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Abstract

Background: Developing a prognostic model for lung adenocarcinoma (LUAD) that utilizes m6A/m5C/m1A genes holds immense
importance in providing precise prognosis predictions for individuals.

Methods: This study mined m6A/m5C/m1A-related differential genes in LUAD based on public databases, identified LUAD tumor
subtypes based on these genes, and further built a risk prognostic model grounded in differential genes between subtypes. The immune
status between high- and low-risk groups was investigated, and the distribution of feature genes in tumor immune cells was analyzed
using single-cell analysis. Based on the expression levels of feature genes, a projection of chemotherapeutic and targeted drugs was
made for individuals identified as high-risk. Ultimately, cell experiments were further verified.

Results: The 6-gene risk prognosis model based on differential genes between tumor subtypes had good predictive performance.
Individuals classified as low-risk exhibited a higher (P <0.05) abundance of infiltrating immune cells. Feature genes were mainly
distributed in tumor immune cells like CD4*T cells, CD8*T cells, and regulatory T cells. Four drugs with relatively low ICso values were
found in the high-risk group: Elesclomol, Pyrimethamine, Saracatinib, and Temsirolimus. In addition, four drugs with significant positive
correlation (P < 0.001) between ICsq values and feature gene expression were found, including Alectinib, Estramustine, Brigatinib, and
Elesclomol. The low expression of key gene NTSR1 reduced the ICsy value of irinotecan.

Conclusion: Based on the m6A/m5C/m1A-related genes in LUAD, LUAD patients were divided into 2 subtypes, and a m6A/m5C/m1A-

related LUAD prognostic model was constructed to provide a reference for the prognosis prediction of LUAD.
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Introduction

As the primary cause of cancer-related mortalities, lung cancer
covers 18.0% of all cancer deaths. Approximately one in every
eight cancer individuals is diagnosed with lung cancer, and about
two-thirds of all lung cancer deaths worldwide are attributed to
smoking [1]. Lung adenocarcinoma (LUAD) is a prevalent histo-
logical subtype of non-small cell lung cancer (NSCLC). Despite
the availability of various therapeutic modalities, such as surgical
resection, radiation therapy, chemotherapy, and targeted therapy,
the prognosis of individuals with LUAD remains unfavorable [2].
Recent studies have demonstrated the crucial role of methylation
modification regulatory factors in the development and progres-
sion of LUAD, and their association with patient prognosis. There-
fore, the development of a prognostic model targeting methy-
lation modification regulatory factors is becoming a promising
approach to guide the clinical prognosis and treatment of LUAD
individuals [3].

Mounting evidence suggests that RNA modifications are key
players in diverse RNA-related processes, such as translation,

transcription, processing, stability, and splicing [4, 5]. Thus far,
over 170 distinct RNA modifications have been authenticated [6].
RNA methylation is a significant form of epigenetic modification,
with Né6-methyladenosine (m6A), 5-methylcytosine (m5C), and
N1-methyladenosine (m1A) being some of the most prominent
types of RNA methylation [7]. The regulation of these methylation
modifications is governed by three distinct classes of enzymes
in a dynamic manner, including writers (methylases), erasers
(demethylases), and readers (binding proteins) [8-10]. While RNA
modifications are not traditionally classified as cancer-driving
factors, mounting evidence supports their involvement in the
progression of cancer. The deviant expression of these modifi-
cations has been associated with a gamut of processes related
to cancer, including enhanced cell growth, proliferation, differ-
entiation, and tumorigenesis, as well as increased resistance to
chemotherapy and other drugs [11-14]. Studies have found that
the m6A demethylase FTO promotes lung cancer cell proliferation
by modulating the m6A levels of USP7 mRNA [15]. According to
Liu et al. [16], m5C RNA regulatory factors serve a critical function
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in governing the tumor microenvironment (TME) in LUAD and
hold the potential for prognostic predictions of LUAD individuals.
The importance of m1A regulatory factors in both the treatment
and prognosis of LUAD was explored by Bao and colleagues [17].
They observed that individuals with decreased m1A levels exhib-
ited higher mortality rates, as well as increased tumor mutation
burden (TMB) and genomic mutation frequency. In summary, RNA
methylation modifications feature in the prognosis of LUAD, and
they have a certain influence on the occurrence and development
of tumors. Despite recent advances in the study of m6A/m5C/m1A
modifications, there remains a notable gap in our understanding
of their prognostic value, particularly in LUAD. As such, the devel-
opment of a comprehensive m6A/m5C/m1A-related prognostic
model for foretelling the outcomes of LUAD individuals would
hold significant practical significance. Such a model could enable
more accurate prognostic assessments and potentially guide per-
sonalized treatment strategies for individuals with this deadly
disease.

In this work, the subtypes of differentially expressed m6A/m5C/
m1A regulatory factors in LUAD were determined, and a prog-
nostic model was devised based on the differentially expressed
genes (DEGs) across the identified clusters. Additionally, we
conducted drug sensitivity prediction and virtual drug screening,
and mined new therapeutic targets based on the relationship
between drugs and targets. Finally, we performed a single-cell
analysis of the feature genes in the model and interpreted
their distribution in different immune cell types. At the same
time, the relationship between key gene expression and drug
sensitivity was detected by cell experiments. This will provide a
reference for prognostic prediction and drug selection for LUAD
individuals.

Results

Expression and mutation analysis of
m6A/m5C/m1A related differential genes

By analyzing the differential genes between tumor and normal
groups in The Cancer Genome Atlas (TCGA) database, 8694 LUAD-
related DEGs were obtained. By referring to the literature, 50
m6A/m5C/m1A related genes were acquired, and the intersection
of these two sets of genes yielded 13 m6A/m5C/ml1A genes
differentially expressed in LUAD. We analyzed the expression
differences of these 13 genes between tumor and normal groups,
and ascertained the significant upregulation of NSUN2, IGF2BP3,
NSUNS, DNMT3B, NOP2, DNMT3A, IGF2BP1, LRPPRC, ALYREF,
DNMT1, and TRMT6 (P <0.001), but downregulation of FTO in
tumor tissues (P <0.001) (Fig. 1A). Correlation heatmap analysis
revealed strong positive correlations among these genes (Fig. 1B).
Next, we visualized the specific locations of the differential
m6A/m5C/m1A genes with significant copy number variation
(CNV) differences in tumors on human chromosomes (Fig. 1C).
We then analyzed the mutation status of these 13 genes in tumor
groups and found that the top 5 mutated genes were DNMT3A,
IGF2BP1, LRPPRC, NSUN2, and DNMT3B according to the TMB
waterfall plot (Fig. 1D). The above results suggest that there are
13 DEGs related to m6A/m5C/m1A in LUAD, and these genes have
mutated. The 13 m6A/m5C/m1A-related genes were enriched
in MicroRNAs in Cancer, Cysteine, and methionine metabolism
signaling pathways (Fig. 1E) (Kyoto Encyclopedia of Genes and
Genomes (KEGG), approved by Kanehisa laboratories, Kyoto,
Japan).

