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ARTICLE INFO ABSTRACT
Keywords: Background: Given the differential expression and biological functions of protein arginine
Lung adenocarcinoma methylation (PAM) regulators in lung adenocarcinoma (LUAD), it may be of great value in the

Arginine methylation
Tumor microenvironment
Immunotherapy

diagnosis, prognosis, and treatment of LUAD. However, the expression and function of PAM
regulators in LUAD and its relationship with prognosis are unclear.

Methods: 8 datasets including 1798 LUAD patients were selected. During the bioinformatic study
in LUAD, we performed (i) consensus clustering to identify clusters based on 9 PAM regulators
related expression profile data, (ii) to identify hub genes between the 2 clusters, (iii) principal
component analysis to construct a PAM.score based on above genes, and (iv) evaluation of the
effect of PAM.score on the deconstruction of tumor microenvironment and guidance of
immunotherapy.

Results: We identified two different clusters and a robust and clinically practicable prognostic
scoring system. Meanwhile, a higher PAM.score subgroup showed poorer prognosis, and was
validated by multiple cohorts. Its prognostic effect was validated by ROC (Receiver operating
characteristic curve) curve and found to have a relatively good prediction efficacy. High PAM.
score group exhibited lower immune score, which associated with an immunosuppressive
microenvironment in LUAD. Finally, patients exhibiting a lower PAM.score presented noteworthy
therapeutic benefits and clinical advantages.

Conclusion: Our PAM.score model can help clinicians to select personalized therapy for LUAD
patients, and PAM.score may act a part in the development of LUAD.

1. Introduction

Lung cancer is considered the leading cause of cancer-related deaths worldwide. Additionally, among the pathological types of lung
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Table 1

Basic information of LUAD cohorts included in this study.
Series accession number Platform used Number of patients Region Prognosis data
GSE13213 (GPL6480) Agilent-014,850 Whole Human Genome Microarray LUAD:117 Japan Overall survival
GSE31210 (GPL570) Affymetrix Human Genome U133 Plus 2.0 Array LUAD:226 Japan Overall survival
GSE37745 (GPL570) Affymetrix Human Genome U133 Plus 2.0 Array LUAD:106 Norway Overall survival
GSE41271 (GPL6884) Illumina HumanWG-6 v3.0 expression beadchip LUAD:184 USA Overall survival
GSE42127 (GPL6884) Ilumina HumanWG-6 v3.0 expression beadchip LUAD:133 USA Overall survival
GSE50081 (GPL570) Affymetrix Human Genome U133 Plus 2.0 Array LUAD:127 Canada Overall survival
GSE72094 (GPL15048) Rosetta/Merck Human RSTA Custom Affymetrix 2.0 microarray LUAD:398 USA Overall survival
TCGA-LUAD NA LUAD:507; Normal: 59 NA Overall survival
IMvigor210 Ilumina HiSeq 2000 RNAseq BLCA:348 USA Overall survival

LUAD: Lung adenocarcinoma; TCGA: The Cancer Genome Atlas; BLCA: Bladder cancer.

cancer, lung adenocarcinoma (LUAD) is now the dominant type [1]. The development and advancement of LUAD is an intricate and
gradual phenomenon entailing several elements, phases, and genetic alterations [2,3]. Cancer immunotherapy, based on the human
immune system and using immune regulation to play an anti-tumor role, has shown remarkable clinical effects and provided a new
treatment model for tumor patients. However, the clinical response rate is low, and many patients have primary or acquired drug
resistance or immune checkpoint inhibitor (ICI)-related side effects [4,5]. Aside from this, in light of the highly metastasis nature of
LUAD and its significantly heterogeneous prognosis, we are still unable to fully understand the molecular mechanisms underpinning
LUAD progression [6-8]. Therefore, it is important to identify markers that will enable us to stratify patients with LUAD so that better
treatments can be applied and prognosis can be predicted more accurately.

