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Abstract

Emerging evidence has shown that the N®-methyladenosine (m®A) modification of RNA plays key roles in tumorigenesis
and the progression of various cancers. However, the potential roles of the m®A modification of long noncoding RNAs
(IncRNAs) in pancreatic cancer (PaCa) are still unknown. To analyze the prognostic value of m®A-related IncRNAs
in PaCa, an m6A-related IncRNA signature was constructed as a risk model via Pearson’s correlation and univariate
Cox regression analyses in The Cancer Genome Atlas (TCGA) database. The tumor microenvironment (TME), tumor
mutation burden, and drug sensitivity of PaCa were investigated by m®A-related IncRNA risk score analyses. We estab-
lished an m®A-related risk prognostic model consisting of five IncRNAs, namely, LINC01091, AC096733.2, AC092171.5,
AC015660.1, and AC005332.6, which not only revealed significant differences in immune cell infiltration associated
with the TME between the high-risk and low-risk groups but also predicted the potential benefit of immunotherapy for
patients with PaCa. Drugs such as WZ8040, selumetinib, and bortezomib were also identified as more effective for high-
risk patients. Our results indicate that the m®A-related IncRNA risk model could be an independent prognostic indicator,
which may provide valuable insights for identifying therapeutic approaches for PaCa.
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Introduction

Pancreatic cancer (PaCa) is the most common malignant
gastrointestinal malignancy and is known for its aggressive
behavior and high metastatic potential [1]. Most patients are
diagnosed at an advanced stage and miss the opportunity
for surgical intervention [2], and the 5-year survival rate for
most highly aggressive PaCa patients in the United States
is approximately 5% [3, 4]. Therefore, identifying effective
prognostic biomarkers for therapeutic targets to reduce mor-
tality in patients with PaCa is crucial.

Long noncoding RNAs (IncRNAs), which are RNA mol-
ecules with transcript lengths greater than 200 nucleotides
that do not encode proteins [5, 6], can serve as novel blood-
based biomarkers of disease and potential targets of thera-
peutic strategies for PaCa [7] and are epigenetic regulators
of epithelial to mesenchymal transition (EMT) in PaCa [8].
They also play key roles in the initiation and progression
of PaCa through complex regulatory networks that involve
transcriptional regulation, epigenetic modifications, and
posttranslational modifications. Therefore, IncRNAs have
gradually attracted our attention [6, 9].

As the most characteristic and common posttranscrip-
tional chemical modification, N®-methyladenosine (m°A)
occurs at the N° position of adenosine and represents the
most abundant posttranscriptional modification in both
mRNAs and noncoding RNAs in mammals [10]. The
dynamic regulation of m®A modifications in cancer is medi-
ated by three main types of proteins, namely, writers, eras-
ers and readers, which recognize and bind to m®A-modified
RNA [11]. Among them, YTHDF2, an m°A reader, pro-
motes gastric cancer drug resistance in an m®A-dependent
manner by recruiting the IncRNA CBSLR [11]. FTO can
regulate the expression of LINC00022, which promotes cell
proliferation and tumor growth in esophageal squamous cell
carcinoma [12]. The interaction between IncRNAs and m®A
regulators can also modulate cellular biological functions
and the expression of target genes [13]. m®A modifications
of IncRNAs may also influence tumor cell malignancy, such
as proliferation, migration, and invasion, by affecting RNA
structure and function in cancer [9, 14, 15]. For example,
the IncRNA BLACATS3 is upregulated in bladder cancer,
and m®A modification stabilizes its structure, promoting
angiogenesis and vascular migration [16]. m6A-modified
FAMS83H-ASI1 preferentially regulates PTBP1 in colorectal
cancer, promoting CRC progression through RNA splicing
[17]. Upregulation of m®A-modified SNHG17 exacerbated
the malignant phenotype of gefitinib-resistant lung adeno-
carcinoma (LUAD) cells [18]. However, only a few reports
have described the correlation between the m®A modifica-
tion of IncRNAs and PaCa. Thus, we need to construct an
m°A-related IncRNA prognostic model for PaCa that can
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serve as a powerful clinical feature for predicting prognosis
and responsiveness to immunotherapy.

