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Abstract
Background: The role of N6-methyladenosine (m6A)-associated long-stranded non-coding RNA (lncRNA)
in pancreatic cancer is unclear. Therefore, we analysed the characteristics and tumour microenvironment
in pancreatic cancer and determined the value of m6A-related lncRNAs for prognosis and drug target
prediction.

Methods: An m6A-lncRNA co-expression network was constructed using The Cancer Genome Atlas
database to screen m6A-related lncRNAs. Prognosis-related lncRNAs were screened using univariate Cox
regression; patients were divided into high- and low-risk groups and randomised into training and test
groups. In the training group, least absolute shrinkage and selection operator (LASSO) was used for
regression analysis and to construct a prognostic model, which was validated in the test group. Tumour
mutational burden (TMB), immune evasion, and immune function of risk genes were analysed using R;
drug sensitivity and potential drugs were examined using the Genomics of Drug Sensitivity in Cancer
database.

Results: We screened 129 m6A-related lncRNAs; 17 prognosis-related m6A-related lncRNAs were obtained
using multivariate analysis and three m6A-related lncRNAs (AC092171.5, MEG9, AC002091.1) were
screened using LASSO regression. Survival rates were signi�cantly higher (P < 0.05) in the low-risk than in
the high-risk group. Risk score was an independent predictor affecting survival (P < 0.001), with the
highest risk score being obtained by calculating the c-index. The TMB signi�cantly differed between the
high- and low-risk groups (P < 0.05). In the high- and low-risk groups, mutations were detected in 61 of 70
samples and 49 of 71 samples, respectively, with KRAS, TP53, and SMAD4 showing the highest mutation
frequencies in both groups. A lower survival rate was observed in patients with a high versus low TMB.
Immune function HLA, Cytolytic activity, and In�ammation-promoting, T cell co-inhibition, Check-point,
and T cell co-stimulation signi�cantly differed in different subgroups (P < 0.05). Immune evasion scores
were signi�cantly higher in the high-risk group than in the low-risk group. Eight sensitive drugs were
screened: ABT.888, ATRA, AP.24534, AG.014699, ABT.263, axitinib, A.443654, and A.770041.

Conclusions: We screened m6A-related lncRNAs using bioinformatics, constructed a prognosis-related
model, explored TMB and immune function differences in pancreatic cancer, and identi�ed potential
therapeutic agents, providing a foundation for further studies of pancreatic cancer diagnosis and
treatment.

Background
Pancreatic cancer is currently one of the most malignant tumours worldwide and is di�cult to diagnose
in early stages, leading to poor treatment outcomes and high mortality rates, thus posing a serious global
public health risk. According to the 2020 global statistics, there are approximately 500,000 new cases of
pancreatic cancer and 460,000 deaths each year[1] . The main treatment modality is surgery
supplemented with chemotherapy and immune-targeted therapy; however, the resectability rate using
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surgery is only 15–20%, and adjuvant treatments show limited effects, leading to an overall 5-year
survival rate of less than 8% [2-4]. Therefore, it is important to identify effective biomarkers for determining
the prognosis of patients with pancreatic cancer.

Long non-coding RNAs (lncRNAs) can be classi�ed as signalling, decoy, guide, and scaffold lncRNAs
according to their functions. Aberrant expression of lncRNAs disrupts homeostasis in organisms and
may drive or inhibit various cancers [5]. For example, downregulation of LINC01232 can inhibit the
proliferation and spread of pancreatic cancer cells to improve prognosis [6] . N6-methyladenosine (m6A)
is an epigenetic regulatory alteration of RNA [7] that affects the processing, transport, and stability of
lncRNAs through internal modi�cations and thus in�uences biological processes [8]. m6A-RNA
modi�cations, which are the most abundant modi�cations in the tumour immune microenvironment
(TME), are key factors affecting RNA functions [9, 10]. m6A enhances the translation of intracellular
lysosomal cathepsins by acting on mRNA to inhibit the antigen-presenting action of classical dendritic
cells and activation ability of T cells. However, modi�cation with m6A reduces the recruitment of MDSCs
and increases the in�ltration of CD8+ T cells [11] .

