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A B S T R A C T   

Lung adenocarcinoma (LUAD) is a highly lethal malignant tumor. While the involvement of 
multiple mRNAs in the progression of LUAD is well established, the potential diagnostic value of 
immune-related mRNAs (irmRNAs) in LUAD remains largely unexplored. In this study, we uti
lized RNA-seq, clinical data, and immune-related gene information from LUAD patients to 
identify differentially expressed immune-related mRNAs (DEirmRNAs) and developed a predic
tive risk model based on specific DEirmRNA pairs closely linked with patient prognosis. We 
classified patients into high-risk and low-risk groups and analyzed factors such as survival rate, 
clinical characteristics, gene enrichment, immune cell infiltration, tumor mutation load, and drug 
susceptibility. We confirmed the expression levels of these DEirmRNAs in tumor tissues using 
qRT-PCR assay. Our results showed that the low-risk group had a longer survival time and lower 
tumor mutation burden (TMB) and microsatellite instability (MSI) compared to the high-risk 
group. The high-risk group also had a significant reduction in the number of certain immune 
cells and a lower half-maximum inhibitor concentration (IC50). We identified specific DEirmRNA 
pairs that were up-regulated or down-regulated in tumor tissues compared to adjacent tissues. 
Our prognostic risk model based on DEirmRNA pairs could be used to predict the prognosis of 
LUAD patients and provide reference for better treatment.   

1. Introduction 

Lung cancer is a devastating disease and remains one of the most common and deadly forms of cancer worldwide [1,2]. According 
to recent statistics, in 2021 alone, there were 2.35 million new cases of lung cancer and 1.8 million deaths attributed to this disease - 
accounting for nearly a quarter (22.5 %) of all cancer-related deaths [3,4]. Lung cancer is mainly related to smoking and usually be 
divided into small cell lung cancer (SCLC) and non-small cell lung cancer (NSCLC) [5]. NSCLC is the more common of the two, ac
counting for approximately 85 % of all cases, with lung adenocarcinoma (LUAD) being the most prevalent subtype [6,7]. Previous 
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reports indicated that the incidence of lung cancer, especially LUAD, in non-smoking women is increasing year by year [8–10]. While 
radiotherapy, chemotherapy, and immunotherapy have significantly improved the prognosis and quality of life for LUAD patients, the 
survival rate for this type of cancer remains relatively low [11]. Moreover, since patients respond inconsistently to these treatments, as 
well as the varying side effects, it is necessary to provide individualized treatment for LUAD patients, which can contribute to pro
longing survival and improving outcomes [12]. Therefore, it is of great significance to develop a reliable risk model for an accurate 
prognosis of the disease. Such a model would enable doctors to choose more personalized treatments for each patient based on their 
specific condition. 

Typically, the primary tumor, regional lymph nodes, and distant metastasis are used to assess the stage of the tumor and provide 
individualized treatment to patients [13]. However, due to the molecular heterogeneity of the disease, similar clinical cases may have 
different outcomes. Hence, it is imperative to search for a suitable and new diagnostic marker that can effectively evaluate the outcome 
of LUAD patients [14,15]. Previous genetic techniques have demonstrated that certain differentially expressed mRNAs could serve as 
promising biomarkers for predicting the outcomes and survival of patients [16]. Additionally, the study found that low expression of 
four specific mRNAs (CCR2, CCR4, P2RY12, and P2RY13) directly affected immune cell infiltration in the tumor microenvironment, 
indicating that these mRNAs could be useful prognostic markers in patients with pancreatic cancer [17]. It is important to note that this 
study was conducted on patients with pancreatic cancer, and the findings may not be directly applicable to patients with other types of 
cancer or other diseases. Further research will be needed to validate these findings and determine the potential clinical usefulness of 
these mRNAs as prognostic markers. Immune-related mRNA (irmRNA) possess advantages over other mRNAs due to their crucial role 
in immune responses, specific expression in immune cells and tissues, differential expression patterns in response to immune stimuli or 
diseases, and potential as therapeutic targets. These features make immune-related mRNAs a valuable focus of research in immunology 
and provide opportunities for developing new diagnostic and therapeutic approaches for immune-related disorders [18–20]. The study 
conducted by Zhai et al. suggest that differentially expressed irmRNAs (DEirmRNAs) could be potentially useful biomarkers for 
predicting prognosis and monitoring disease progression in patients with LUAD [21]. However, further research is needed to validate 
these findings and to develop more accurate prognostic models for LUAD. Additionally, it will be important to understand the bio
logical functions of these DEirmRNAs in order to identify potential targets for new therapeutic strategies. 