Materials and methods

Source of datasets and the m®A-related prognostic
signature as a risk model in PaCa patients

RNA-seq data and associated phenotypic information from
178 PaCa patients were retrieved from The Cancer Genome
Atlas (TCGA) database (https://portal.gdc.cancer.gov/). The
annotations of the IncRNAs were obtained from the GEN-
CODE website (https://www.gencodegenes.org). A total of
25 m®A-related genes (writers, readers, and erasers) were
included. To design the m®A-related IncRNA prognostic
signature, m°A-related IncRNAs were selected through uni-
variate Cox regression, LASSO regression, and multivari-
ate Cox regression analyses to construct a novel prognostic
IncRNA signature. The risk score for each sample was cal-
culated via the following formula:

riskscore = Z ExpLncRNA; * ; (1

where ExpLncRNA;, i and B; represent the IncRNA expres-
sion level, the number of characteristic IncRNA, and the
coefficient index, respectively [19, 20]. The patients were
divided into low-risk and high-risk groups according to the
median cutoff value of the risk score. Survival curves were
used to assess the ability of the m®A-related signature to
differentiate prognoses between different risk groups. Time-
dependent receiver operating characteristic (ROC) curves
were used to evaluate the reliability of the signature via the
“timeROC” package. Stratified analysis was performed to
assess the prognostic value of m®A-related features across
different subgroups on the basis of clinical characteristics.

Establishment and evaluation of a nomogram
scoring system

We performed univariate and multivariate Cox regression
analyses on the 5-gene signature and clinical indicators to
identify independent prognostic factors and developed a
nomogram to quantify the 1-year, 3-year, and 5-year sur-
vival probabilities of PaCa patients on the basis of these
independent predictive factors. Calibration curves and deci-
sion curve analysis (DCA) were used to assess the discrimi-
nation and accuracy of the nomogram model.
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Functional pathway analyses

Gene Ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGQG) analyses were performed by the R
packages “clusterProfiler,” “org.Hs.eg.db,” “enrichplot,”
and “ggplot2” (R version 4.2.1). The functional candidates
were further filtered with an adjusted P value <0.05. Addi-
tionally, gene set enrichment analysis (GSEA) was con-
ducted by GSEA software (version 4.2.1), with v7.4 from
the Molecular Signatures Database (MSigDB) used as the
target gene set. The entire tumor transcriptome was used for
GSEA, and only gene sets with P<0.05 and FDR <0.25
were considered statistically significant.

EE I3

Immune phenotype of the m®A-related prognostic
signature

The abundances of 64 types of tumor-infiltrating immune
cells (TIICs) in PaCa samples were calculated by the Xcell
algorithm in R. Tumor purity, immune scores, stromal
scores, and ESTIMATE scores were evaluated by the ESTI-
MATE algorithm. TME-related biomarkers were analyzed
as described previously [19].

Somatic mutation analysis

The waterfall function of the “maftools” R package was used
to illustrate the mutational landscape of the high-risk and
low-risk groups to quantify the somatic mutation count and
tumor mutation burden (TMB) for each individual patient.
To identify the significant differences in somatic mutation
counts and TMB levels between the high-risk and low-risk
groups, we performed the Wilcoxon test. The Kaplan-Meier
method was subsequently applied to compare survival rates
to analyze the differences between the high-mutation and
low-mutation groups, as well as between risk categories.