In recent years, advances in immunotherapy have led to promising results in a subset of tumours such as
lung cancer and melanoma [12]. Immunotherapy suppresses tumours by altering the TME. Jansen et
al. [13] showed that tumour cells can be killed by promoting in�ltrative aggregation of CD8+ T cells.
Whether m6A-related lncRNAs exert similar effects on pancreatic cancer remains unclear. In addition, the
prognostic impact of m6A-related lncRNAs in the TME of pancreatic cancer has not been widely
examined. Therefore, we constructed a model of m6A-related lncRNA and screened these lncRNAs as
markers for determining the prognosis of pancreatic cancer. This study was conducted to explore the
relationship with of lncRNAs with the TME and screen for relevant drugs and markers for pancreatic
cancer prognosis and immunotherapy.

Methods

Collection and processing of pancreatic cancer data
We obtained data from 182 patients with pancreatic cancer from The Cancer Genome Atlas (TCGA)
database (https://portal. gdc.cancer.gov/) and identifying information was redacted from all patients. A
total of 178 patient samples was de�ned as a combined set, which was randomly divided into a test
group and training group. The data were normalised, processed, and analysed using R software 4.1.1
(The R Group for Statistical Computing, Vienna, Austria). 

Screening of m6A-associated lncRNAs
We downloaded GTF �les from Ensembl (http://asia.Ensembl.org) and identi�ed 24 m6A-related genes,
including writers (METTL3, METTL14, METTL16, WTAP, VIRMA, ZC3H13, RBM15, RBM15B), readers
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(YTHDC1, YTHDC2, YTHDF1, YTHDF2, YTHDF3, HNRNPC, FMR1, LRPPRC, HNRNPA2B1, IGFBP1, IGFBP2,
IGFBP3, and RBMX), and erasers (FTO and ALKBH5). The m6A genes and lncRNAs in the samples were
evaluated using Pearson correlation analysis, with pre-set criteria of correlation> 0.4 and P < 0.001.

Modelling and evaluation of m6A-associated lncRNA gene
markers
Multivariate Cox regression analysis was used to assess independent prognostic factors for pancreatic
cancer. Expression data of candidate lncRNAs were obtained using univariate Cox proportional risk
analysis and least absolute shrinkage and selection operator (LASSO) optimisation, and m6A-lncRNAs
signi�cantly associated with prognosis were identi�ed. These lncRNAs were used to construct a risk
pro�le for each sample. The samples were divided into two groups according to the characteristics and
coe�cients: high- and low-risk groups, and receiver operating characteristic (ROC) curves were generated
using the "survival" and "survivalROC" packages in R software. These ROC curves were used to analyse
the 1-, 3-, and 5-year survival rates of patients and assess the accuracy of genetic characteristics for
predicting survival. The "pheatmap" package was used to draw a lncRNA expression heat map. The
"survcomp" package was used to calculate the c-index for assessing the best model prediction. 

Assessment of tumour immune microenvironment and
mutational load and potential drug screening using m6A-
associated lncRNA models
The selected m6A-associated lncRNAs were divided into high- and low-risk groups for differential
analysis. To evaluate the immune cell in�ltration data of pancreatic cancer and associated immune
functions, we downloaded the immune set �les and used the "limma, GSVA, GSEABase, pheatmap,
reshape2" package to determine and visualise the correlations of high- and low-risk groups with
individual immune checkpoints. TIDE was downloaded at http://tide.dfci.harvard.edu/login/ to print
documents. The TIDE scores of high- and low-risk samples were calculated and visualised using "limma,
ggpubr" in R. The difference between the tumour loads of the high- and low-risk groups were compared
using "maftools" in R and visualised in a waterfall plot. The Genomics of Drug Sensitivity in Cancer
database (https://cancerrxgene.org) is used for large-scale drug screening and evaluation of the tumour
response to chemotherapeutic agents in combination with genomic analysis. Using the Genomics of
Drug Sensitivity in Cancer database, the half-maximal inhibitory concentration (IC50) of drugs commonly
used for pancreatic cancer tumours was calculated to assess the clinical application of this model in the
treatment of pancreatic cancer. We then used Wilcoxon signed-rank test to compare the difference in IC50

between the high- and low-risk groups. To visualise the data, box plots were drawn using "PRrophytic" and
"ggplot2" in R.
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Results

m6A-associated lncRNAs and their prognostic values
The expression pro�les of 24 common m6A genes and 14,056 lncRNAs were obtained by analysing 178
pancreatic adenocarcinoma samples from TCGA. Through the Pearson test, we screened 129 m6A-
associated lncRNAs (Fig1A), which were used to derive 17 m6A-associated lncRNAs with prognostic
value via co-expression analysis and univariate Cox regression analysis, the results of which are shown in
the following �gure (Fig1B). 