Traditional diagnosis of cancer is often based on single gene diagnosis or quantification of single or multiple mRNAs. Therefore, our 
study aims to provide personalized treatment by developing a novel algorithm that retrieves, identifies, and screens DEirmRNA pairs. 
These pairs can be used to evaluate survival rates, gene enrichment, clinical characteristics, anti-tumor drug resistance, and immune 
cell infiltration in LUAD patients. By doing so, we hope to improve patient outcomes and prognosis. 

2. Methods 

2.1. Transcriptome database retrieval and differential expression analysis 

We obtained RNA-seq data and patient information on LUAD from the UCSC-XENA database (https://xenabrowser.net/datapages/ 
). The GTF files and mRNA expression profiles were extracted from RNA-seq data using the Ensembl database (http://asia.ensembl. 
org). Immune-related genes were collected from the Imm Port database (http://www.immport.org). We identified irmRNA by 
examining the co-expression correlation between immune-related genes and all mRNAs. IrmRNAs that met certain criteria (Pearson 
immune gene correlation coefficients of >0.4 with p value < 0.001) were considered for further analysis. The LIMMA package was 
used to identify differentially expressed irmRNAs based on the following criteria: | logFC| > 1 and false discovery rate (FDR) < 0.05. 
The DEirmRNAs that met the above-mentioned criteria were classified as differentially expressed immune-related mRNA. 

2.2. Screening DEirmRNA pairs 

0 or 1 matrix was constructed through single cyclic pairing, and an effective DEirmRNA pair was obtained by the iterative loop. An 
X was constructed to replace pairs of mRNA A and mRNA B. When mRNA A expression value was greater than that of mRNA B, X was 
defined as 1; otherwise, X was defined as 0. The vertical axis of the matrix represents each sample, and the horizontal axis represents 
each DEirmRNA pairs. For any mRNA pairs with the expression quantity of 0 or 1, the relationship between prognosis and mRNA pairs 
was not considered, since the mRNA pairs without a certain rank failed to accurately predict the outcome of LUAD patients. When the 
mRNA pairs with 0 or 1 expression accounted for between 20 % and 80 % of total pairs, this was considered an effective match. 

2.3. Building the prognostic risk model 

We used modified lasso regression and univariate analyses to filtrate DEirmRNA pairs associated with prognosis. Then, we per
formed a 10-fold cross-validation with 1000 repetitions and 1000 random stimuli per cycle by lasso regression analysis. When the 
frequency of each DEirmRNA pair in 1000 cycles was more than 100, the DEirmRNA pair was selected to create the prognostic risk 
model. As described in the literature [22], the area under the curve was used to find the critical point, after which LUAD patients were 
reclassified as high- or low-risk groups. Univariate and multivariate regression analyses were used to assess the independent prognostic 
efficiency of the prognostic risk model. 
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2.4. Validation of the prognostic risk model 

Kaplan-Meier analysis was used to assess the survival situations between groups and drew the survival curve to verify the critical 
point we established. We used the Chi-square test to assess the relationship between the risk model and pathological features of clinical 
cases, thus providing the clinical significance of this model. We then used Wilcoxon rank test to calculate the difference between 
clinicopathological features and risk score. Univariate and multivariate Cox regression analyses with risk scores and clinicopatho
logical features were performed to determine whether this risk model could be used as an individual diagnostic factor to evaluate the 
status of LUAD patients. The tags are described as the following: P < 0.001 = ***, P < 0.01 = **, P < 0.05 = *, and, P > 0.05 = ns. 

2.5. Gene set enrichment analysis (GSEA) 

We utilized the R language package “clusterprofiler” for analysis, which was divided into GSEA-GO, GSEA-KEGG, and GSEA- 
Reactome gene pathway enrichment analysis. 

2.6. Tumor mutation load 

The calculation of tumor mutation load was performed by determining the tumor mutation burden (TMB) using TCGA mutation 
data (TCGA. LUAD. varscan). Additionally, MSI data were obtained from the study conducted by Bonneville et al. [23]. 

Fig. 1. Work flow of our study.  
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2.7. Analysis of anti-tumor immune cells 

We downloaded immune cell infiltration data of LUAD patients from the ImmuCellAI database. To evaluate the differential 
expression of immune cells among the patients, we employed the Wilcoxon symbolic rank test. 

2.8. Drug resistance to antineoplastic drugs 

We utilized an R package called “prrophtic” to calculate the half-maximum inhibitor concentration (IC50) of lung cancer drugs. To 
evaluate the differences in IC50 between the patients, we employed the Wilcoxon symbolic rank test. 