Tumor subtype identification on the ground of
m6A/m5C/m1A-regulated genes

Based on 13 m6A/m5C/m1A-regulated genes, the samples were
stratified by the nonnegative matrix factorization (NMF) cluster-
ing method, and rank =3 was selected as the best number of clus-
ters (Fig. 2A). We then conducted survival and immune analyses
on the three clusters, showing that there was a significant differ-
ence in the overall survival rate between clusters 1, 2, and 3, with a
lower survival rate in cluster 2 (P=1.149e-02). There was no signif-
icant difference between cluster 1 vs. cluster 2 (P=1.007e-01) and
cluster 1 vs. cluster 3 (P=9.213e-01), but there was a significant
difference between cluster 2 and cluster 3 (P=2.827e-02) (Fig. 2B).
The survival rate of cluster 1_3 was significantly higher than that
of cluster 2 (P=1.256e-02) (Fig. 2C). Additionally, there was a signif-
icant difference in stromal score between cluster 2 and cluster 1_3
(P <0.05). The immune score and ESTIMATE score of cluster 2 were
lower than those of cluster 1_3, but not statistically significant
(Fig. 2D-F). Immune score was used to evaluate the degree of
tumor immune cell infiltration, and the stromal score was used
to evaluate the degree of tumor interstitial cell infiltration. The
higher the score, the better the prognosis. ESTIMATE score is a
comprehensive evaluation index of tumor microenvironment. It
is the sum of the immune score and stromal score, which is
used to infer tumor purity. The higher the score, the lower the
tumor purity. The tumor purity score of cluster 2 was also higher
than that of cluster 1_3, but not statistically significant (Fig. 2G).
The box plot of immune checkpoints revealed that the expres-
sion levels of ITGAL, BTK, ADORA2A, BTLA, CD160, CD200R1,
CD28, CD40LG, IDO2, TNFSF18 and TNFSF18 were tellingly lower
(P<0.05) in cluster 2 than in cluster 1_3 (Fig. 2H). The above
results show that there are differences in survival time, immune
cell infiltration, and immune checkpoints among the three clus-
ters, indicating a better stratification effect on LUAD patients
based on 13 m6A/m5C/m1A-regulated genes. Since the survival
rate of cluster 1_3 was significantly different from that of clus-
ter 2, we chose to combine clusters 1 and 3 for analysis with
cluster 2.

Construction of the 6-gene prognostic model for
LUAD

From the results of survival and immune analysis among different
clusters, we conducted a differential analysis of genes between
cluster 2 and cluster 1_3 (control group) with [logfC|> 1 and FDR
<0.05, resulting in 1091 DEGs (Fig. 3A). After combining with
clinical information, univariate regression analysis was done,
and 43 candidate genes significantly linked with survival were
screened based on a P value <0.001 (Table S1). Subsequently,
LASSO analysis was employed to obtain 19 feature genes
(Fig. 3B and C, Table S2) to mitigate multicollinearity and reduce
model complexity by selecting the optimal penalty parameter
Lambda. Finally, we performed multiple regression analysis
on these 19 feature genes and selected 6 feature genes based
on the Lambda value to construct the prognostic model:
Riskscore =0.0934+«NTSR1 — 0.0358+*ABCC12 + 0.0448+xKRT76 — 0.10
64+RIC3 — 0.1278+xATP8A2 4 0.0468«KRT6C (Fig. 3D). Among them,
the P value of the coefficient is less than 0.05, indicating that
this factor has a significant impact on survival. For example,
the P value of NTSR1 is less than 0.001, indicating that it has a
very significant impact on survival. The P value of the model is
2.2931e-12 and the C index was 0.71.
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Figure 1. Data analysis of differentially regulated genes of m6A/m5C/m1A in LUAD. (A) Boxplot of differentially expressed m6A/m5C/m1A genes

in normal and tumor groups. (B) Correlation heatmap of differential m6A/m5C/m1A genes. (C) CNV chromosome displays a circle diagram of

differentially expressed m6A/m5C/m1A genes. (D) TMB waterfall plot of differentially expressed m6A/m5C/m1A genes in tumors. (E) KEGG analysis
of 13 m6A/m5C/m1A genes enriched signaling pathways. (https://www.genome.jp/kegg/) [65-67]. Alt-text (A) The box plot showed that NSUN2, IGF2BP3,
NSUNS, DNMT3B, NOP2, DNMT3A, IGF2BP1, LRPPRC, ALYREF, DNMT1, and TRMT6 were highly expressed in LUAD tumor tissues, FTO was lowly
expressed, and the expression of IGF2BP2 did not change significantly; (B) The correlation heat map showed that there was a positive correlation
between genes except FTO, and there was a negative correlation between FTO and other genes; (C) The circle shows the specific location of these genes

in chromosome copy number variation; (D) The waterfall diagram analyzes the tumor mutation burden and shows the genes with a greater degree of

mutation that may affect the tumor; (E) The bubble diagram showed the functions involved in the differential m6A/m5C/m1A genes.
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Figure 2. Identification and analysis of tumor subtypes based on m6A/m5C/m1A regulatory genes. (A) NMF clustering diagram. (B) Cluster survival

analysis. (C) Cluster 1_3 and cluster 2 survival analysis. (D) Immune score. (E

) Stromal score. (F) ESTIMATE score. (G) Tumor purity score. (H) Boxplot

of immune checkpoint expression. Alt-text (A) Heat map display non-negative matrix algorithm based on m6A/m5C/m1A gene expression patients

were divided into 3 clusters; (B) K-M curve showed that clusterl had a higher

survival rate than cluster2 and cluster3; (C) The K-M curve showed that

the survival rate of patients with combined cluster1_3 was higher than that of cluster2; (D-F) The violin plot showed that the immune score, stromal
score, and ESTIMATE score of cluster2 were relatively lower than those of cluster1_3; (G) Violin diagram showed that there was no significant difference
between cluster? and cluster in tumor purity; (H) The box plot showed that there were differences in the expression of immune checkpoint genes

between cluster2 and cluster1_3.