Prediction of therapeutic response by the m°A-
related IncRNA risk score

To investigate the response to immunotherapy in differ-
ent risk groups, tumor immune dysfunction and exclusion
(TIDE) (http://tide.dfci.harvard.edu) was utilized to est
imate the immunotherapeutic effect in high- and low-risk
patients, and the Wilcoxon test was applied to compare dif-
ferences in TIDE-related scores between the two risk groups
(P<0.05). The submap algorithm (http://cloud.genepattern
.org/gp) was utilized to predict the probability of response
to anti-PD-1 or anti-CTLA-4 therapy in the different risk
groups [21]. We obtained drug sensitivity data from two
pharmacogenomic databases (PRISM and CTRP) in the
online website http://www.sxdyc.com/and calculated the

area under the curve (AUC) values for drug responses to
evaluate the potential responses of clinical patients to can-
didate drugs in this study [22]. Subsequently, we calculated
the Pearson correlation coefficient between the AUC values
and risk scores. Pearson correlations between AUC values
and risk scores were also calculated. Drugs with a negative
correlations were considered beneficial for the high-risk
group (P<0.05). To predict the clinical performance and
potential adverse effects of the drugs, ADMET analysis was
conducted to assess the pharmacokinetics and in vivo safety
of the candidate drugs, including absorption, distribution,
metabolism, excretion, and toxicity.

Pancreatic cell lines, cell culture conditions and
pancreatic tumor tissue specimens

The human PaCa cell lines PANC-1, CAPAN-1, CFPAC-
1, NOPR1, SW1990 and SUIT2 were grown in DMEM
supplemented with 10% fetal bovine serum, 2 mmol/L
L-glutamine, 100 IU/mL penicillin G, and 100 pg/mL strep-
tomycin. BXPC-3 and AsPC-1 cells were cultivated in RPMI
1640 in the presence of 2 mmol/L L-glutamine, 4.5 g/L glu-
cose, 10 mmol/L HEPES, 1 mmol/L sodium pyruvate, 10%
fetal bovine serum, 100 IU/mL penicillin G and 100 pg/
mL streptomycin. The near-normal immortalized human
hTERT-HPNE cells were grown in Medium D (InCell Corp.,
San Antonio, TX, USA). Medium D contained one volume
of medium M3, three volumes of glucose-free DMEM,
5% FBS, 5.5 mM glucose, 10 ng/mL EGF, and 50 g/mL
gentamycin. All the cell lines were routinely cultivated in a
humidified 5% CO, atmosphere.

A total of 53 pairs of PaCa tissues and adjacent normal
tissues were obtained from the Department of Surgery at
Zhongshan Hospital, Fudan University (Shanghai, China).
Fresh tissue samples were stored in liquid nitrogen imme-
diately after surgical resection and stored until further use.
All procedures for obtaining the tissues were conducted in
accordance with ethical standards and appropriate regula-
tory guidelines.

RNA extraction and qRT-PCR analysis

Total RNA was extracted from the tissues by TRIzol reagent
(Life Technologies, Austin, Texas, USA) according to the
manufacturer’s instructions (Invitrogen). RNA was quanti-
fied using a NanoDrop 2000c instrument (Thermo Fisher).
Subsequently, 1 pg of total RNA was reverse transcribed
into cDNA by the Prime Script RT Reagent Kit (Takara,
Dalian, China) following the manufacturer’s protocol. Real-
time quantitative PCR (qRT-PCR) analysis was conducted
using TB Green Premix Ex Taq (Takara, Dalian, China).
The expression levels of each IncRNA were normalized to
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18 S rRNA expression, and each sample was tested in tripli-
cate. The relative expression of the IncRNAs was quantified
by the 2724 method [7]. The QRT-PCR primer sequences
are provided in Table S1.