The development of LUAD is the result of an interaction between permanent genetic and dynamic epigenetic alterations. Therefore,
epigenetic alterations specific to different stages of LUAD can be used to diagnose the disease early and assess the prognosis of patients
[9,10]. Numerous publications have reported that protein arginine methylation (PAM) modifications are closely associated with a
variety of tumors [11,12]. Protein methyltransferases known as PRMTs function as “writers” by catalyzing arginine methylation. They
primarily participate in activating and repressing transcription, pre-mRNA splicing, and responding to DNA damage. PRMTs are a
family of enzymes that transfer methyl groups from S-adenosylmethionine (SAM) to the arginine residue w nitrogen atoms of substrate
proteins. Among the nine identified human PRMTs, PRMT1, PRMT2, PRMT3, PRMT4, PRMT6 and PRMTS8 are type I, PRMT5 and
PRMT9 are type II, and PRMT?7 is a type III enzyme [13]. PRMT1 and PRMTS5 act as “oncoproteins” in abnormal proliferation of tumor
cells [14]. Silencing PRMT5 inhibits lung cancer cell proliferation and clone formation in vitro, and inhibits in vivo growth and
tumorigenicity of human lung cancer nude mice in situ transplants [15].

PRMTs can also modulate tumor immunotherapy. Regulatory T cell (Treg) function has recently been found to be associated with
arginine methylation. Mice with deletion of PRMTS5 in Treg cells also develop severe scurvy-like autoimmunity [16]. Consistent with
this, transcriptome analysis of Tregs from PRMT5-deficient mice confirmed that deletion of the FOXP3 target gene was associated with
reduced Treg suppressor activity. Mechanistically, pharmacological inhibition of PRMT5 by DS-437 also reduced human Treg func-
tions and inhibited the methylation of FOXP3 [17]. Meanwhile, it was recently found that mouse T-cell deletion of PRMTS5 in mice
reduced the number of peripheral bloods CD4* and CD8" T cells and thymic NK cells [18].

Bioinformatic analysis of the association of PRMT with bladder and liver cancer has been performed [19,20]. Liu et al. conducted
an analysis on hepatocellular carcinoma (HCC) samples, classifying them into three distinct subtypes using PAM regulators. The
findings of this research contribute novel perspectives to the investigation of potential therapeutic strategies for managing HCC.
Grypari et al. reported that PAM regulators are involved in prostate cancer progression [21]. Here, an PAM.score was constructed.
Then, by comparing it with 21 previously published signatures we have further substantiated the clinical applicability and robust
prognostic performance of our signature. The established PAM.score effectively stratifies patients and accurately predicts the result of
immunotherapy. In brief, our research provides a significant point of reference for attaining timely detection, prognostic assessment,
categorized administration, personalized therapy, and enhancing the clinical results of individuals with LUAD.

2. Methods
2.1. Data acquisition

The expression data for LUAD was retrieved by searching the GEO database using the following keywords: “lung adenocarcinoma”,
“LUAD”, and “lung cancer”. GSE13213 [22], GSE31210 [23], GSE37745 [24], GSE41271 [25], GSE42127 [26], GSE50081 [27], and
GSE72094 [28]) were selected and downloaded. 117 for GSE13213, 226 for GSE31210, 106 for GSE37745, 184 for GSE41271, 133 for

GSE42127, 127 for GSE50081, and 398 for GSE72094. We also adopted from TCGA public database (LUAD:507; normal: 59). A total of
1798 LUAD samples were selected. Additionally, an immunotherapy dataset was from IMvigor210 [29] (Table 1).

2.2. Data preprocessing

The expression value of each sample from TCGA was converted from fragments per kilobase million (FPKM) to transcripts per
million (TPM) for subsequent analysis [30]. Quantile normalization and background correction were performed on GEO data using the
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Fig. 1. mRNA expression levels and prognostic value of 9 PAM regulators in LUAD in TCGA-LUAD. (A) The illustration shows the expression
distribution of 9 PAM regulators between tumor and normal. (B) Univariate Cox regression analysis of 9 PAM regulators and overall survival in
TCGA-LUAD. (C) Correlation heat map of 9 PAM regulators. (D) ROC analysis showed the diagnostic performance 9 PAM regulators in TCGA-LUAD.
(E) GSEA-GO showed that 9 PAM regulators related signaling pathways in LUAD. (F) GSEA-KEGG identified 9 PAM regulators related signaling
pathways in LUAD. (G) 9 PAM regulators expression are related to immune in LUAD. (*P < 0.05; **P < 0.01; ***P < 0.001).