Validation of the 6-gene prognosis model for
LUAD

In order to evaluate the reliability of the model, we calculated
riskScores for clinical samples in the training set (Fig. 4A) and
grouped them into high- and low-risk groups based on the
median riskScore, which disclosed a positive correlation between

riskScores and the number of patient deaths (Fig. 4B). In the high-
risk group, the expression levels of ATP8A2, ABCC12, and RIC3
genes were low, while the expression levels of KRT76, NTSR1,
and KRT6C were high (Fig. 4C). The area under the curve (AUC)
values of the 1-, 3-, and 5-year receiver operating characteristic
(ROC) curves were 0.78, 0.71, and 0.69, respectively, indicating

€202 Joquiaoaq 9z uo 1sanb Aq 60,26+ ./80ZPEPP/BUIL/EE0L"0L/10p/al01HE-20UBAPE/BWY/WO0"dNo-ojwapese//:sdny Wwoly papeojumoq



Volcano

10
|

logFC

=)
T

T T T | T T T
0 20 40 60 80 100 120 140

-log10(FDR)

43 43 43 42 41 38 37 31 26 25 20 20 19 14 6

=
o NTSR1

12.2
I

""""" KRT76

12.0
1

RIC3

Partial Likelihood Deviance

11.8

116

KRT6C

ABCC12

JSYNReELAs ATP8A2

Construction of a prognostic model for lung adenocarcinoma | 5

43 41 35 23 19 0

Coefficients

Log Lambda

Hazard ratio

= 1.10
(N=473) (1.0427.16) ——— <0.001
= 096 4
(N=473) (0.93=1.00) |—.—-| 0.072
” 1.05 ; «
(N=473) (1.00=1.09) —a— 0.029
= 0.90 : .
(N=473) (0.82-0.98) —a— : 0.016
= 0.88 : .
(N=473) 0802007y F————— ! 0.013
" 1.05 ! g
(N=473) (1.01%5.09) i 0.009
# Events: 157; Global p-value (Log-Rank): 2.2931e-12
AIC: 1552.08; Concordance Index: 0.71 0.8 0.85 0.9 0.95 1 105 14 115

Log(n)

Figure 3. Construction of m6A/m5C/m1A genes-related prognostic model of LUAD. (A) Volcano plot for differential analysis. (B) Coefficient distribution
plot was generated for log (1) sequences in the Lasso model. (C) Lasso coefficient spectrum for Lasso Cox analysis. (D) Forest plot for multiple factor
regression analysis. *P <0.05, **P <0.01, **P < 0.001, indicating that the gene has a significant effect on the survival status. Alt-text (A) Volcano map
shows the differential genes between cluster2 and cluster1_3; (B and C) Twenty genes were obtained by LASSO analysis; (D) The forest plot showed that
six characteristic genes were obtained after multivariate Cox regression analysis, and the influence of these genes on the survival rate of patients was

demonstrated by P value.

good predictive performance of the prognosis model we built
(Fig. 4D). The survival analysis indicated that the group with
higher riskScores exhibited significantly lower survival rates
(P=1.495e-07) (Fig. 4E).

Next, we validated the model using the Gene Expression
Omnibus (GEO) dataset GSE72094. We computed the riskScore
values for the validation set samples using the built model
(Fig. 4F) and put the samples into high- and low-risk groups
according to the median riskScore. The survival status (Fig. 4G)
and prognostic gene expression levels (Fig. 4H) of the validation
set samples showed the same results as those of the training set
samples. The AUC values of the 1-, 3-, and 5-year ROC curves for
this set of samples were 0.67, 0.71, and 0.85, respectively (Fig. 41).
Survival curve results also disclosed tellingly lower survival
rates for the high-risk group (P=1.161e-04) (Fig.4J). Overall,
the prognosis model we built here exhibited good predictive
performance.

We also compared the 1-, 3-, and 5-year ROC values of the prog-
nostic model based on the training set with the other 14 published
prognostic features [18-31] to test the prognostic performance of
our model. The results showed that our prognostic model had

better performance than any other model in TCGA-LUAD cohort
(Fig. 5).

Enrichment pathway analysis of significantly
enriched pathways between two risk groups

We conducted KEGG pathway enrichment analysis using gene
set enrichment analysis (GSEA) software to identify significantly
enriched pathways between the two groups based on the gene
sets, with outcomes showing that the genes in the high-risk
group were significantly enriched in several pathways, includ-
ing PENTOSE PHOSPHATE PATHWAY, PATHOGENIC ESCHERICHIA
COLIINFECTION, CELL CYCLE, DNA REPLICATION, P53 SIGNALING
PATHWAY, and HOMOLOGOUS RECOMBINATION (Fig. 6). These
pathways are involved in cancer progression, indicating that the
feature genes we obtained may affect LUAD by participating in
multiple signaling pathways that affect cancer.

The prognostic model has an independent
prognostic ability

We calculated the riskScore for different genders, T, N, and stage
classifications to evaluate their correlations and plotted violin
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Figure 4. Validation of the prognostic model. (A) Distribution of riskScore for TCGA training set. (B) Distribution of survival status for TCGA training
set. (C) Heatmap of expression levels for TCGA training set. (D) ROC curve for TCGA training set. (E) Survival analysis for high- and low-risk groups in
TCGA training set. (F) Distribution of risk group scores in the GEO validation set. (G) Distribution of survival status for GEO validation set. (H) Heatmap
of expression levels for GEO validation set. (I) ROC curve for GEO validation set. (J) Survival analysis for high- and low-risk groups in the GEO validation
set. Alt-text (A and B) The scatter plot shows the riskscore values of each sample and ranks them by size. At the same time, it shows the survival status
of patients; (C) Heat map showed that in the high-risk group, ATP8A2, ABCC12, and RIC3 were lowly expressed, and KRT76, NTSR1, and KRT6C were
highly expressed; (D and E) ROC curve and survival curve showed that the AUC value was greater than 0.6, and the survival rate of the high-risk group
was lower than that of the low-risk group; (F and G) In the validation set, the scatter plot showed the riskscore value of each sample and sorted by size.
At the same time, it showed the survival status of each patient, and the patients who died were mostly distributed in the high-risk group; (H) In the
validation set, the heat map showed low expression of ATP8A2, ABCC12, and RIC3, and high expression of KRT76, NTSR1, and KRT6C in the high-risk
group; (I and J) In the validation set, the ROC curve and survival curve showed that the AUC value was greater than 0.6, and the survival rate of the
high-risk group was lower than that of the low-risk group.
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Figure 5. Comparison between m6A/m5C/m1A gene-related prognostic model and other models. The 1-, 3-, and 5-year AUC values of the prognostic
model and other models developed in TCGA-LUAD cohort. Alt-text The bar chart shows that compared with other models, the AUC values of the model
in this study are higher in 1 year, 3 years and 5 years.
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Figure 6. GSEA pathway enrichment analysis of high- and low-risk groups. The line chart is called the enrichment score (ES) line chart. The peak
represents the ES of the gene set, and the gene on the left side of the peak represents the core gene of the gene set. The upper ordinate corresponds
to running ES; the lower abscissa, the distribution of rank values of all genes after sorting; barcode, also known as hits plot, marks the location of
the gene in the gene ordination list; the left bar graph indicates the high-risk group genes, and the right bar graph indicates the low-risk group genes.
Alt-text GSEA enrichment analysis showed that high-risk group genes were enriched in PENTOSE PHOSPHATE PATHWAY, PATHOGENIC ESCHERICHIA
COLI INFECTION, CELL CYCLE, DNA REPLICATION, P53 SIGNALING PATHWAY, and HOMOLOGOUS RECOMBINATION signaling pathways.