2.9. Tissue samples 

All tissue samples were collected at the Third Affiliated Hospital of Soochow University (Changzhou, China) in accordance with the 
study protocol. Informed consent was obtained from all patients. The study was conducted in strict compliance with the ethical 
guidelines of the Third Affiliated Hospital of Soochow University. We collected both tumor and adjacent non-tumor tissues from 
surgically resected primary LUAD samples (n = 20 tumors, 20 normal tissues). 

2.10. RNA extraction and PCR 

Total RNA was isolated from adjacent and tumor tissues of LUAD patients by Trizol (Takara, Japan), followed by simultaneous 

Fig. 2. Construction of a prognostic risk model by using DEirmRNA pairs. (A) The volcano plot of the differentially expressed immune-related 
mRNAs (DEirmRNAs). (B) The distribution of the lasso coefficients for 28 DEirmRNA pairs. (C) The partial likelihood deviation of the LASSO 
coefficient distribution. (D) The Forest plot shows the univariate regression analysis of 28 DEirmRNA pairs. 
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generation of cDNA using the single cell sequence specific amplification kit (Takara, Japan) according to the manufacturer’s in
structions. qRT-PCR was performed using SYBR reagents (Bio-Rad, USA) with the CFX96 Touch Real-Time PCR Detection System (Bio- 
Rad, USA) following the manufacturer’s instructions. β-actin was used as the internal reference gene and relative gene expression 
levels were calculated by the 2− ΔΔCt method. The sequence of primers used in this study are listed in Supplementary Table 1. 

2.11. Statistical analysis 

The results obtained from clinical samples were analyzed using Prism software version 7.0 (GraphPad Software Inc, USA). The 
results are presented as means with standard errors. A two-group comparison was done by the two-tailed student’s t-test. A p value of 
less than 0.05 were considered statistically significant. 

3. Results 

3.1. Screening of DEirmRNAs 

As shown in Fig. 1, the transcriptome data of LUAD from the UCSC-XENA database was explored, including 543 patients and 59 

Fig. 3. Evaluate the prognostic risk model. (A) The ROC of the prognostic risk model with the best cut-off point. (B) The 1-, 2-, 3-, and 5-year 
ROC curves of the prognostic risk model showed that all AUCs were over 0.845. (C) Chi-square test analysis of the relationship between 5-year ROC 
curves and clinical characteristics. (D) The Akaike information criterion (AIC) value was used to verify the critical point. The distribution of the 
survival status (E) and risk scores (F) in the high-risk and low-risk group. (G) Kaplan-Meier analysis of LUAD patients. 
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Fig. 4. Patients’ evaluation by the prognostic risk model. (A) The strip chart showed the relationship between clinical stage (B), tumor stage (C- 
E), smoke status (F), age (G), gender (H) and risk scores. (I) Univariate Cox regression analysis showed that risk score and tumor stage were 
significantly correlated. (J) Multivariate regression analysis showed that only the risk score was regarded as an individual diagnostic factor. 
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controls. Then, these data were annotated by using a GTF file. As a result, up to 11,516 irmRNAs were identified by co-expression 
analysis (Supplementary Table 2), of which 218 were identified as DEirmRNAs, among which 49 were decreased, and 169 were 
increased, respectively (Fig. 2A–C). 

3.2. Creating and validating the prognostic risk model 

A total number of 9752 valid DEirmRNA pairs were identified by 0 or 1 matrix screening among 218 DEirmRNAs using iterative 
cycles, and 28 DEirmRNA pairs were considered for the risk assessment model by univariate regression analysis and improved Lasso 
regression (Fig. 2D). Then, the AUC under the receiver operating characteristic (ROC) curve of the DEirmRNA pair was calculated, and 
the curve was drawn. The optimal DEirmRNA pair was determined by the highest point of the curve (0.903) (Fig. 3A). Next, the 1-, 2-, 
3-, and 5-year ROC curves were created to verify the optimality. We found that the AUC values of these ROC curves were greater than 
0.845 (Fig. 3B). Meanwhile, other clinical attributes, such as age, gender, and tumor stage, were compared with the 5-year ROC curves 
(Fig. 3C). Additionally, the Akaike information criterion (AIC) value was used to verify the critical point of 5-year ROC curve (Fig. 3D). 
Moreover, we extracted data of 491 patients with LUAD from the UCSC-XENA database, after which their risk scores were created and 
evaluated. According to the critical point determined by our algorithm model, these patients were reclassified into two groups: the 
high-risk group included 247 cases, where as the low-risk group included 244 cases. Fig. 3E and F shows the survival situation and risk 
scores of patients, and the final outcome of those with low-risk scores was better than that of those with high-risk scores. Moreover, 
they had longer survival (Fig. 3G). 

