-486G15.2 1.2739 2.9041 0.0037 1.0819 1.5 0.0436 risk
RP11-506M12.1 1.2739 2.9785 0.0029 1.0863 1.4939 0.0394 risk
AC005534.8 1.2754 2.8978 0.0038 1.0819 1.5036 0.0436 risk
BACH1-AS1 1.2761 2.9546 0.0031 1.0855 1.5002 0.0403 risk
RP11-474G23.3 1.2775 2.8947 0.0038 1.0823 1.508 0.0436 risk
BX322557.10 1.2794 2.8752 0.004 1.0816 1.5133 0.0446 risk
PTOV1-AS1 1.2813 2.9713 0.003 1.088 1.5089 0.0394 risk
RP11-199F11.2 1.2818 3.0664 0.0022 1.0937 1.5022 0.0323 risk
RP11-739N20.2 1.2823 3.049 0.0023 1.0929 1.5046 0.0325 risk
LINC00862 1.2869 3.3284 0.0009 1.1093 1.493 0.0181 risk
HCG15 1.2872 3.0611 0.0022 1.0951 1.513 0.0323 risk
RP11-884K10.7 1.2892 2.8641 0.0042 1.0835 1.5341 0.045 risk
RP11-383J24.1 1.2948 4.3891 0 1.1537 1.4532 0.0014 risk
RP11-343L5.2 1.296 3.0511 0.0023 1.0971 1.5308 0.0325 risk
RP11-108L7.15 1.2968 3.5899 0.0003 1.1252 1.4944 0.0108 risk
RP11-656D10.6 1.2996 3.1723 0.0015 1.1053 1.528 0.0265 risk
RP11-111M22.4 1.3013 3.3015 0.001 1.113 1.5216 0.0195 risk
SNHG12 1.3015 3.1127 0.0019 1.1025 1.5363 0.0292 risk
AC010761.8 1.3039 3.1882 0.0014 1.1076 1.5349 0.0259 risk
CTA-989H11.1 1.3048 3.0869 0.002 1.102 1.5449 0.0313 risk
AC016747.3 1.306 3.2018 0.0014 1.1091 1.5378 0.0252 risk
AC092168.2 1.3062 3.395 0.0007 1.1195 1.5239 0.0162 risk
CITF22-1A6.3 1.3073 3.139 0.0017 1.1059 1.5455 0.0277 risk
ZBTB11-AS1 1.3091 2.9174 0.0035 1.0924 1.5687 0.0429 risk
AC007405.4 1.3135 3.8735 0.0001 1.1442 1.5078 0.0061 risk
RP11-379B18.5 1.3148 3.4562 0.0005 1.1258 1.5356 0.0154 risk
TRAF3IP2-AS1 1.3153 3.1211 0.0018 1.1073 1.5624 0.0289 risk
AC074117.10 1.3193 3.1553 0.0016 1.1107 1.5671 0.0268 risk
RP11-809O17.1 1.3205 3.6061 0.0003 1.1353 1.5358 0.0106 risk
NDUFB2-AS1 1.3246 3.3849 0.0007 1.1256 1.5588 0.0164 risk
RP11-46F15.2 1.3254 3.4814 0.0005 1.131 1.5533 0.0146 risk
MIR4435-1HG 1.3275 3.4085 0.0007 1.1279 1.5623 0.0159 risk
RP11-428J1.5 1.3301 3.4353 0.0006 1.1303 1.5652 0.0154 risk
RP11-649A18.5 1.3304 3.4368 0.0006 1.1305 1.5656 0.0154 risk
CTD-2152M20.2 1.3307 3.6274 0.0003 1.1403 1.5527 0.0101 risk
RP11-527J8.1 1.337 3.2221 0.0013 1.1205 1.5953 0.0246 risk
SNHG1 1.3414 3.2114 0.0013 1.1213 1.6048 0.025 risk
LINC00205 1.3444 3.414 0.0006 1.1343 1.5934 0.0159 risk
RP11-432J22.2 1.3461 3.9397 0.0001 1.1611 1.5605 0.0058 risk
RP11-403I13.8 1.3463 3.6487 0.0003 1.1476 1.5796 0.0101 risk