“affy” package in R, utilizing the Robust Multi-array Average algorithm [31].
2.3. Molecular subtyping of 9 PAM regulators

To further investigate the assignment of PAM regulators in LUAD, we applied the PAM regulators identified in the co-expression
analysis to converge LUAD samples using non-negative matrix factorization. We used the “brunet” criterion with nrun set to 100, and
the figure of clusters (k) was assigned from 2 to 10. We determined the mean profile breadth of the ordinary membership matrix using
the R package “NMF”. By applying this algorithm, we separated the examples into different molecular sub-types on account of the
representative of prognostic-related PAM regulators [32]. Then, we applied the “limma” package to discover DEG between 2 clusters
[33].

2.4. Gene enrichment analysis

To identify the potential biological roles and pathways,we applied Gene Ontology (GO) categories and Kyoto Encyclopedia of
Genes and Genomes (KEGG) enrichment analyses via the R package*clusterProfiler” [34].

2.5. Procedure for generating score model

To compare the predictive value of PAM.score with other signatures, we summarized 21 published signatures of LUAD (Supple-
mentary Table 1). We use the same methodology as in this paper to compare whether the PAM.score has advantage of predictive value
of other signatures. Following is the procedure for generating score model:

(a) The patients were classified into several clusters for deeper analysis by adopting unsupervised clustering method based on the
expression of PAM.

(b) DEGs analysis and univariate Cox regression analysis were applied to identified signatures between clusters.

(c) We then conducted principal component analysis (PCA) based on the expression of signatures between clusters.

(d) The Score of each sample was calculated by

Score =X(PCl; + PC2;),

where “i” represents the gene expression level of related gene expression. The code implementing the score method has been deposited
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Fig. 2. Molecular classification based on 9 PAM regulators expression. (A) Kaplan-Meier curve showed a significant overall survival difference
between the 2 PAM.clusters. (B) Alluvial diagram showing the relationship between the 2 PAM.clusters and clinical characteristics. (C-F) The
relationship between the 2 PAM.clusters and patients’ status, patients’ stage, patients’ age, and patients’ gender. (G) GO enrichment analysis, (H)
KEGG enrichment analysis for the different expression genes between the 2 PAM.clusters (BP means Biological Process; CC means Cell Component;

MF means Molecular Function).

in git hub (https://github.com/wen571/PAMscore). Based on the median value of the score, patients were divided into high and low
score subgroups. The code implementing the PAM.score method has been deposited in git hub (https://github.com/wen571/

PAMscore).

2.6. Prediction immunotherapy responses

The tumor immune dysfunction and exclusion (TIDE) was used to predict the responses to immunotherapy. The TIDE is a method of
assessing immune evasion by taking into account the expression characteristics of both T-cell exclusion and T-cell dysfunction. Our
investigation aimed to evaluate the influence of risk score prediction models on clinical outcomes through the application of TIDE

[35].

2.7. GSEA

Enrichment analysis was performed by the cluster profile package. We used the GSEA program to calculate single-sample gene set
enrichment. To control the FDR, the p values were obtained after 1000 permutations and were adjusted for multiple testing [36].

2.8. Evaluation of TME in LUAD

The infiltration abundance among patients in high and low PAM.score groups was calculated using the ssGSEA algorithm [37].
Based on the median value of the ESTIMATE score, patients were divided into high and low score subgroups. Independent predictive
value of PAM.score and ESTIMATE score features were verified using univariate and multivariate Cox regression analyses by the
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Fig. 3. TME between the 2 PAM.cluster. (A) The relationship between the 2 PAM.clusters and TME. Red is cluster.A and blue is cluster.B. (B) The
abundance of each TME infiltrating cell in 2 PAM.clusters. Blue is cluster.A and yellow is cluster.B. (C) The abundance of immune checkpoint
condition in 2 PAM.clusters. (cluster.B vs cluster.A. *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001).

“survival” R package [38].