Analysis of methylation levels by the T3 DNA ligase
method

The m®A binding sites of the five IncRNAs were identi-
fied in the SRAMP database (http://www.cuilab.cn/sramp/)
(Table S2). The m®A modification level of the IncRNAs was
measured by the T3 DNA ligase method, as shown in Sup-
plemental Fig. S1. The DNA probes L1 (left) and R1 (right)
were designed around the m®A modification sites, with uni-
versal primers for PCR amplification and target-specific
sequences that pair with RNA regions adjacent to the m°A
site. When m°A is present, probes L1 and R1 hybridize with
the flanking sequences but cannot ligate across the m°A site.
As aresult, the ligation product is reduced, leading to dimin-
ished PCR amplification of the modified sequences, whereas
nonmodified sites can be ligated and amplified. To quantify
m®A modification levels, probes L2 and R2 were designed
for a reference site within the same transcript that does not
undergo m®A modification. The ligation and PCR amplifica-
tion of the reference product reflect RNA expression levels,
allowing accurate comparison of m°A modification content
by qRT-PCR between the m®A-modified site and the non-
modified reference site [23]. The complete sequences are
provided in Table S3. Ligation reaction mixture A (1 pL
of Probe L at a concentration of 20 nM, 1 pL of Probe R
at a concentration of 20 nM, 3 pL of ligase buffer) (New
England Biolabs, Beijing, China) and 1 pL of RNA sample
(Table S3) were incubated at 85 °C for 3 min, followed by
35 °C for 10 min; then, Ligation Reaction Mixture B (1 puL
of T3 DNA ligase (New England Biolabs, Beijing, China) at
a concentration of 320 U, 2 pL of ligase buffer, and 1 pL of
H,0) was added. The final volume of the ligation mixture
was 10 pL. The ligation reaction mixture was subsequently
incubated at 35 °C for 15 min. One microliter of the reaction
mixture was transferred for real-time quantitative PCR. The
PCR system included 10 uM forward primer, 10 uM reverse
primer, 2x TB green (Takara, Dalian, China) and RNase-
free ultrapure water, resulting in a total PCR volume of 10
pL. The prepared PCR system was run at 95 °C for 2 min,
followed by 40 cycles of 95 °C for 5 s and 60 °C for 30 s.

Statistical analysis
Statistical analyses were performed by R software version
4.2.1 and GraphPad Prism version 8.0. Continuous vari-

ables were compared via the Wilcoxon rank-sum test and
the Mann-Whitney U test, whereas Spearman’s correlation
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analysis was used to calculate correlation coefficients.
Kaplan-Meier survival curves were plotted, and survival
differences were compared via the log-rank test.

Results

Identification of the m®A-related IncRNA signature
as arisk model in PaCa patients

All PaCa RNA-seq data were first downloaded from the
TCGA database, and the workflow of this study is shown
in Supplemental Fig. S2. A coexpression analysis of 25
m®A-related genes and 16,773 IncRNAs revealed 129 m°A-
related IncRNAs (|Pearson R| > 0.3, P<0.001) (Fig. 1A).
On the basis of the correlation between mC°A-related
IncRNAs and the survival characteristics of PaCa patients,
univariate Cox analysis revealed that 35 IncRNAs were
significantly associated with prognosis (Table S4). The
incorporation of these variables into LASSO Cox regres-
sion analysis with minimal lambda resulted in the selection
of five m®A-related IncRNAs for constructing a prognostic
risk model (Fig. 1B, C). A heatmap illustrating the corre-
lation between five IncRNAs and twenty-five m®A regula-
tors revealed a strong association (Fig. 1D). PaCa patients
(n=178) were accurately classified into high-risk and low-
risk groups based on the median risk score. The density plot
revealed a substantial discriminative ability of the risk score
between the high-risk and low-risk groups (Fig. 1E). The
Kaplan-Meier (K-M) survival curve revealed significantly
better overall survival (OS) in the low-risk group than in the
high-risk group (P <0.001) (Fig. 1F). To assess the accuracy
of the prognostic risk model in predicting 1-year, 3-year,
and 5-year OS, area under the ROC curve (AUC) values
of 0.699, 0.783, and 0.871, respectively, were generated
(Fig. 1G).