CTD-2574D22.4 1.3518 3.5273 0.0004 1.1433 1.5983 0.0127 risk
GHRLOS 1.3543 3.6991 0.0002 1.1533 1.5905 0.0097 risk
RP11-152N13.5 1.3589 3.5741 0.0004 1.1485 1.6077 0.0111 risk
RHPN1-AS1 1.3596 3.8166 0.0001 1.1612 1.5919 0.0072 risk
RP11-274H2.5 1.3604 4.157 0 1.1766 1.5728 0.0025 risk
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MCM3AP-AS1 1.3611 3.6393 0.0003 1.1529 1.6069 0.0101 risk
RP5-994D16.9 1.3628 3.3299 0.0009 1.1358 1.6352 0.0181 risk
BMS1P20 1.3647 3.675 0.0002 1.1562 1.6108 0.0101 risk
LINC00152 1.3649 3.8768 0.0001 1.1663 1.5974 0.0061 risk
RP6-65G23.3 1.3756 3.8871 0.0001 1.1713 1.6156 0.0061 risk
CTD-2199O4.6 1.3784 4.1891 0 1.1862 1.6016 0.0025 risk
RP11-4C20.4 1.3787 4.8143 0 1.2097 1.5713 0.0005 risk
CTD-2116N20.1 1.3793 4.229 0 1.1883 1.6009 0.0025 risk
RP11-644F5.11 1.4029 3.6493 0.0003 1.1697 1.6827 0.0101 risk
LL22NC03-N64E9.1 1.4236 5.6751 0 1.2601 1.6082 0 risk
DDX11-AS1 1.4359 4.5674 0 1.2294 1.6771 0.0007 risk
MIR210HG 1.452 4.7532 0 1.245 1.6934 0.0005 risk
RP11-417L19.4 1.4571 4.7081 0 1.2457 1.7043 0.0005 risk
RP11-324I22.4 1.498 4.6575 0 1.2637 1.7756 0.0005 risk

Table S2. The correlation between m6A genes and prognostic m6A-related lncRNAs 
m6A gene LncRNA pval.tcga cor.tcga pval.icgc cor.icgc
METTL3 RP11-46F15.2 3.27E-16 0.40670918 2.58E-09 0.44779777
METTL3 RP4-798A10.2 1.66E-21 0.467124722 4.89E-05 0.314321992
METTL3 SNHG12 1.65E-12 0.355750619 1.67E-07 0.398341795
METTL3 RP5-1024N4.4 4.03E-14 0.379029527 5.59E-07 0.382317619
METTL3 RP11-486G15.2 1.15E-14 0.386473519 5.11E-08 0.413195681
METTL3 AC074117.10 1.79E-26 0.514615114 9.81E-10 0.458249876
METTL3 RP11-474G23.3 4.32E-14 0.378612133 3.98E-07 0.386903767
METTL3 RP11-527J8.1 2.26E-31 0.555107885 2.83E-07 0.391449662
METTL3 RP11-332H14.2 3.32E-24 0.493834796 8.37E-14 0.544393424
METTL3 AC007405.4 4.31E-16 0.405187211 4.26E-06 0.353401379
METTL3 GHRLOS 1.52E-12 0.356292606 4.45E-10 0.46650844
METTL3 RP11-379B18.5 4.03E-13 0.364816512 3.69E-07 0.387913325
METTL3 MFI2-AS1 9.35E-10 0.310881639 4.68E-07 0.384730523
METTL3 CTD-2199O4.6 2.14E-11 0.338466266 1.49E-08 0.427963757
METTL3 CTD-2201E18.5 1.71E-10 0.323650015 4.76E-11 0.488781895
METTL3 CTD-2116N20.1 1.30E-15 0.399033908 7.13E-07 0.379001269
METTL3 RP11-343L5.2 2.98E-12 0.351847707 0.000107849 0.30043394
METTL3 TRAF3IP2-AS1 8.14E-26 0.508729082 7.73E-08 0.408068275