TCGA cohort-based m6A-associated lncRNA model
construction
To eliminate covariate collinearity and avoid over�tting of the prognostic model, LASSO regression
analysis was performed for the 17 differentially expressed m6A-associated lncRNAs with prognostic
value, revealing three lncRNAs that could be further analysed using multivariate Cox regression.
Ultimately, m6A-lncRNAs were used to determine the prognosis of patients with pancreatic
adenocarcinoma based on the expression values of three lncRNAs (AC092171.5,
MEG9, and AC002091.1)(Fig1E). The genes showing high expression levels were AC092171.5 [hazard
ratio (HR) = 0.439, 95% con�dence interval (CI) = 0.197–0.976)], MEG9 (HR = 0.309, 95% CI = 0.114–
0.838), AC002091.1 (HR = 0.522, 95% CI = 0.288–0.954). The Cox coe�cients of the three lncRNAs were
used for modelling to calculate the prognostic risk scores for each patient in TCGA cohort as follows: -
(1.20237572230772 × expression level of AC092171.5) - (0.975350163451454 × expression level of
MEG9) - (1.49408312354077 × expression level of AC002091.1). Multivariate Cox regression analysis
Cox univariate analysis and c-index curve showed that the risk scores were signi�cantly associated with
survival and independent of clinical parameters(Figure2A, B, C). Subsequently, all patients were divided
into high- and low-risk groups based on the median risk scores(Fig3A, B). In the high-risk subgroup, the
expression levels of AC092171.5, MEG9, and AC002091.1 were lower Compared to low-risk group(Fig3E).
According to the survival curves, the overall survival rate was lower in the high-risk subgroup than in the
low-risk subgroup. The ROC curves showed AUC values of 0.710, 0.745, and 0.838 at 1, 3, and 5 years,
respectively(Fig3D). Therefore, the time-dependent ROC curves validated the prognostic value of the risk
score. 

 Validation of test group-based m6A-lncRNA model
To validate the prediction reliability of the training group m6A-lncRNA, the 88 samples in the test group
were divided into high- and low-risk subgroups based on their median risk scores, which were calculated
as described for the training group cohort(Fig4A, B). In the risk curve, the survival rate of the high-risk
gene group was lower than that of the low-risk gene group(Fig4C). In the heat map, the expression of risk
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genes was similar to that in the training group(Fig4E). In the survival curve, the survival time of the high-
risk gene group was signi�cantly shorter than that of the low-risk gene group. The AUC values at 1, 3, and
5 years in the time-dependent ROC curve were 0.688, 0.746, and 0.919, respectively.(Fig4D) 

Tumour mutation load analysis
The tumour mutation burden (TMB) indices of high- and low-risk genes were calculated separately; as
shown in the violin plot (Fig5A), the TMB of differed for high- and low-risk genes (P < 0.05), with a higher
TMB in the high-risk group. The waterfall plot shows the top 30 mutation frequencies. In the high-risk
group (Fig5B), mutations were detected in 61 of 70 samples; KRAS (71%), TP53 (64%), and SMAD4 (23%)
showed the highest mutation frequencies. In the low-risk group (Fig5C), mutations were detected in 49 of
71 samples, with KRAS (41%), TP53 (45%), and SMAD4 (15%) showing the highest mutation frequencies.
As shown in the �gure (Fig5D), the survival rate of patients with a high TMB was lower than that of
patients with a low TMB. Additionally, the mutation frequency of high-risk genes was greater than that of
genes in the low-risk group, and the survival rate of the high-TMB+high-risk gene group was lowest,
followed by the low-TMB+high-risk gene, high-TMB+low-risk gene, and low-TMB+low-risk gene groups
(Fig5E). 