Validation of the expression of five m®A-related
IncRNAs and m®A modification levels in PaCa cell
lines and tumor tissues

Next, we used qRT-PCR to measure the expression levels
of these five m®A-related IncRNAs in 53 pairs of PaCa and
adjacent normal tissues, as well as across eight cell lines.
Our findings indicate that, at the cellular level, the expres-
sion of these five IncRNAs is upregulated in most PaCa cell
lines (Fig. 2A-E). At the tissue level, the expression levels of
LINC01091, AC092171.5, AC015660.1, and AC005332.6
were greater in PaCa tissues than in adjacent normal tis-
sues, whereas the expression level of AC096733.2 was not
different from that in adjacent normal tissues (Fig. 2F-J).
We further analyzed the m®A modification levels of the five
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Fig. 1 Construction and validation of the m®A-related IncRNA net-
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onstrating the coexpression relationships between 25 m°A genes and
m®A-related IncRNAs. B) Cross-validation method for selecting opti-
mal IncRNAs. C) Lasso coefficient curve. D) Heatmap displaying the
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A-J) The expression levels of 5 m6A-related IncRNAs in cell lines
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(A-E) and PaCa tissue (F-J). K-T) The m°A modification levels of
5 m®A-related IncRNAs in cell lines (K-O) and PaCa tissue (P-T).
P values are shown as follows: ns, not significant; ¥*P < 0.05; **P <
0.01; ***P < 0.001.



NS-Methylandenosine-related IncRNAs as potential biomarkers for predicting prognosis and the...

Page7of 15 48

IncRNAs at both the cellular and tissue levels and found that
the m®A modification levels of four IncRNAs (LINC01091,
AC096733.2, AC092171.5 and AC005332.6) in all seven
PaCa cell lines (PANC-1, BxPC-3, AsPC-1, CAPANI,
SUIT2, CFPAC1 and SW1990) were greater than those
observed in the HPNE cells (Fig. 2K-0O). We also found that
the m®A modification levels of all five IncRNAs were ele-
vated in PaCa tumor tissue compared with normal control
tissue (Fig. 2P-T). In conclusion, these findings demonstrate
the stability of the risk model in predicting the prognosis of
PaCa patients.

Stratified survival analysis and evaluation of the
prognostic model in the PaCa cohort

The clinical phenotypic information of PaCa patients was
initially obtained from TCGA-PaCa. To further validate
the prognostic value of the risk model across subgroups
with different clinical characteristics, a stratified analy-
sis was conducted. Patients were divided into subgroups
on the basis of sex, age, grade, pathological stage, and
TNM stage, followed by survival analysis. The risk score
derived from this predictive model was significantly posi-
tively correlated with both the pathological stage and the
T stage according to the TNM classification (Fig. 3A). The
proportion of high-risk patients was significantly greater
than that of low-risk patients (Fig. 3B). The K—M survival
curves demonstrated that, with the exception of Stage III-
IV patients, the low-risk group presented better clinical
outcomes across all subgroups (Fig. 3C-J). Furthermore,
univariate and multivariate Cox analyses were performed
for key clinicopathological factors and genetic characteris-
tics. In the univariate analysis, the hazard ratio (HR) for the
risk score was 1.476, with a 95% confidence interval (CI)
of 1.319-1.552 (P < 0.001). In the multivariate analysis, the
hazard ratio (HR) was 1.479, with a 95% CI of 1.312-1.557
(P<0.001), indicating that the m®A-related IncRNA risk
score is an independent prognostic risk factor (Table S5
and Table S6). The concordance index (C-index) was cal-
culated to evaluate the specificity and sensitivity of the risk
score in predicting PaCa patient prognosis. These findings
suggest that the C-index of the risk score was greater than
those of clinical parameters (Supplemental Fig. S3A). Simi-
larly, the AUC for the risk score (AUC=0.871) was greater
than that for age (AUC=0.614), sex (AUC=0.441), grade
(AUC=0.539), and stage (AUC=0.633), underscoring the
high reliability of the m°®A-related IncRNA risk model in
predicting the prognosis of PaCa patients (Supplemental
Fig. S3B). On the basis of independent prognostic factors, a
comprehensive nomogram was developed to quantitatively
predict the 1-year, 3-year, and 5-year OS probabilities of
PaCa patients (Supplemental Fig. S3C). The calibration

curves revealed a high degree of concordance between the
predicted OS and the actual OS (Supplemental Fig. S3D).
Decision curve analysis (DCA) was used to assess the clini-
cal applicability of the nomogram. Compared with models
based solely on clinical features, the comprehensive nomo-
gram yielded greater net benefit, potentially contributing to
improved clinical management (Supplemental Fig. S3E).