METTL3 RP11-506M12.1 3.81E-27 0.520498242 2.81E-07 0.391545158
METTL3 RP11-148K1.12 1.89E-11 0.339318917 7.76E-06 0.344276843
METTL3 AC005534.8 1.38E-09 0.307863899 3.81E-06 0.355040754
METTL3 RP11-432J22.2 4.78E-17 0.417079064 2.11E-05 0.328355097
METTL3 RP11-324I22.4 7.47E-15 0.389023123 1.63E-06 0.367414162
METTL3 RP11-152N13.5 2.68E-21 0.464964513 1.63E-10 0.476739992
METTL3 SNHG1 3.31E-28 0.529571759 4.47E-09 0.441725325
METTL3 RP11-111M22.4 1.10E-13 0.372937421 3.86E-10 0.467992523
METTL3 RP11-452H21.4 1.12E-17 0.424682793 1.86E-09 0.451406294
METTL3 CTD-2574D22.4 1.04E-28 0.533771495 3.12E-07 0.390128889
METTL3 RP11-199F11.2 2.30E-13 0.368352538 2.33E-19 0.632329111
METTL3 RP11-15E18.1 8.85E-18 0.42589215 6.52E-06 0.346949018
METTL3 RP11-649A18.5 1.47E-14 0.385053607 1.83E-05 0.330710668
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METTL3 RP11-649A18.4 8.88E-13 0.359759546 8.07E-05 0.305622066
METTL3 AC002116.7 1.22E-09 0.308818739 1.90E-06 0.365208464
METTL3 BX322557.10 1.42E-23 0.487798768 9.77E-07 0.374653792
METTL3 LINC00205 1.10E-22 0.479067562 1.25E-06 0.371183919
METTL3 BMS1P20 1.27E-28 0.533040583 2.11E-07 0.395306393
METTL3 CITF22-1A6.3 3.84E-14 0.379324129 3.64E-08 0.417339026
METTL14 LINC00152 1.27E-15 -0.399184192 1.67E-12 -0.519394498
METTL14 MIR4435-1HG 1.28E-11 -0.342029406 5.66E-10 -0.464016405
METTL14 RP11-622A1.2 6.99E-11 0.330118228 2.27E-09 0.449198487
METTL14 F11-AS1 1.15E-13 0.372619813 2.70E-05 0.324359226
METTL16 RP11-95D17.1 5.23E-13 0.363156821 1.53E-06 0.36834138
WTAP SNHG12 6.92E-22 0.471028658 2.94E-07 0.390948569
WTAP RP11-403I13.8 1.68E-23 0.487100563 5.17E-07 0.383386522
WTAP AC092168.2 1.19E-11 0.342506996 6.08E-05 0.310570078
WTAP RP11-757F18.5 1.88E-13 0.369587166 1.49E-07 0.39979505
WTAP CTD-2116N20.1 2.22E-18 0.432935659 6.79E-05 0.308638739
WTAP TRAF3IP2-AS1 1.57E-34 0.57855535 2.19E-06 0.363176284
WTAP RP11-395G23.3 6.44E-10 0.313732363 8.99E-05 0.303688233
WTAP RP11-4C20.4 1.05E-11 0.343371328 1.49E-06 0.368708825
WTAP DDX11-AS1 1.68E-19 0.445639025 2.57E-05 0.325156217
WTAP RP11-649A18.5 3.23E-22 0.474386785 2.61E-06 0.360638111
WTAP RP11-649A18.4 6.21E-21 0.461141708 0.000105786 0.300781884
KIAA1429 RP11-290F5.1 1.08E-16 -0.412723182 7.15E-06 -0.345520711
KIAA1429 CTD-2284J15.1 6.16E-14 0.376466698 5.92E-08 0.411379221
KIAA1429 RP11-383J24.1 9.02E-12 0.344415547 2.13E-06 0.363558905