Differences in immune function
We observed signi�cant differences in immune-related functions between the high- and low-risk groups
(Fig6A). As a practical tool for assessing anti-tumour immunity, HLA was signi�cantly lower in the high-
risk subgroup, indirectly indicating weaker HLA function in this subgroup; TypeII IFN Reponse was lower
in the high-risk group than in the low-risk group. In addition, Cytolytic activity, In�ammation-promoting, T
cell co-inhibition, Check-point, and T cell co-stimulation showed lower expression in the high-risk group
than in the low-risk group. As shown in the �gure (Fig6B), the two groups were signi�cantly different (P <
0.001), with higher TIDE scores in the high-risk than in the low-risk, indicating that the low-risk group has
lower immune evasion potential and that immunotherapy has lower e�cacy in the high-risk group. 

Screening for potential drugs
Screening revealed eight potential therapeutic drugs which showed different sensitivities between high-
and low-risk groups (P < 0.05): For ABT.888, ATRA, AP.24534, AG.014699, ABT.263, and axitinib, the IC50

in the low-risk group was less than that in the high-risk group (Fig7A-E), indicating that patients in the low-
risk group were more sensitive to the drugs. For A.443654 and A.770041, the IC50 in the low-risk group
was lower than that in the high-risk group, indicating that patients in the high-risk group are more
sensitive to these drugs (Fig7F-J).

Discussion
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Pancreatic cancer is a common and highly malignant tumour of the digestive system that is currently
di�cult to detect, diagnose, and treat early because of its unique biology. The main therapeutic options
for pancreatic cancer include surgery, chemotherapy, and radiotherapy [14, 15]. However,
only approximately 20% of patients can be treated with surgery [16]. Studies [17] have shown that the
median survival time after surgery is only 24–30 months. Therefore, it is important to �nd a reliable
biomarker for determining the prognosis of pancreatic cancer. LncRNAs play important roles in biological
processes by regulating gene expression and in�uencing various aspects of these processes such as
transcriptional regulation, gene imprinting, and chromatin remodelling [18, 19]. In previous studies, m6A-
related lncRNAs were shown to determine the prognosis of lung adenocarcinoma and low-grade
glioma [20, 21]. Therefore, m6A-related lncRNAs show potential as valuable targets for the diagnosis and
treatment of pancreatic cancer. In this study, we integrated m6A-related lncRNAs from the Ensembl
database and m6A-related lncRNAs from TCGA database and their corresponding clinical data, which
were used to construct a prognostic model of m6A-associated lncRNAs and internal validation.
The relationship between various genes and the immune microenvironment was explored and screened
to identify relevant drugs.

We performed a series of bioinformatics analyses to develop an m6A-associated lncRNA model
for determining the prognosis of pancreatic cancer. Three lncRNAs (AC092171.5, MEG9, AC002091.1)
were screened for subsequent analysis. Guyugang et al. [22] found that AC092171.5 was expressed at
lower levels in patients with high-risk lung adenocarcinoma, and Wei et al. [23] found that patients with
high AC002091.1 expression in osteosarcoma had a better prognosis. In our study, MEG9, AC092171.5,
and AC002091.1 were highly expressed in low-risk patients; these three lncRNAs may suppress pancreatic
adenocarcinogenesis. In the training group, the survival of patients in the high-risk group was shorter than
that in the low-risk group, whereas the test group showed consistent results. Taken together, these results
con�rm that our m6A-associated lncRNA model can accurately predict survival time in this population.

In addition, m6A methylation modi�cations play integral roles in innate and adaptive immune responses,
which may be useful for further studies of pancreatic cancer pathogenesis. Immune cells in the TME of
pancreatic cancer are in a state of quantity and functional imbalance, and have clearly defective anti-
tumour functions, resulting in a unique TME [24]. The TME of pancreatic cancer is characterised by dense
�brosis and massive in�ammatory cell in�ltration, which prevent in�ltration of effector cells such as T
cells and natural killer cells into the tumour. Through this mechanism, pancreatic cancer cells can evade
host immune surveillance. In addition, these in�ammatory cells affect pancreatic carcinogenesis and
inhibit the chemotherapeutic effects of relevant chemotherapeutic agents, such as gemcitabine [25].
McGranahan et al. [26] showed that reduced or absent HLA-1 expression prevents a presented antigen
from being recognised by T cells, thus causing immune evasion of the tumour. In our study, HLA function
was lower in the high-risk group than in the low-risk group, suggesting a greater capacity for immune
evasion in the high-risk group. In addition, tumour surface antigens can bind to effector cell immune
checkpoint molecules, which can promote in vivo effector T cell hypofunction or apoptosis to promote
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immune evasion by tumours [27]. We observed lower immune checkpoint function in the high-risk group
than in the low-risk group, which may also contribute to poor prognosis.