2.9. Single-cell RNA sequencing analysis

GSE149655 containing 2 normal and 2 LUAD samples, were downloaded from GEO database. First, the data was imported into R to
generate a Gene-barcode matrix, cells with a gene number (nFeature RNA) between 500 and 2000 are retained, and cells with
mitochondrial genes greater than 25% are filtered. Then “Seurat” was used for log normalization of the data, “FindVariableFeatures”
was used to find 2000 hypervariable genes, followed by data normalization, and PCA linear dimensionality reduction was performed
on the normalized data, resulting in 12,554 cells. At the same time, PCA downscaling was performed by run PCA to find anchor points
(set Resolution = 0.1), perform TSNE downscaling analysis by run TSNE function, and show the distribution of different samples by

TSNE plot.

2.10. Statistical analysis

The data was analyzed by R version 3.6.3 software. Wilcoxon test was used for comparison between two groups. Spearman analysis
was performed to assess the correlation between PAM regulators expression levels and immune cell infiltration levels. Kaplan-Meier
method was used to estimate overall survival (OS). Differences in survival rates were compared with log-rank tests. P < 0.05 was

considered statistically significant.

3. Results

3.1. mRNA expression levels and prognostic value of 9 PAM regulators in LUAD

To clarify the expression of 9 PAM regulators in LUAD, RNA sequencing data in TCGA was examined. The differential 9 PAM
regulators expression patterns in LUAD and normal tissues are shown in Fig. 1A. The expression of PRMT1, PRMT3, CARM1, PRMT5,
PRMT7 were significantly higher in LUAD than in normal tissues. The expression of PRMT2, PRMTS8, PRMT9 were significantly lower
in LUAD than in normal tissues. Next, we analyzed the prognostic impact of 9 PAM regulators expression on LUAD patients in the TCGA
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database using a univariate COX risk proportional regression model. For overall survival (OS), higher PRMT1 and PRMT5 expression
was associated with poorer survival in LUAD patients. Whereas, lower expression of PRMT8 in LUAD patients was associated with a
survival disadvantage (Fig. 1B). Meanwhile, through a comprehensive examination, we conducted an in-depth analysis of the in-
terconnections existing among these 9 regulators of PAM. Intriguingly, our findings provide compelling evidence that these entities
exhibit a remarkably close association (Fig. 1C). Among the 9 PAM regulators, PRMT3 and PRMT5 have a higher AUC value, indicating
their prognostic value for LUAD (Fig. 1D).

3.2. 9 PAM regulators are related to tumor microenvironment in LUAD

First, we found that 9 PAM regulators were enriched for cell cycle and immune-related terms, such as peptide antigen assembly
with MHC class ii protein complex, peptide antigen assembly with MHC protein complex (Fig. 1E and F). Next, we identified the
relationship between 9 PAM regulators expression and immune cells infiltration based on the ‘ssGSEA’ algorithm. The results suggest
that the expression level of 9 PAM regulators generally showed a significant correlation with the infiltration level in LUAD (Fig. 1G).

3.3. Molecular classification based on 9 PAM regulators expression

The NMF algorithm was made use of clustering the samples in accordance with the utterance standard of foreknowledge. The first-
rank number of clusters was 2 (PAM.cluster.A and PAM.cluster.B). To better explore the prognosis features of these clusters, we
adopted Kaplan-Meier analysis. We figured out that the OS time of the PAM.cluster.A had poor prognosis compared with PAM.cluster.B
(Fig. 2A). The results also suggest that PAM.cluster.A had higher dead and stage III&IV patients compared with PAM.cluster.B
(Fig. 2B-F). In PAM.cluster.A, a significant increase in the expression levels of PRMT1, PRMT3, PRMT5, PRMT6, PRMT7, and PRMT9
was observed compared to those in PAM.cluster.B, however, a significant decrease in the expression levels of PRMT8 was observed
compared to those in PAM.cluster.B (Supplementary Fig. 2).

Next, differentially expressed genes between the 2 PAM.clusters were detected (Supplementary Table 2). Then we applied GO and
KEGG, and the different genes between the 2 PAM.cluster was remarkably enriched immune-related pathways (T cell activation,
human T-cell leukemia virus 1 infection, human immunodeficiency virus 1 infection) and cancer-related pathways (cell cycle) (Fig. 2G
and H, Supplementary Tables 3 and 4).