KIAA1429 RHPN1-AS1 3.62E-22 0.473894186 4.70E-06 0.351903814
ZC3H13 LINC00152 1.32E-16 -0.411655969 1.35E-05 -0.335565573
ZC3H13 F11-AS1 1.64E-09 0.306532259 6.39E-05 0.309724321
RBM15 RP11-649A18.4 2.19E-10 0.321820523 8.60E-05 0.304488206
RBM15B ZBTB11-AS1 4.24E-26 0.511273308 1.51E-09 0.453668874
RBM15B RP11-428J1.5 1.83E-16 0.409868837 1.87E-08 0.425291431
RBM15B NDUFB2-AS1 2.08E-15 0.396371067 0.000106472 0.300665512
RBM15B RP11-540A21.2 1.69E-15 0.397572827 6.29E-05 0.309998659
RBM15B RP11-644F5.11 1.28E-13 0.371974147 2.06E-06 0.36403748
RBM15B RP6-65G23.3 8.35E-21 0.459780118 9.37E-05 0.302958461
RBM15B CTA-989H11.1 2.47E-11 0.337485167 2.06E-07 0.395569734
YTHDC1 RP11-656D10.6 4.37E-19 0.440991895 1.10E-07 0.403587316
YTHDC1 RP11-527J8.1 1.89E-27 0.523134621 5.69E-05 0.311733085
YTHDC1 RP11-332H14.2 3.13E-31 0.5540097 1.51E-05 0.333802971
YTHDC1 RP11-884K10.7 3.89E-33 0.568441166 6.76E-05 0.308723509
YTHDC1 RP11-379B18.5 1.71E-09 0.306210972 3.26E-05 0.321193032
YTHDC1 TRAF3IP2-AS1 3.12E-22 0.474539759 1.94E-06 0.364895984
YTHDC1 PTOV1-AS1 2.91E-24 0.494379324 2.94E-05 0.322922934
YTHDC1 LINC00205 9.38E-23 0.479767682 3.83E-05 0.318476033
YTHDC2 RP11-332H14.2 1.96E-12 0.354607764 5.47E-07 0.382611922
YTHDF1 RP11-417L19.4 8.12E-15 0.388533167 3.31E-05 0.320931573
YTHDF2 RP5-994D16.9 1.37E-18 0.435359005 3.29E-07 0.389448172
YTHDF2 AC010761.8 4.81E-10 0.315939843 0.000103003 0.301261347
YTHDF2 BACH1-AS1 1.31E-13 0.371828997 1.27E-09 0.455528746
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YTHDF3 CTD-2284J15.1 3.27E-18 0.430973468 1.07E-15 0.5774307
HNRNPC RP5-994D16.9 3.56E-11 0.334920019 2.48E-05 0.325711914
HNRNPC RP11-968A15.2 1.10E-15 0.399980913 5.09E-05 0.313649333
HNRNPC BACH1-AS1 4.86E-10 0.315860105 1.54E-05 0.333482296
HNRNPC LL22NC03-N64E9.1 5.89E-13 0.362395591 1.77E-07 0.39755783
LRPPRC AC016747.3 1.94E-23 0.486488788 6.66E-05 0.308986755
LRPPRC RP11-286H15.1 3.26E-09 -0.301109773 1.25E-06 -0.371145147
LRPPRC RP11-290F5.1 5.63E-15 -0.39066811 7.93E-05 -0.305931945
LRPPRC RP11-428J1.5 2.67E-16 0.407826684 2.03E-08 0.424304362
HNRNPA2B1 RP11-739N20.2 1.00E-28 0.533896758 8.50E-07 0.376575435
HNRNPA2B1 RP11-527J8.1 7.79E-33 0.566201402 5.87E-05 0.311197798
HNRNPA2B1 RP11-332H14.2 1.70E-32 0.563678236 1.17E-06 0.372178586
HNRNPA2B1 CTD-2152M20.2 1.83E-13 0.369753571 2.01E-05 0.329156388