Identification of the immune landscape between
the high-risk and low-risk groups in PaCa

An increasing number of studies have shown that tumor
cell-induced abnormalities in the TME can interfere with
immune cell functions [24]. On the basis of the differentially
expressed genes (DEGs) between the high-risk and low-risk
PaCa groups (Table S7), GO and KEGG analyses revealed
that a series of immune-related biological processes, such as
the B-cell receptor complex and the immunoglobulin com-
plex, were involved in PaCa progression (Fig. 4A). GSEA
was also performed on the DEGs to identify the biologi-
cal processes associated with the two risk groups (Fig. 4B,
C). We demonstrated that the low-risk group was enriched
primarily in immune-related processes, such as the B-cell
receptor signaling pathway, the MAPK cascade, and the
Whnt signaling pathway, whereas the high-risk group was
enriched in cancer-related processes, such as focal adhesion
and ECM-receptor interactions. Additionally, we observed
significant changes in the infiltration of immune cell types,
with most adaptive immune cells being more abundant
in the low-risk group (Supplemental Fig. S4). Because
TME-related signaling pathways were enriched through
functional enrichment analysis, we also explored the rela-
tionships between the risk score and TME characteristics.
The ESTIMATE and CIBERSORT algorithms were used to
analyze the tumor microenvironment. The stromal score of
PaCa patients in the high-risk group was greater than that of
patients in the low-risk group, and the risk score was highly
positively correlated with the stromal score (Fig. 4D, E).
We further investigated the relationships between the risk
score and TME components. Our findings indicated that the
risk score was significantly positively correlated with the
expression of most ECM-collagen features (Supplemental
Fig. S5). We subsequently analyzed the correlations between
the five m®A-related IncRNAs in the prognostic model and
different immune cell types, and the results revealed signifi-
cant correlations with most immune cells (Fig. 4F). The five
mo6A-related IncRNAs also showed significant associations
with human leukocyte antigen (HLA) and major histocom-
patibility complex (MHC) molecules (Fig. 4G, H), suggest-
ing their potential predictive value in assessing the tumor
immune microenvironment and immune response.
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Fig.3 Stratified survival analysis
and visualization of the clinical
characteristics of PaCa patients
based on risk score. A, B) The
risk score was significantly
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Abnormal genomic variation in different subgroups
based on the m®A-related prognostic risk model of
PaCa

To explore the relationship between PaCa development
and genetic mutations, mutation frequencies were calcu-
lated separately for the high-risk and low-risk groups, and
the associations between the risk score and mutational
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landscape were analyzed. The top 20 most frequently
mutated genes in the high-risk and low-risk groups, namely
TP53, KRAS, SMAD4, CDKN2A, TTN, MUC16, RNF43,
TNXB, HECW2, RYRI1, TGFBR2, ARID1A, TPO, GLI3,
PCDH15, LRPIB, RNF213, RIMS2, CACNAIB, and
GNAS, are shown in Fig. 5A and B. Moreover, the TP53
and KRAS mutation rates were significantly greater in the
high-risk group (Fig. 5C), which indicated that the TMB
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Fig. 4 Immune landscape in high- and low-risk groups of PaCa
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was significantly greater in the high-risk group than in the
low-risk group. We also demonstrated that the risk score was
positively correlated with TMB in PaCa patients (Fig. 5D,
E) and that patients with high TMB in the high-risk group
had significantly worse OS (Fig. 5F, G). Our results sug-
gest that the combination of the risk score and TMB may
serve as a valuable biomarker for predicting the prognosis
of PaCa patients, which provides a comprehensive view of
the mutational landscape in relation to the risk levels and
survival outcomes of PaCa patients.