plots. The results showed significant differences among them, (P=0.00054) (Fig. 7D) having higher riskScore values and disease
with male individuals (P=0.0076) (Fig. 7A), T3 + T4 stage (P=0.019) risks. Then, we performed univariate and multivariate regression
(Fig. 7B), N1+ N2+ N3 stage (P=3.9e-06) (Fig. 7C), and stage 3-4 analysis combining riskScore with clinical information, and found
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that stage, T, N, and riskScore were all significant in the univariate
regression (P < 0.001), with riskScore being the most significant in
the multivariate regression analysis (stage, P=0.022; N, P=0.023,
riskScore, P<0.001) (Fig. 7E and F). Subsequently, we used the
riskScore and combined it with clinical information to draw a
nomogram of the model to foretell the survival rate of LUAD
individuals (Fig. 7G). The calibration curves for 1-year, 3-year, and
5-year survival rates demonstrated a strong agreement between
the predicted and actual survival rates of the model (Fig. 7H-]).
Therefore, the 6-gene prognostic model has independent prognos-
tic performance and can accurately predict patient prognosis.

Low-risk patient group may benefit more from
immunotherapy

Next, we performed an immune-related analysis on the two
groups. Firstly, using the immune cell score obtained by single-
sample gene set enrichment analysis (ssGSEA), the scores of aDCs,
iDCs, Mast_cells, and Neutrophils were found significantly higher
in the low-risk group, while the NK_cells score was significantly
lower in the low-risk group (P < 0.001) (Fig. 8A). Regarding immune
function scoring, the low-risk group exhibited significantly
higher scores (P<0.05) for HLA and Type_II_IFN_Response but
lower scores (P<0.01) for APC_co_inhibition, Inflammation-
promoting, MHC_class_I, and Parainflammation in contrast to
the high-risk group (Fig. 8B). Further analysis of infiltrating
immune cells using CIBERSORT showed that T cells CD4 memory
activated, Macrophages MO, Macrophages M1, and Neutrophils
were significantly higher in the high-risk group, while B cells
naive, T cells CD4 memory resting, Monocytes, and Dendritic cells
activated were significantly higher in the low-risk group (P < 0.05)
(Fig. 8C). The HLA results indicated that the expression level of
HLA was significantly higher in the low-risk group than in the
other group (P <0.05) (Fig. 8D). Furthermore, we found that the
expression levels of immune checkpoint genes were significantly
different between the high- and low-risk groups. Compared with
the low-risk group, the expression of most immune checkpoints
in the high-risk group was low (P <0.05). (Fig. 8E). Additionally,
we found that the low-risk group had a lower tumor immune
dysfunction and exclusion (TIDE) score (P=2.3e-08) (Fig. 8F) and
a higher immunophenoscore (IPS) (P < 0.001) (Fig. 8G-H). Drawing
on the results of the immunological analysis, it could be inferred
that the low-risk group in LUAD might derive greater benefit from
immunotherapy.

Correlation analysis between feature genes and
single-cell characteristics

To explore the expression patterns of model feature genes across
various immune cell types, we conducted an analysis of single-
cell sequencing data from GSE99254 utilizing the Tumor Immune
Single-cell Hub (TISCH) database. The Uniform Manifold Approx-
imation and Projection (UMAP) diagram showed that there were
mainly 6 cell clusters, of which the most abundant cells were
CD4 Tconv, CD8 Tex, CD8 T cells, and Treg cells (Fig. 9A). Next,
we evaluated the expression of feature genes and found that RIC3
was expressed in these cell clusters, but was mainly expressed
in CD4 Tconv cells and CD8 Tex cells (blue dots were densely
distributed in these two cell clusters) (Fig. 9B), while other fea-
ture genes were less expressed in these cell clusters (blue dots
were sparsely distributed in the six cell clusters) (Figs S1-S5).
Additionally, we further quantitatively analyzed the expression
of feature genes in these cell clusters. Similar to the results of
Fig. 9B, compared with the expression of other feature genes, RIC3
was expressed in the six cell clusters, and its expression level was

relatively high. In addition, these genes were highly expressed in
monocytes/macrophages, which may be due to the small number
of monocytes/macrophages (Fig. 9C). The above results suggest
that the expression levels of feature genes are different in six
types of immune cells.

High-risk group has a higher TMB

To understand the mutation status of genes in different tumor
samples, we utilized TCGA mutation data to assay the TMB of two
group samples, with results showing that the TMB of the high-risk
group was notably higher (P =1.3e-05) (Fig. 10A). Patients with high
TMB may achieve better immunotherapy results due to higher
antigen counts. The detailed gene mutation spectrum of patients
in the high- and low-risk groups was further explored through the
waterfall diagram. Specific mutation analysis of the top 30 genes
in the two groups revealed that TP53 ranked first in the high-
risk group (Fig. 10B) and second in the low-risk group (Fig. 10C),
with a higher mutation frequency in the high-risk group. Different
expression patterns may lead to different clinical outcomes of
immune response [21].

Drug sensitivity analysis

In order to further explore the potential application of the
prognostic model in the treatment of LUAD, the possible
chemotherapeutic drugs were predicted by analyzing the
correlation between the expression of feature genes and the ICs
value of conventional chemotherapeutic drugs. At the same time,
the difference in chemotherapy sensitivity between the high-
and low-risk groups was evaluated by analyzing the relationship
between the two risk groups and the ICsy value. The results
showed significant positive correlations between KRT6C and
Alectinib, Estramustine, and Brigatinib (correlation coefficients
of 0.710, 0.546, and 0.525, respectively), as well as a significant
positive correlation between KRT76 and Elesclomol (correlation
coefficient of 0.646) (Fig. 11A). It is suggested that the low
expression of KRT6C and KRT76 in LUAD may be highly sensitive
to Alectinib, Estramustine, Brigatinib, and Elesclomol. Among
several chemotherapeutic drugs (Elesclomol, Pyrimethamine,
Saracatinib, and Temsirolimus), there are differences in drug
sensitivity between high- and low-risk groups, and the high-
risk group 1is relatively more sensitive (P <0.05) (Fig. 11B). It is
suggested that these four chemotherapy drugs may be potential
drugs for the treatment of LUAD patients in the high-risk group.
These results provide a reference for the stratified treatment
of LUAD.