In recent years, immunotherapy has shown initial success in treating malignant tumours and good
e�cacy towards melanoma, lung cancer, and other malignant tumours [28]. Exploring potentially mutated
genes in pancreatic cancer can facilitate diagnosis and rational treatment selection. KARS and TP53
showed high mutation rates in both the high- and low-risk groups. Cullis et al. [29] showed that mutations
in KRAS are an important cause of the immunosuppressive state of tumours, as mutations in KRAS
impair recognition of pancreatic cancer cells by T cells to result in immune evasion [30]. In addition,
immunosuppression in the TME is related to mutations in KRAS. A related study [31] showed that
mutations in the TP53 gene are common in tumours and affect the recruitment and activity of T cells,
thus also leading to immune evasion [32]. These m6A-associated lncRNA gene mutations are closely
associated with immune activity in the TME, suggesting an interaction between m6A modi�cations and
tumour immunogenomics.

Our study had some limitations. First, this study was limited to TCGA database, and no further validation
was performed using external databases. Second, our results must be validated in further experiments,
and we have collected relevant clinical samples to perform this validation. Finally, animal and clinical
trials are needed to explore the therapeutic effects of the predicted drugs on pancreatic cancer. However,
our study provides a foundation for further exploration of biomarkers and immune mechanisms for
diagnosing and treating pancreatic cancer based on m6A-related lncRNAs.

Conclusions
We screened 57 differentially expressed m6A-associated lncRNAs with prognostic value based on 182
pancreatic cancer samples and identi�ed three lncRNAs based on expression to construct and validate an
m6A-lncRNA model. We found that these genes are correlated with the immune function characteristics
of the TME and tumour conformity and calculated immune evasion scores for high- and low-risk groups.
Finally, we screened relevant drugs to further identify tumour immunophenotypes to guide clinical
applications.
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Figure 1

(A) Co-expression of m6A regulatory genes and related lncRNA. (B)Cox univariate analysis of m6A
regulatory gene. (C)The tuning parameters of OS-related proteins to cross-verify the error curve.
(D)Perpendicular imaginary lines to calculating the minimum criteria. (E)Correlation heatmap of 3 m6a
associated lnCRNAs.

Figure 2

(A)Cox univariate analysis. (B) Cox multivariate analysis. (C)c-index analysis curve
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Figure 3

(A)Survival status of patients in different groups in Training cohort. (B)Rank of prognostic index and
distribution of groups based on m6A-lncRNA prognostic signature risk scores in training cohort.
(C)Survival status of patients in different groups in Training cohort. (D)Receiver operating characteristic
(ROC) curves of the m6A-lncRNA prognostic signature for predicting the 1-year 3-year 5-year survival in
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Train cohort. (E)heatmap of the m6A-lncRNA in Train cohort. (F)Heatmap of the m6A-lncRNA in Train
cohort

Figure 4

(A)Survival status of patients in different groups in test cohort. (B)Rank of prognostic index and
distribution of groups based on m6A-lncRNA prognostic signature risk scores in training cohort.
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(C)Survival status of patients in different groups in Test cohort. (D)Receiver operating characteristic
(ROC) curves of the m6A-lncRNA prognostic signature for predicting the 1-year 3-year 5-year survival in
Test cohort.(E)Heatmap of the m6A-lncRNA in Test cohort(F)Heatmap of the m6A-lncRNA in Test cohort

Figure 5

(A)TMB violin plot of high and low risk group. (B)High-risk group mutant gene waterfall plot. (C)Low-risk
group mutant gene waterfall plot. (D)Kaplan-Meier curve of H-TMB and L-TMB. (E)Kaplan-Meier curve of
TMB+Risk
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Figure 6

(A)Comparison of 13 immune-related functions between high-risk group and low-risk group in the TCGA
cohort(P-values were showed as: NS, not signi�cant; *P<0.05 **P<0.005 ***P<0.001). (B)Violin plot of
immune escape( P-values were showed as: ***P<0.001)

Figure 7

The sensitivity(IC50) of ABT.888, ATRA, AP.24534, AG.014699, ABT.263, axitinib, A.443654, and A.770041
between high and low risk groups.