HNRNPA2B1 RP11-432J22.2 1.62E-12 0.355872502 5.27E-05 0.313036005
HNRNPA2B1 RP11-108L7.15 2.71E-14 0.381423388 6.52E-05 0.309361545
HNRNPA2B1 RP11-452H21.4 2.59E-09 0.302918645 1.35E-06 0.370144401
HNRNPA2B1 DDX11-AS1 6.55E-27 0.518449205 0.000107413 0.300507031
HNRNPA2B1 RP11-649A18.5 1.40E-17 0.423513649 1.45E-05 0.334479997
IGFBP1 RP11-116D2.1 2.10E-17 0.421416472 1.02E-07 0.404566137
IGFBP3 LINC00862 6.84E-13 0.361437334 4.84E-05 0.314496033
IGFBP3 RP11-274H2.5 3.43E-10 0.31848898 9.53E-06 0.34107235
IGFBP3 MIR210HG 2.86E-16 0.407442736 1.77E-08 0.425958291
RBMX SNHG12 2.46E-27 0.522134661 2.05E-07 0.395661615
RBMX RP11-116D2.1 1.97E-30 -0.547754318 5.52E-06 -0.349472301
RBMX RP11-527J8.1 1.32E-27 0.524465293 7.83E-07 0.377710504
RBMX RP11-332H14.2 2.43E-26 0.513424613 6.71E-06 0.346511572
RBMX RP11-461M2.2 6.72E-10 0.313414251 1.95E-05 0.32971481
RBMX CTD-2199O4.6 4.89E-16 0.404492273 1.20E-08 0.430521258
RBMX CTD-2116N20.1 2.64E-31 0.55458355 8.52E-06 0.342827336
RBMX HCG15 1.66E-22 0.477295196 1.75E-06 0.366423709
RBMX RP11-398K22.12 2.07E-25 0.505049244 2.88E-05 0.323242455
RBMX TRAF3IP2-AS1 3.24E-33 0.569029893 5.56E-06 0.349372965
RBMX RP11-809O17.1 1.55E-12 0.356142583 9.88E-06 0.340511256
RBMX SNHG1 1.09E-52 0.684957184 9.42E-10 0.45868105
RBMX RP11-111M22.4 1.03E-19 0.448002016 1.35E-05 0.335639503
RBMX DDX11-AS1 1.89E-31 0.555709692 4.93E-06 0.351200859
RBMX BX322557.10 3.46E-29 0.537712612 4.76E-06 0.351728229
RBMX LINC00205 4.84E-39 0.609084761 6.35E-09 0.437782162
RBMX MCM3AP-AS1 4.20E-40 0.615810056 1.18E-05 0.337753527
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Figure S2. Functional enrichment of the differentially expressed genes (DEGs) between the three subclasses using Metascape. A. Heatmap of the enriched terms 
of the DEGs between the three subclasses (C1 vs. C2, C2 vs. C3, C1 vs. C3). B. Circle plot of the overlapping DEGs and enriched terms. C. Network of the enriched 
terms colored by cluster, p-value and counts. D. Protein-protein interaction network colored by cluster and counts.
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Figure S3. Tumor microenvironment (TME) characterization by TIMER (A) and MCPcounter (B). Statistical significance of differences was determined by Wilcoxon 
rank-sum test. *, P < 0.05; **, P < 0.01; ***, P < 0.001; ****, P < 0.0001; ns, no significance.