Virtual screening of target drugs for feature
genes

We further conducted a virtual screening of drugs targeting
the three feature genes upregulated in the prognostic model:
NTSR1, KRT76, and KRT6C. The three-dimensional structures of
the proteins corresponding to these genes were obtained from the
PDB database, and 2115 small molecule compounds approved by
the Food and Drug Administration (FDA) were screened virtually
from the ZINC database, with outcomes showing the top two
small molecules and proteins in terms of affinity score prediction
(Table 1). The binding mode of compounds and proteins was
plotted, and the interaction between compounds and binding sites
and surrounding amino acid residues was observed. NTSR1 had
affinity scores of —10.8 (Fig. 12A) and —10.4 kcal/mol (Fig. 12B)
for Irinotecan and Dihydroergotamine, respectively. KRT76 had
affinity scores of —8.9 (Fig. 12C) and —8.6 kcal/mol (Fig. 12D)
for Dihydroergotamine and Ergotamine, respectively. KRT6C had
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Figure 7. Independent prognostic ability analysis for riskScore and clinical features. (A) Relationship between age and riskScore. (B) Relationship between
tumor T stage and riskScore. (C) Relationship between tumor N stage and riskScore. (D) Relationship between tumor grade and riskScore. (E) Forest plot
for univariate regression analysis. (F) Forest plot for multiple factor regression analysis. (G) Nomogram of prognostic model riskScore combined with
clinical information. (H) Calibration curve for 1-year risk prediction. (I) Calibration curve for 3-year risk prediction. (J) Calibration curve for 5-year risk
prediction. Alt-text (A-D) The violin plot showed that the risk scores of male group, T3+ T4 group, N1+ N2+ N3 group and stage III+IV group were
higher; (E and F) the Forest plot showed that the P value of riskscore was less than 0.001 in univariate and multivariate Cox regression analysis; (G)
Riskscore combined with clinical information to draw nomogram. (H-J) The calibration curves for 1-year, 3-year, and 5-year survival rates showed strong
consistency between the predicted and actual survival rates of the model.
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Figure 8. Immune analysis of high- and low-risk groups. (A) ssGSEA algorithm analysis of immune cells. (B) ssGSEA algorithm analysis of immune
function. (C) CIBERSORT algorithm analysis of immune cell infiltration level. (D) Box plots of HLA expression levels. (E) Box plots of immune checkpoint
expression levels. (F) Box plots of TIDE scores. (G) Box plots of IPS. (H) Box plots of IPS. Alt-text (A-C) The box plot showed that there were differences
in the infiltration of some immune cells between the high and low risk groups; (D) Box plot showed that most of the HLA-related genes were highly
expressed in the low-risk group; (E) Box plot showed that most of the immune checkpoint genes were highly expressed in the low-risk group; (F) The
violin plot showed that the scores of tumor immune dysfunction and exclusion in the low-risk group were lower than those in the high-risk group;
(G and H) The violin plot showed that the immune cell proportion score of the low-risk group was higher than that of the high-risk group.
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Figure 9. Expression of feature genes in different immune cell types. (A) UMAP plot of 6 major cell clusters in TME. (B) Distribution of RIC3 in cells.
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levels were different.
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Figure 10. Tumor mutation analysis of high- and low-risk groups. (A) Violin plot of TMB in high- and low-risk groups. (B) Waterfall plot of top 30 mutated
genes in the high-risk group. (C) Waterfall plot of top 30 mutated genes in the low-risk group. Alt-text (A) The violin plot showed that the tumor mutation
burden in the high-risk group was higher than that in the low-risk group; (B and C) The waterfall diagram was used to analyze the tumor mutation

burden in the high and low risk groups, and to show the genes with a greater degree of mutation that may affect the tumor.

affinity scores of —7.7 (Fig. 12E) and —7.1 kcal/mol (Fig. 12F) for
Differin and Nilotinib, respectively. The three protein targets can
form hydrophobic interactions and van der Waals forces with the
compounds and bind stably. Dihydroergotamine (with NTSR1 and
KRT76) formed hydrogen bonds on Glul65, Glu276, and Asn422
residues. Ergotamine (with KRT76) formed hydrogen bonds on five
residues such as Glu267 and Lys271. Nilotinib (with KRT6C) forms
hydrogen bonds on the Tyr253 residue, which makes the binding
stronger. This indicates that there are differences in the sensitivity
of high- and low-risk groups to some chemotherapeutic drugs,
which suggests that attention should be paid to differences in the
use of chemotherapeutic drugs in different groups of patients.

The expression of key gene NTSR1 affects the
sensitivity of A549 cells to irinotecan

Because NTSR1 had the highest binding energy with irinote-
can, we used cell experiments to verify the relationship between

Table 1. Virtual screening affinity scores.

Target Molecular Affinity (kcal/mol)
NTSR1 Irinotecan —10.8

NTSR1 Dihydroergotamine —-10.4

KRT76 Dihydroergotamine -89

KRT76 Ergotamine -8.6

KRT6C Differin -7.7

KRT6C Nilotinib —-7.1

NTSR1 expression and irinotecan. Firstly, based on TCGA-LUAD
dataset, the expression of NTSR1 in LUAD was analyzed. The
results showed that NTSR1 was highly expressed in LUAD com-
pared with normal tissues (P <0.05) (Fig. 13A), which was also
verified in cell experiments (Fig. 13B). Therefore, we silenced the
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Figure 11. Drug sensitivity analysis. (A) Plot of gene expression and ICsp. (B) Violin plots of the sensitivity to the four drugs in high- and low-risk groups.
Alt-text (A) Pearson correlation analysis showed that the expression of the characteristic gene KRT76C was positively correlated with the IC50 values
of Alectinib, Estramustine, and Brigatinib, and the same was true between KRT76 and Elesclomol; (B) The violin plot showed that the IC50 values of
Elesclomol, Pyrimethamine, Saracatinib, and Temsirolimus in the low-risk group were higher than those in the high-risk group.
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Figure 12. Virtual screening of drugs. (A) Two-dimensional display of the docking of NTSR1 with Irinotecan. (B) Two-dimensional display of the docking
of NTSR1 with Dihydroergotamine. (C) Two-dimensional display of the docking of KRT76 with Dihydroergotamine. (D) Two-dimensional display of the
docking of KRT76 with ergotamine. (E) Two-dimensional display of the docking of KRT6C with Differin. (F) Two-dimensional display of the docking of
KRT6C with Nilotinib. Semicircle: Hydrophobic interaction. Alt-text (A-F) The binding modes of compounds to proteins showed the interaction modes
between NTSR1 and irinotecan and dihydroergotamine, KRT76 and dihydroergotamine and ergotamine, KRT6C and Differin and Nilotinib, including

hydrophobic interaction, van der Waals force and hydrogen bond.

expression of NTSR1 (Fig. 13C) and detected the change of ICs
value after irinotecan treatment of A549 cells with low expression
of NTSR1. The results showed that the low expression of NTSR1
significantly reduced the ICsq value (ICso=4.153) (Fig. 13D). Low
expression of NTSR1 increased the sensitivity of A549 cells to
irinotecan.