3.4. TME between the 2 PAM.cluster

The immune marks and immune infiltration between the molecular subcategories were made comparison using ssGSEA and
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ESTIMATE. Significant variations existed in the relative proportions of immune cell populations when comparing the 2 groups (Fig. 3A
and B, Supplementary Table 5). Additionally, the PAM.cluster.A group had lower immune score, stromal score, estimate score, and
higher tumor purity in comparison to the PAM.cluster.B group (Supplementary Fig. 3 A-D, Supplementary Table 6). Moreover, in
comparison to PAM.cluster.B group, check-points exhibited noticeable elevation in the PAM.cluster.A group (Fig. 3C-Supplementary
Table 7).

3.5. PAM.score model was constructed based on 9 PAM regulators

In order to better understand the PAM regulators, we calculated the PAM.score of each sample and normalized it. According to the
PAM.score distribution, the high and low PAM.score subgroups had significant differences (Supplementary Table 8). According to the
findings, it was observed that the RPMscore was comparatively lower in PAM.cluster.B when compared to PAM.cluster.A (Fig. 4A).
Additionally, the group belonging to PAM.cluster.A presented a significantly higher number of patients with a high PAM.score
(Fig. 4B). Next, K-M survival analysis demonstrated that individuals belonging to high PAM.score group exhibited a significantly
decreased OS when compared low PAM.score (Fig. 4C). In addition, we conducted ROC curve analysis to evaluate the performance of
the PAM.score, the AUC was 0.850 for 1-year, 0.831 for 3-year and 0.725 for 5-year (Fig. 4D). We also found the expression of PRMT1,
PRMT2, PRMT3, PRMT5, PRMT6, PRMT7, PRMTO were significantly higher in high PAM.score group than in low PAM.score group. A
significant decrease in the expression levels of PRMT8 was observed in high PAM.score compared to those in low PAM.score (Sup-
plementary Fig. 4). GSEA showed that mRNA-related pathways (mRNA processing, mRNA metabolic process, RNA splicing) and
tumor-related pathways (DNA repair, cell cycle, P53 signaling pathway) were enriched in the high PAM.score group (Fig. 4E and F).
These results suggested that high PAM.score may have a significant impact in tumor development.

3.6. TME between the high and low PAM.score groups

Using multiple immune algorithms, we examined the immune landscape for the high/low PAM.score groups to investigate the
underlying mechanism between the PAM.score and immunity (Fig. 5A, Supplementary Table 9). Significant variations existed in the
relative proportions of immune cell populations when comparing the low and high PAM.score groups. As the PAM.score increased, the
overall level of immune infiltration decreased (Fig. 5B). TME was also evaluated using the ESTIMATE software. It was observed that
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the high PAM.score group exhibited lower immune score, stromal score, estimate score, and higher tumor purity in comparison to the
low PAM.score group (Fig. 5C-F, Supplementary Table 10). Additionally, compared with high PAM.score group, check-points were

downregulated in low PAM.score group (Fig. 5G).

3.7. PAM.score is a robust prognosis factor in LUAD

Next, the results of the K-M survival analysis demonstrated that individuals belonging to the high PAM.score group exhibited a
significantly decreased OS when compared to those in the low PAM.score group within both all cohorts (GSE13213, GSE31210,
GSE37745, GSE41271, GSE42127, GSE50081, GSE72094, and TCGA dataset) (Fig. 6A-H). Next, after adjust ESTIMATEScore,
immuneScore, stromalScore, and tumorPurity, the LUAD prognosis can be predicted by utilizing the PAM.score as an independent

factor (Fig. 7A).

3.8. Comparisons between PAM.score and 21 published signatures in LUAD

Next, we extensively extracted published signatures in order to evaluate and contrast the effectiveness of the PAM.score in com-
parison to other signatures associated with LUAD. Ultimately, 21 signatures were included in the subsequently comparisons. It is
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PAM.score was compared with 21 published signatures.

important to highlight that PAM.score outperforms nearly all models in every dataset (Fig. 7B).

3.9. Immunotherapy response targeting PAM.score

Since the development of the PAM.score is based on immune-related patterns and the significant differences in immune charac-
teristics between the two groups, we speculated that the sensitivity of LAUD patients with high/low PAM.score to immunotherapy will
also be different. With the aid of immune response testing algorithms and features, we verified the predictive potential of the PAM.
score for immunotherapy response. The results suggested that patients in the low PAM.score group exhibited a higher immune
response rate (Fig. 8A-C, Supplementary Table 11).