Fig. 5. Gene function enrichment analysis. (A) In risk score and gene correlation analysis, the heat map shows the expression of the top 50 genes 
positively correlated with the risk groups. (B) In risk score and gene correlation analysis, the heat map shows the expression of the top 50 genes 
negatively correlated with the risk groups. (C) GSEA-GO functional enrichment analysis. (D) GSEA-KEGG functional enrichment analysis. (E) GSEA- 
Reactome functional enrichment analysis. 
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3.3. Relationship between clinical characteristics and risk score 

Multiple Chi-square tests were performed to assess the relationship between risk scores and clinical characteristics (Fig. 4A). As 
shown in Fig. 4B–H, the relationship of risk score with tumor stage, age, gender, clinical stage, and smoke status were obtained by rank- 
sum test. Moreover, univariate Cox regression analysis showed that the clinical stage (P < 0.001, HR = 1.673, 95 % CI [1.456–1.921]), 
T (P < 0.001, HR = 1.523, 95 % CI [1.265–1.834]), N (P < 0.001, HR = 1.695, 95 % CI [1.429–2.011]), M (P < 0.01, HR = 2.133, 95 % 
CI [1.245–3.654]), and risk scores (P < 0.001, HR = 1.058, 95 % CI [1.047–1.070]) were correlated with survival time (Fig. 4I). 
However, only the risk score (P < 0.001, HR = 1.071, 95 % CI [1.052–1.090]) demonstrated independent correlation with survival 
time, as evidenced by multivariate Cox regression analysis (Fig. 4J). Collectively, based on the outcomes of our comprehensive 

Fig. 6. Tumor mutation load. (A–B) Top 10 mutated genes in the two groups. (C) Comparison of mutated genes in two groups. (D) Different TMB 
values in two groups. (E) Multivariate analysis between TMB and survival prognosis of LUAD. (F) Differences in microsatellite instability in two 
groups. *p < 0.05, ***p < 0.001. 
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statistical analyses, it has been ascertained that the risk score emerges as the exclusive diagnostic factor that exerts a substantial impact 
on the survival time of patients. In contrast, although other variables display a certain degree of association, they fail to demonstrate an 
independent correlation with survival time. 

3.4. Gene function enrichment analysis 

A GSEA gene enrichment analysis as carried out to determine which pathway genes related to the high-risk and low-risk groups 
were mainly enriched. The heat maps in Fig. 5A,B showed the expression of the top 50 genes, which were positively and negatively 
correlated with the high- and low-risk groups. The enrichment analysis of GSEA-GO, GSEA-KEGG, and GSEA-Reactome gene pathways 
showed that these genes were primarily involved in 20 pathways, which were significantly enriched in chromatin separation, mitosis, 
cell adhesion, and molecular binding, as suggested by GSEA-GO (Fig. 5C) enrichment analysis. Nonetheless, GSEA-KEGG results 
(Fig. 5D) showed that genes were significantly enriched in cell cycle, RNA transport, adhesion plaques, virus infection, and calcium 
signaling pathways; GSEA-Reactome results (Fig. 5E) showed that genes were mainly enriched in cell cycle, RNA transport, gene 
transcription, and other pathways. 

Fig. 7. Evaluation of immune cell infiltration by the prognostic risk model and drug susceptibility (IC50). (A) The abundance of CD4+T cells 
in two groups. (B) The abundance of CD8+T cells in the two groups. (C) The abundance of NK cells in the two groups. (D) The abundance of 
monocytes in the two groups. (E) The abundance of neutrophils in the two groups. (F) The abundance levels of nTregs in the two groups. (G–P) The 
sensitivity of targeted LUAD drugs, such as Erlotinib (G), Gefitinib (H), Cisplatin (I), Doxorubicin (J), Paclitaxel (K), Docetaxel (L), Dasatinib (M), 
Gemcitabine (N), Rapamycin (O), and Temsirolimus (P) in two groups. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001. 
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3.5. Tumor mutation burden (TMB) 

Proto-oncogene mutation is an important cause of tumorigenesis. Therefore, we analyzed mutation profiling in the high- and low- 
risk groups. We discovered that 90.28 % of the patients had gene mutations in the high-risk group, whereas 79.51 % of the patients had 
gene mutations in the low-risk group. Moreover, the frequency of TP53 gene mutation was the highest, and missense mutation was the 
dominant type (Fig. 6A and B). Fig. 6C shows different gene mutations in the high-risk and low-risk groups. Next, we calculated the 
TMB values, which were considered a predictive factor to evaluate the effectiveness of immune checkpoint therapy. Fig. 6D shows that 
the high-risk group had a higher TMB value; however, multivariate analysis found no association between TMB and survival of LUAD 
(Fig. 6F). Fig. 6E shows higher microsatellite instability (MSI) of LUAD patients in the high-risk group when comparing to the low-risk 
group. The tumor mutation burden has been recognized as a crucial determinant for the efficacy of targeted therapy and immuno
therapy. This observation emphasizes the necessity for conducting further analysis in order to guide the implementation of 