Discussion

This study found that the prognosis of cluster 2 was worse, indi-
cating a certain correlation between m6A/m5C/m1A and LUAD
prognosis. We conducted a regression analysis of DEGs related to
cluster 2 and ultimately constructed a 6-gene LUAD prognostic
risk scoring model. The AUC values of the ROC curve for the
performance evaluation of our model at 1 year, 3 years, and
5 years were 0.78, 0.71 and 0.69, respectively. The AUC values
of the prognostic model constructed by Luo et al. [31] based

on hypoxia-related genes were 0.649 (1 year), 0.667 (3 years),
and 0.575 (5 years). The 3-year and 5-year AUC values of the
autophagy-related prognostic model constructed by Fei et al. [23]
were 0.699 and 0.673, respectively. Compared with these models,
the AUC value of our model is relatively high, and the AUC value
in the validation set (1 year=0.67, 3 years=0.71, 5 years=0.85) is
relatively stable, indicating that the performance of our model
is relatively good. Of course, the comparison with other LUAD
prognostic models needs to be further explored. Additionally, the
high-risk group exhibited higher expression levels of feature genes
such as KRT76, NTSR1, and KRT6C, whereas the low-risk group
showed higher expression levels of ATP8A2, ABCC12, and RIC3
(P <0.05). Some of these genes have been found to have vital func-
tions in LUAD, but some genes have not been deeply probed into.
For instance, NTSR1 is the neurotensin receptor 1. Ou-Yang et al.
[32] found that knocking down NTSR1 can weaken the invasion
of glioblastoma cells, and this anti-invasion effect is produced via
the Jun/miR-494/SOCS6 axis. Huang et al. [33] also found in their
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Figure 13. The effect of the expression of key gene NTSR1 on the sensitivity of LUAD cells to irinotecan. (A) Based on the TCGA database, the expression
of NTSR1 in LUAD and normal tissues; (B) The expression of NTSR1 in human bronchial epithelial cell line and LUAD cell lines detected by qRT-PCR;
(C) The expression of NTSR1 after transfection of si-NC and si-NTSR1 detected by qRT-PCR and western blot; (D) CCK-8 detection of the ICso value of
irinotecan after LUAD cells were transfected with si-NC and si-NTSR1. *P < 0.05, indicating statistical significance. Alt-text (A) Violin diagram showed
that NTSR1 was highly expressed in lung adenocarcinoma tumor tissues; (B) The expression of NTSR1 in lung adenocarcinoma cell lines (H1299, A549,
PC-9) was higher than that in normal cells (HBE) by qRT-PCR,; (C) The expression of NTSR1 was decreased after transfection of NTSR1 silencing plasmid
by gRT-PCR and western blot; (D) CCK-8 method was used to detect the cells treated with different concentrations of Irinotecan with or without silencing
NTSR1. The IC50 value of the cells after silencing NTSR1 was lower than that of the non-silencing group.

study on LUAD that the synergistic effect of MAP3K19 and NTSR1
has clinical significance for the prognosis and immunotherapy of
LUAD individuals. Although these outcomes are consistent with
the conclusions of this study, they still need prospective studies to
verify. KRT6C is one of the differentiation-specific keratin genes
[34]. Hu et al. [35] ascertained the high expression of KRT6C in
LUAD tissues and cell lines. After its expression was inhibited, the
invasion, proliferation, and migration of LUAD cancer cells were
also inhibited through the regulation of epithelial-mesenchymal
transition, and this particular gene was recognized as a promising
candidate for therapeutic intervention in LUAD. KRT76 is a type I1I
intermediate filament. Mice with KRT76 defects showed increased
susceptibility to tumors [36]. The ATP8A2 gene is a member
of the P4 ATPase protein family and has been found to have
abnormal methylation in various cancer tissues [37, 38]. RIC3 is
a methylation-driven gene that can be a prognostic biomarker for
pancreatic cancer and pulmonary fibrosis. In our study, RIC3 is
also used as a prognostic marker for LUAD, indicating that RIC3
has the potential to be a target in cancer.

Through enrichment analysis, we found significant enrich-
ment of high-risk group genes in the PENTOSE PHOSPHATE PATH-
WAY, CELL CYCLE, and P53 SIGNALING PATHWAY, etc. (P <0.05).
The methylation level of genes in cancer cells is related to glucose

conversion to the pentose phosphate pathway. Tumor cells can
extensively utilize the pentose phosphate pathway to synthesize
nucleotides [39, 40]. The methyltransferase METTL3 has been
reported to regulate gene methylation in pancreatic cancer cells
to further regulate the cell cycle and promote cancer progression
[41]. Xu et al. [42] found that high methylation of NPTX2 can
foster cancer cell proliferation and inhibit cancer cell apoptosis by
inhibiting the p53 signaling pathway. These pathways play specific
roles in the high-risk group, resulting in lower survival rates in
high-risk populations.

Immunotherapy aims to enhance the natural defense to
exclude malignant cells, which is a huge breakthrough in cancer
treatment. Understanding the degree of immune infiltration in
the TME is key to improving the immune response rate and
developing new cancer treatment strategies with immunotherapy
[43]. In this study, it was found that the immune cells, immune
function score, and immune infiltration level in the low-risk group
were generally higher than those in the high-risk group (P <0.05).
Besides, the low-risk group also had higher HLA expression levels,
lower TIDE scores, and higher IPS, which all indicate that cancer
individuals in the low-risk group may be more likely to benefit
from immunotherapy (P <0.05) [44]. Because some researchers
have found that the TIDE score can better evaluate the efficacy
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of anti-PD1 and anti-PD-L1 immunotherapy, and by comparing
with other immune checkpoint inhibitors, TIDE score is the
best predictor of immune checkpoint inhibitor treatment, with
stable predictive function [45]. Furthermore, we found that the
prognostic feature gene RIC3 (methylation-driven gene) is mainly
expressed in CD4*T cells and CD8*T cells. This is an interesting
finding that may be further explored in the future.