Next, PAM.score model was constructed based on 9 PAM regulators in IMvigor210 cohort, and revealed that significance between
the high/low PAM.score (Supplementary Table 12). The results of the K-M survival analysis demonstrated that individuals belonging
to the high PAM.score group exhibited a significantly decreased OS when compared to those in the low PAM.score group (Fig. 8D). In
addition, we conducted ROC curve analysis to evaluate the performance of the PAM.score, the AUC was 0.828 for 1-year, 0.779 for 3-
year and 0.814 for 5-year (Fig. 8E). Moreover, the PAM.score exhibited higher in SD/PD group in IMvigor cohort (Fig. 8F and G).
Moreover, in the high PAM.score group, the proportion of CR/PR patients was notably lower compared to the low PAM.score group
(17% vs. 30%) (Fig. 8H).

3.10. Single-cell RNA sequencing analysis the PAM.score in LUAD

To assess the distribution of PAM.score in LUAD on cell level, we analyzed 12,554 cells derived from 2 normal and 2 LUAD samples
in GSE149655. Using dimensional reduction and clustering analysis methods, we effectively identified 8 unique cellular types and 12
clusters of cells within the LUAD tissues (Fig. 9A and B). In addition to B cells and macrophages, monocytes cluster is also more
abundant in LUAD than normal tissue. Notably, Fig. 9C illustrates the top 5 markers genes in these eight cell types. KEGG was per-
formed on the cluster of eight cell types, we found that eight cell types enriched cells were mainly enriched in immune-related
pathways (Fig. 9D). We also found RMT1 was mainly distributed in macrophage, PRMT5 was mainly distributed in B cell, PRMT8
was mainly distributed in epithelial cells (Fig. 10A). We also found that the expression of PRMT1, CARM1, and PRMT5 were signif-
icantly higher in LUAD than in normal cells. The expression of PRMT8, PRMT9 were significantly lower in LUAD than in normal cells
(Fig. 10B). Finally, we also revealed that PAM. score of tumor cells were considerably higher than those of normal cells (Fig. 10C).

4. Discussion

LUAD is one of the most fatal malignancies in the world. Moreover, due to the existence of tumor heterogeneity and variations in
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clinical outcomes among patients staged simultaneously, the conventional practice of clinical staging imparts restricted outcomes in
terms of risk assessment and prognosis management for patients sharing the same stage. The urgent need arises from the aforemen-
tioned reasons to establish reliable prognostic biomarkers. These biomarkers can be identified through the usage of optimal algorithms
in order to categorize patients with LUAD and determine their eligibility for immunotherapy, thereby benefiting them. Previous
literature has reported that PAM regulators especially the PRMTS5 is closely related to tumor development, but no comprehensive
analysis of PAM regulators has been conducted from a holistic perspective in LUAD. This study aimed to systematically investigate the
expression pattern, prognostic value, and potential function of PAM regulators in LUAD.

We first observed that PRMT1, PRMT3, CARM1, PRMT5, PRMT7 were generally highly expressed in LUAD, while there was a
significant decrease in PRMT2, PRMT8, PRMT9 compared to normal tissues. Survival analysis revealed upregulated expression of
PRMT1 and PRMTS5 were associated with poorer OS in LUAD, and downregulated expression of PRMT8 had a worse survival in LUAD.
Meanwhile, PRMT1, PRMT5, and PRMTS also have high diagnostic value for LUAD. In summary, PRMT1, PRMT5, and PRMT8 can be
used as a prognostic marker in LUAD.

Our analysis findings closely align with existing literature, which states that PAM regulators show variability in expression levels
and exhibit diverse biological functions across various tumor types. Moreover, they might potentially fulfill distinct roles. For example,
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overexpression of PRMT1 promotes epithelial mesenchymal transition through H4R3me2a-mediated regulation of the ZEB1 promoter
[39], whereas PRMT1 and the lysine demethylase KDM4C are co-recruited to the Hoxa9 promoter via MOZTIF2 and MLL fusion
proteins to promote H4R3me2a and H3K9 demethylation, respectively [40]. Thus, drugs targeting PRMT1 may act by inhibiting
aberrant epigenetics in tumor cells. PRMT5 can also drive or repress gene transcription depending on the modification of histone tail
residues, thus regulating gene expression at the epigenetic level to regulate gene expression [41]. PRMTS8 also contributes to the
maintenance of pluripotency in human embryonic stem cells through its ability to induce the expression of SOX2 [42].