Sensitivity of high-risk populations of PaCa patients
to immunotherapy and candidate drugs

Alower TIDE score indicates a lower probability of immune
evasion, suggesting a greater likelihood of benefiting from
immunotherapy. Our results revealed that the low-risk group
had significantly lower TIDE scores (P <0.001). Moreover,
the T-cell exclusion score was lower in the low-risk group
(P<0.01), indicating a potential increased sensitivity to
immunotherapy in these patients (Fig. 6A). Submap analy-
sis revealed that low-risk PaCa patients exhibited a more
promising response to PD-1 blockade therapy (Bonferroni-
corrected P=0.008), further suggesting that individuals in
the low-risk group are more likely to benefit from anti-PD-1
checkpoint inhibitor treatment (Fig. 6B). Furthermore, drug
sensitivity was assessed the drug response data derived
from CTRP and PRISM for different risk groups. Initially,
113 drugs or compounds were identified at the intersec-
tion of CTRP and PRISM (Table S8). Subsequent differen-
tial drug response analysis identified significantly distinct
drugs, selecting only those with lower AUC values in the
high-risk group, which corresponded to increased treatment
sensitivity. A lower dose-response AUC value corresponds
to greater sensitivity to treatment. Additionally, drugs with
a negative correlation between AUC values and risk scores
were identified. Ultimately, three drugs or compounds,
WZ8040, selumetinib, and bortezomib, were found to have
substantial therapeutic potential in high-risk patients, as
evidenced by lower estimated AUC values and a negative
correlation with the risk score (Fig. 6C). To further assess
the therapeutic potential of these candidate drugs, ADMET
analysis was performed in the ADMETIlab 2.0 database
(https://admetmesh.scbdd.com/). We found that selumetinib
was the most promising drug, followed by WZ8040 and
bortezomib (Fig. 6D).

Discussion

To better understand the potential roles of m®A-related
IncRNAs in PaCa, we first developed a signature of five mA-
related IncRNAs (LINC01091, AC096733.2, AC092171.5,
AC015660.1, and AC005332.6) by LASSO regression and
Cox analyses to predict the prognosis of PaCa patients. Our
results demonstrated that these m®A-related IncRNAs may
be independent prognostic variables for PaCa and may suc-
cessfully stratify PaCa patients into two distinct prognos-
tic categories. We next investigated whether the signature
of five m®A-related IncRNAs exhibited high accuracy in
prognosis prediction by analyzing receiver operating char-
acteristic curves and calibration curves and established a
nomogram incorporating clinical parameters and risk rat-
ings to increase the predictive potential of the five m°A-
related IncRNA signatures. Among them, LINC01091 is
highly expressed and enhances the proliferation, migration,
and invasion of gastric cancer cells through the microRNA-
128-3p/ELF4/CDX2 axis [25]. AC092171.5 is associated
with poor prognosis in patients with lung adenocarci-
noma [26]. AC005332.6 is highly expressed in PaCa and
is a copper-dependent cell death-related IncRNA that plays
a role in the construction of a cuproptosis-related model.
AC005332.6 has been identified as an independent prog-
nostic variable in PaCa and has high accuracy in prognosis
prediction [27].

The tumor microenvironment consists of noncancerous
stromal cells, soluble growth factors, cytokines, proteases,
cancer cells, and the extracellular matrix (ECM), which pro-
vides essential signals for tumor survival, growth, and inva-
sion while also impeding antitumor immunity [28]. ECM
accumulation is a hallmark of tumors, and in various can-
cer types, a higher ECM content is associated with a poorer
prognosis [19, 29]. We further explored the potential asso-
ciations of these five m®A-related IncRNAs with individual
immune infiltration, mutation, immunotherapy response,
and drug sensitivity in PaCa. Our previous study also indi-
cated that IncRNAs, as prognostic biomarkers, play criti-
cal roles in immune regulation and the TME of PaCa [30].
Here, we found that the high-risk group was predominantly
enriched in the ECM and focal adhesion pathways, whereas
the low-risk group was enriched primarily in the T-cell and
B-cell receptor signaling pathways, which indicated that
the risk score was positively correlated with ECM char-
acteristics and suggested that a higher risk score might be
associated with increased ECM accumulation. Additionally,
the risk score was positively correlated with the stromal
score, which might represent a greater degree of stromal
cell infiltration in the TME of the high-risk group. Immune
cells play crucial roles in the TME, and the success of tumor
immunotherapy relies on a comprehensive understanding of
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Fig. 6 Identification of potential therapeutic drugs for PaCa patients
with high risk scores. A) TIDE score in the high-risk and low-risk
groups. B) Sensitivity of different subgroups to immunotherapy. C)