Through immune analysis, we found that high-risk patient
populations might have a harder time benefiting from immunother-
apy. Therefore, this study predicted chemotherapy drugs that
could treat high-risk patient populations. The results identified
four drugs with higher sensitivity in the high-risk group: Elesclo-
mol, Pyrimethamine, Saracatinib, and Temsirolimus (P <0.05).
Elesclomol is an anticancer drug that targets mitochondrial
metabolism and can promote the degradation of ATP7A to slow
the proliferation of colon cancer cells [46, 47]. Pyrimethamine can
inhibit oncogenic proteins in different types of cancer and can
synergize with other anticancer agents, such as Temozolomide,
to drive tumor cell apoptosis [48]. Saracatinib is an oral tyrosine
kinase inhibitor that, in combination with other agents, induces
autophagy and apoptosis of lung cancer cells [49]. Temsirolimus
is an mTOR inhibitor with significant antitumor effects on
many cancer cells, such as lung cancer cells [50], clear cell
ovarian cancer [51], and colon cancer [52]. Additionally, in drug
virtual screening, we also identified some therapeutic drugs
targeting prognostic markers for high-risk groups, which had
been reported to have strong anticancer effects in cancer. For
example, Estramustine is an effective anticancer cell proliferation
drug targeting prostate cancer [53]. Brigatinib is a tyrosine
kinase receptor inhibitor and anticancer drug mainly used for
the treatment of advanced non-small cell lung cancer [54].
Nilotinib is a tyrosine kinase inhibitor that inhibits the growth and
migration of cancer cells in thyroid cancer and breast cancer and
promotes cancer cell apoptosis [55, 56]. Irinotecan is a versatile
chemotherapy drug that has been used for many years to treat
various malignancies in combination with other anticancer drugs
[57]. These findings lent additional support to the clinical use
of these drugs for the treatment of LUAD. In addition, we found
that there were differences in drug sensitivity between high- and
low-risk groups. This may be related to the differences in the
immune microenvironment and gene mutations in the high- and
low-risk groups. In the immune microenvironment, immune cells
can inhibit the role of immune cells in a variety of ways, thereby
reducing the effect of chemotherapy. It has been reported that
the expression of PD-L1 increased significantly after 1 day and
2 days of chemotherapy treatment of breast cancer cells [58],
which is obviously unfavorable for the treatment of patients. In
our study, there were significant differences in the expression
of PD-L1 between the high- and low-risk groups (P<0.01). In
addition, some gene mutations can also reduce the sensitivity
of tumor cells to chemotherapy. For example, P53 mutation can
lead to chemoresistance in glioblastoma [59]. Similarly, there were
differences in gene mutations between the high- and low-risk
groups in our study (P <0.05), and TP53 mutation ranked first in
the high-risk group.

We built a 6-gene risk prognosis model with strong predictive
performance that can be an independent prognostic factor for
predicting the prognosis of individuals with LUAD. Low-risk group
individuals based on this model had higher levels of immune
infiltration, which might be more suitable for immunotherapy. For
high-risk group individuals who benefited less from immunother-
apy, we conducted a series of anti-cancer drug predictions, and
most of the predicted drugs had strong anti-tumor effects in

cancer, providing more choices for clinical usage in LUAD indi-
viduals. However, some shortcomings still existed, such as the
need for clinical validation of the constructed model in the future,
and further molecular and cellular experimental research on the
molecular mechanisms of the 6 prognostic markers in tumors. In
addition, the specific time for patients in the high-risk group to
be suitable for immunotherapy is unclear. Overall, our study will
offer some help for the prognosis analysis of LUAD individuals.

Materials and methods
Data download

As the training dataset, we obtained mRNA expression data (nor-
mal: 51, tumor: 647), mutation, copy number variation, and clini-
cal information for LUAD from TCGA (https://portal.gdc.cancer.
gov/). We got chip data GSE72094 (platform: GPL15048) as the
validation set from GEO (https://www.ncbi.nlm.nih.gov/geo/). We
obtained 50 feature genes (Table S3) for m6A/m5C/m1A from the
reference articles [60, 61].

Differential analysis of m6A/m5C/m1A genes

We utilized the edgeR package [62] to do differential expression
analysis on genes in the normal and tumor groups of LUAD.
The criteria for screening were set as [logFC|>0.585 and
FDR <0.05. We then obtained the intersection of the DEGs
and m6A/m5C/m1A genes to obtain differentially expressed
m6A/m5C/m1A genes. We compared the expression of differen-
tially expressed m6A/m5C/m1A genes in the normal and tumor
groups, and plotted box plots and correlation heatmaps of these
genes. The CNV data from TCGA was utilized, and chi-square tests
were conducted to compare the CNVs between the normal and
tumor groups. We identified differential m6A/m5C/m1A genes
with significant CNV differences and used the RCircos package to
plot the specific locations of these genes on chromosomes [63].
We also used the TMB data from TCGA to count the TMB status of
differentially expressed m6A/m5C/m1A genes in the tumor group
and plotted a waterfall chart using the GenVisR package [64].
KEGG enrichment analysis was performed on the differentially
expressed m6A/m5C/m1A genes [65-67].

Subtype identification of m6A/m5C/m1A genes

To identify m6A/m5C/m1A-related tumor subtypes, we used
the NMF algorithm to cluster LUAD tumor samples grounded
in the expression profile matrix of differentially expressed
m6A/m5C/m1A genes. We utilized the survival package [68] to
do survival analysis on clustered samples to identify differences
in survival between different subtypes. We then used GSVA
[69] to perform ssGSEA analysis on the clustered samples and
plotted violin plots of immune scores, stromal scores, ESTIMATE
scores, and tumor purity using estimate package [70]. Finally, the
expression levels of immune checkpoint genes in the clustered
samples were quantified and presented as box plots.

Construction of a prognostic model by screening
prognostic-relevant features

Based on the difference in survival rate between clustered sam-
ples, we selected samples from cluster 2 and cluster 1_3 (The sam-
ples of cluster 1 and cluster 3 were combined as the control group)
for differential analysis (|logFC| > 1.0, FDR < 0.05) to obtain DEGs.
Afterward, data for DEGs and clinical information were read in R
language. The expression data of DEGs were sorted out, and the
samples with expression level less than 0 were deleted. Then, the
clinical information and survival information were sorted out and
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merged, and the samples with incomplete survival information or
survival time of less than 30 days were excluded. The expression
matrix of DEGs was matched with clinical information to obtain
sample data with both clinical data and expression data of DEGs.
Subsequently, We did univariate regression analysis on the DEGs
using the “survival” package to identify genes that significantly
affect survival as candidate genes (selected according to P-value,
P <0.05, considered to have a significant effect on survival). In
order to avoid overfitting of univariate Cox regression analysis and
reduce the complexity of the model (that is, reduce the number of
genes), we used the “glmnet” package [71] to fulfill LASSO regres-
sion analysis on the candidate genes, and used cross-validation
to remove genes with strong correlation between genes during
the analysis. Finally, multivariate Cox regression was performed
on the genes screened by LASSO analysis using the “survival”
package, and the feature genes significantly related to survival
were obtained. Based on these genes, a prognostic model was
constructed.

In order to evaluate model performance, we initially computed
the riskScores of individuals in the training set on the ground of
the expression levels and risk coefficients of the feature genes
in the model, and divided the samples into high- and low-risk
groups by applying the median riskScore. Subsequently, we gen-
erated heatmaps to display the distribution of riskScores, survival
status, and expression levels for the high- and low-risk groups,
and utilized the “timeROC” package [71] to plot a ROC curve and
calculate the AUC values at 1-, 3-, and 5-year time points, in order
to evaluate the performance of our model. Using the “survival”
package, we generated survival curves for both high- and low-
risk groups. Furthermore, we validated the model utilizing the
GEO validation set, dividing the validation set samples into high-
and low-risk groups on the ground of the median riskScore and
using the same methods to depict the riskScore distribution plot,
survival status distribution plot, expression level heatmap, ROC
curve, and survival curve.