In this analysis, we identified 2 clusters, cluster.A may be associated with worse prognosis in LUAD patients. To delve deeper, we
further carried out enrichment analyses for DEGs between 2 clusters. We have identified a notable distinction in immune-related
assessment and clinical pathological characteristics for immune subtype categorization. These findings serve as evidence that the
classification of LUAD can be enhanced through the differentiation of clusters based on PAM regulators. This innovative approach
offers a new pathway in immune subtype classification. To better serve the clinic, we constructed a PAM.score based on DEGs and
prognostic genes between 2 clusters offering valuable direction for the therapy of LUAD. Kaplan-Meier survival curve analysis indi-
cated the OS rate was greatly higher in suffers with a high-risk mark than those with a low-risk mark, suggesting the score is related to
patient outcome. Risk scores can significantly distinguish between the clinical features of different suffers. The clinical characteristics
of suffers in the high and low-risk groups were significantly different, with dead patients significantly increasing as scores increased.
These results suggest that the clinical characteristics of suffers in the high-risk group are greatly worse than those in the low-risk group.
The model can also make good predictions on adverse clinical traits. Furthermore, multivariate Cox regression analysis revealed this
pattern was an independent risk element for LUAD, making it a valid biomarker for LUAD prognosis. In addition, the outcomes of GSEA
exposed the high-risk group suffers exhibited an enrichment in tumor-related pathways. Obviously, prior research has suggested these
pathways take a great part in tumor proliferation, migration, invasion, and metastasis. These findings offer a novel orientation for
exploring the feasible molecular system of LUAD.

Immunotherapy has made it possible to treat LUAD in a new manner. In spite of this, immunotherapy is only effective for a small
number of patients. The Checkmate-017 and Checkmate-057 trials first introduced nivolumab to the second-line treatment of non-
small cell lung cancer, and both clinical trials succeeded in pitting nivolumab against the standard second-line chemotherapy
regimen docetaxel, thus establishing immunotherapy as a second-line treatment for non-small cell lung cancer [43,44]. Immuno-
therapy has shown great potential, but there are still some problems that plague clinicians. The first is how to select biomarkers to
effectively predict the efficacy of checkpoint inhibitors. The KEYNOTE-024 study, which was screened in a highly selected population
(PD-L1 > 50%), while Checkmate-026 did not meet the endpoints [45,46]. In this analysis, the low PAM.score group identified 8%
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more patients effective for immunotherapy than the high PAM.score group, demonstrating its superiority among biomarkers.

Although we have explored this relationship to some extent and built and acknowledged an ominous pattern on the basis of data
from various datasets, there are still some limitations. This study only verified the PAM.score in LUAD in vitro, which was not validated
using in vivo assays. It is, therefore, necessary to elucidate the molecular mechanisms of PAM.score at the cellular and molecular levels,
which will be more helpful in elucidating the role of PAM.score in different cancers. Besides, the connection among PAM.score,
infiltration of immune cells in tumors, and patient survival was evaluated. The findings indicated a significant association between
PAM.score, tumor immune cell infiltration, and patient survival. Nevertheless, our study did not establish a direct link between PAM.
score and patient survival via immune cell infiltration. To obtain conclusive outcomes, forthcoming prospective investigations should
focus on exploring the association of PAM.score and immune cell infiltration in the LUAD population. Finally, in this paper, we did not
analyze the effect of EGFR or K-ras mutations on the model due to the small sample information of EGFR or K-ras.

5. Conclusion

To recapitulate, we created a strong identifier termed PAM.score using the fields of bioinformatics to evaluate the forecast, clas-
sification of risk, and immunotherapy reaction in relation to LUAD. In light of our study and previous literature on PAM, it is an
emerging and promising area for further investigation. We hope that future research will continue to explore its potential implications
in the field of oncology.
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