the TME and immune evasion mechanisms. In this complex
network, tumor cells, the stroma, and infiltrating immune
cells work together in a coordinated manner [31]. HLA and
MHC molecules are responsible for antigen presentation in
immune responses, which determines whether the immune
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Different drug response assessments of potential therapeutic drugs in
the CTRP and PRISM databases. D) ADMET attributes of potential
therapeutic drugs. *P <0.05; **P<0.01; ***P<0.001

system can recognize and eliminate tumor cells. MHC class I
molecules present antigens to CD8" T cells, activating them
to attack tumors, whereas MHC class II molecules, which
are expressed on dendritic cells and other antigen-present-
ing cells, present antigens to CD4" T cells, coordinating the
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immune response [29]. Tumors evade immune surveillance
by downregulating MHC class I molecules or altering HLA
molecules [32, 33]. Therefore, understanding the role of
HLA/MHC molecules in the TME and how tumors exploit
alterations in these molecules to achieve immune evasion
is crucial for developing effective immunotherapy strate-
gies. Our findings demonstrated that immune cells, such as
CDS8" T cells, CD4" T cells, and NK cells, were significantly
different between the high- and low-risk groups, with these
cells predominantly enriched in the low-risk group. The
significant correlation between m6A-related IncRNAs and
HLA/MHC molecules suggests their potential predictive
value in evaluating the TME and immune response.

Finally, we demonstrate that the model has the poten-
tial to be applied in personalized treatment plans for PaCa
patients, particularly in the context of immunotherapy. The
TMB is associated with the formation of neoantigens, which
can activate antitumor immunity, making it a reliable bio-
marker for predicting responses to PD-L1 therapy [34].
Although a higher TMB is typically correlated with bet-
ter responses to immunotherapy, the high-risk group had a
higher TMB than the low-risk group did in our study, which
may indicate that immune evasion mechanisms or an immu-
nosuppressive TME enables resistance to immune attacks,
leading to a poorer prognosis.

The identification of monoclonal antibodies that target
immune checkpoint molecules has led to significant break-
throughs in cancer treatment. Inhibitors of PD-1/PD-L1 and
CTLA-4 have shown promising therapeutic outcomes [35].
In our study, submap analysis revealed that the low-risk
group demonstrated a significantly greater response rate to
PD-L1 immunotherapy than did the high-risk group [21].
Additionally, the risk score may aid in screening therapeu-
tic drugs. Although gemcitabine is the first-line treatment
for PaCa, most patients eventually develop resistance to
it [36]. Drug repurposing, which involves investigating
existing drugs for new therapeutic targets, has made sig-
nificant strides in cancer drug development [37, 38]. Our
study revealed that candidate drugs (WZ8040, selumetinib,
and bortezomib) from two pharmacogenomic databases
were associated with greater therapeutic sensitivity in the
high-risk group. Therefore, PaCa patients in both high- and
low-risk groups are more likely to benefit from effective
treatment when receiving appropriate immunotherapeutic
drugs. The establishment of an m6A-related IncRNA model
provides a new strategy for improving the clinical prognosis
of PaCa patients.

In summary, we established a prognostic risk model
for PaCa patients that includes LINC01091, AC096733.2,
AC092171.5, AC015660.1 and AC005332.6. We found that
the risk score was strongly associated with the TME and
immune cell infiltration in high-risk PaCa patients who are

more sensitive to WZ8040, selumetinib and bortezomib,
which demonstrates that our m®A-related risk model may
serve as a reliable prognostic biomarker for personalized
PaCa patients.
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