Gene set enrichment analysis (GSEA)

To understand the pathways enriched in two risk groups, we used
GSEA (version: 4.1.0) software [72] to perform pathway enrich-
ment analysis. GSEA is a statistical method that identifies bio-
logical pathways or functions associated with changes in gene
expression by assessing the correlation between predefined gene
sets and gene expression data.

Independence verification of the prognostic
model

We performed statistical analysis on the riskScores of each clini-
cal group and presented them in the form of violin plots. Then,
we conducted univariate and multivariate regression analyses
on the samples according to clinical information and riskScores
and made corresponding forest plots to determine if the model
can serve as an independent prognostic factor. We then used the
“rms” package [73] to create nomograms and predict the 1-year,
3-year, and 5-year survival rates of individuals. We also depicted
corresponding calibration curves to validate the predictive effect
of the nomograms.

Immune analysis

We compared the immune microenvironment between the two
groups by performing ssGSEA based on the expression levels
of immune cell-related marker genes using GSVA and estimate
packages. The resulting immune cell and immune function scores
were used to create box plots that compared the scores between
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the two groups. CIBERSORT algorithm [74] was utilized to cal-
culate the levels of immune infiltration in the two groups and
plotted box plots accordingly. We also statistically assayed the
levels of immune checkpoint and HLA genes and drew box plots.
Furthermore, we calculated the TIDE scores for the two groups
using the TIDE (http://tide.dfci.harvard.edu/login/) database [75]
and plotted violin plots for TIDE scores. We downloaded the IPS for
LUAD from TCIA (https://tcia.at) database [76] and plotted violin
plots of IPS for the two groups.

Single-cell sequencing analysis

The TISCH database (http://tisch.comp-genomics.org/) [77]
involves 79 high-quality single-cell transcriptome datasets for
27 types of tumors, primarily from GEO and ArrayExpress
databases (https://ngdc.cncb.ac.cn/databasecommons/database/
1d/155), along with corresponding clinical information. The TISCH
database provides detailed cell type annotations at the single-
cell level and has advantages like comprehensive data, simple
operation, user-friendly interface, and data visualization. Using
the TISCH database (http://tisch.comp-genomics.org/home/),
we employed UMAP plots to visualize the distribution and
expression patterns of the feature genes in the GSE99254 dataset.
Furthermore, we compared the gene expression levels among
different immune cell types.

TMB analysis

Using the mutation data for LUAD, we computed the TMB
scores for each sample, performed Wilcoxon tests on the TMB
values for the two groups, and plotted violin plots. We also
organized and summarized the mutation data for the top 30
genes and used the “GenVisR” package [64] to draw waterfall
plots. TMB =Total number of somatic mutations (including non-
synonymous point mutations, insertions, and deletions in the
exon coding region)/Target area size.

Drug sensitivity prediction

CellMiner database (https://discover.nci.nih.gov/cellminer/) [78]
was utilized to screen for anti-tumor drugs significantly corre-
lated with prognostic genes. The “pRRophitic” package [79] in R
version (4.1.2) was utilized to predict the half-maximal inhibitory
concentration (ICsp) of different drugs in high-risk and low-risk
groups [80]. The lower the ICsy value of a drug, the more effective
it was in treating tumors.

Virtual screening

Virtual screening was employed by utilizing AutoDock Vina 1.5.7
[81] to predict the best candidate small molecule for docking.
Differential upregulated feature genes were selected for virtual
screening, and the 3D structures predicted by AlphaFold in the
Protein Data Bank (https://www.rcsb.org/) were selected. 2115
FDA-approved small molecule drugs were extracted from the
ZINC database (https://zinc.docking.org/). LigPlus+2.2.5 software
was used to visualize the interactions between the protein and the
small molecules.

Cell culture and transfection

Human LUAD cell lines (H1299, A549 and PC-9) were purchased
from BeNa Culture Collection (China), and human bronchial
epithelial cell lines were purchased from ATCC (USA). These cells
were cultured in RPMI-1640 medium containing 10% fetal bovine
serum (FBS) and placed in a humidified cell incubator containing
5% CO;.
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si-NTSR1 or si-NC was purchased from GenePharma (China).
The cells were added to a 6-well plate and the purchased si-
NTSR1 or si-NC was transfected into the LUAD cell line using
Lipofectamine 3000 (Thermo Fisher, USA). After 48 h, the cells
were collected for subsequent analysis. The transfected LUAD
cells were treated with different concentrations (0, 3,6, 9, 12 uM) of
Irinotecan (Sigma, USA), and the ICsy values were calculated. The
concentration of Irinotecan used was based on previous studies
[82].

qRT-PCR

The transfected cells were collected. Total RNA was isolated using
Trizol (Beyotime, China). Total RNA was reverse transcribed into
cDNA with the help of ReverTra-Ace gPCR RT Master Mix kit (Toy-
obo, Japan) and NTSR1 primers. Finally, RT-PCR was performed
using SYBR ® Green Real-time PCR Master Mix (Toyobo, Japan). The
fold change was measured using the 2—22¢T method and used to
calculate the relative RNA level.

Western blot analysis

The transfected cells were collected and lysed using RIPA lysis
buffer (Beyotime, China). Protein concentration was determined
by protein quantification kit. The protein was then separated
by sodium dodecyl sulfate-polyacrylamide gel electrophoresis
(SDS-PAGE) and transferred to a polyvinylidene fluoride (PVDF)
membrane. The membrane was incubated with the primary
antibody overnight at 4°C, and then incubated with the secondary
antibody at room temperature for 2 h. Finally, according to
the instructions, the protein bands were observed using the
enhanced chemiluminescence (ECL) substrate kit (Yeasen, China).
Antibodies included anti-NTSR1 (ab183088, Abcam, UK) and
GAPDH (ab9485, Abcam, UK).

CCK-8 analysis

The transfected cells were seeded in 96-well plates at a concen-
tration of 3 x 10* cells/mL. After 24 h of culture, the medium was
replaced with an equal volume of medium containing different
concentrations of irinotecan. After 24 h, 10 uL of CCK-8 solution
(Bimake, China) was added to each well and cultured in an incu-
bator for 2 h. The optical density (OD) value was detected by a
microplate reader. The ICso value of the drug was calculated by
statistical analysis software.

Statistical analysis

Graphpad Prism8.0 was used to analyze experimental data. The
experimental data was presented as mean + SD. T-test was used
to analyze the significance of differences between two groups.
P <0.05 indicated that the difference was statistically significant.
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