Fig. 8. Expression of DEirmRNA pairs in paracancerous and cancer tissues. (A–D) Expression of REM1/TMEM139, ANOS1/ERG, CDH6/ 
GSTM5, and JAM2/SEMA5A from the risk model in adjacent and cancer tissue. (E–H) Expression of ERFE/PRR4, FXYD6/SOX18, ADGRL2/MMRN2, 
and CD101/HSPA12B from the risk model in adjacent and cancer tissue. *p < 0.05, **p < 0.01, ***p < 0.001, ns, no significance. 
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immunotherapy and targeted therapies. 

3.6. Using the prognostic risk model to infer immune cell infiltration and drug resistance 

Since tumor metastasis, diffusion, and deterioration are inseparable from the suppressive TME, we wanted to clarify the correlation 
between risk scores and immune cell infiltration. Our findings reveal a significant decrease in the abundance of infiltrating immune 
cells in the high-risk group compared to the low-risk group, indicating a state of immune cell deficiency in the high-risk group 
(Fig. S1A). Further analysis revealed that compared to the low-risk group, individuals in the high-risk group exhibited a significant 
decrease in the abundance of immune cells associated with anti-tumor immune responses, including CD4+ T cells, CD8+ T cells, NK 
cells, B cells, NKT cells, γδ T cells, and Tfh cells. In contrast, the abundance of nTreg cells, which are associated with promoting tumor 
immune responses, was increased in the high-risk group relative to the low-risk group. Additionally, the abundance of exhausted 
CD8+T cells (PD-1+CD8+T cells) was upregulated in the high-risk group compared to the low-risk group. No statistically significant 
differences were observed in the abundance of other immune cells such as macrophages, dendritic cells, and iTreg cells. (Fig. 7A–F, 
Figs. S1B–I). We also predicted the treatment response of clinically used chemotherapy drugs and targeted drugs to guide clinical 
medication. As shown in Fig. 7G-P, cisplatin, paclitaxel, docetaxel, gemcitabine, as well as EGFR-related targeted drugs Erlotinib and 
Gefitinib, exhibited lower half-inhibitory concentrations in the high-risk group, indicating a higher sensitivity to these chemotherapy 
and targeted treatments in the high-risk group. Therefore, our model can provide valuable insights for clinical drug selection and 
treatment. 

3.7. Expression of DEirmRNA pairs in adjacent and tumor tissues 

In addition to database analysis, we also detected mRNA expression of relative DEirmRNA pairs in adjacent and tumor tissues by a 
quantitative reverse-transcription PCR (qRT-PCR) assay to verify the accuracy of the model. Results showed that compared to adjacent 
tissues, ERFE/PRR4, ADGRL2/MMRN2, and CDH6/GSTM5 were highly expressed, and ANOS1/ERG, CD101/HSPA12B, FXYD6/ 
SOX18, JAM2/SEMA5A, and REM1/TMEM139 were lowly expressed (Fig. 8A–H). These results suggest that our risk model based on 
DEirmRNA pairs can be used to assist in determining the prognosis of patients with LUAD. 

4. Discussion 

In this study, we creatively selected DEirmRNA through the algorithm and paired it to establish a prognostic risk model. Moreover, 
to make our model more precise regarding prediction, we constructed a modified lasso regression and 10-fold cross-validation and 
incorporated factors into the Cox regression model through the ranking of the frequency of occurrence in the repetition process rather 
than the intersection. The maximum AUC value of the optimal model was obtained by calculating the AUC value of each ROC curve, 
and we used the AIC value to verify the critical point of our model. After distinguishing patients by the new method, we re-evaluated 
the survival results of the patients and analyzed their clinical characteristics by univariate and multivariate regression analyses. 
Additionally, the relationship of risk score with survival, clinical characteristics, gene enrichment, tumor mutation load, immune cell 
infiltration, and drug susceptibility of LUAD patients was analyzed. 

We found that risk scores are reliable independent predictors for the prognosis of LUAD patients. We enriched and analyzed the 
differentially expressed genes in selected patients and found that these genes were remarkably enriched in chromatin separation, 
mitosis, cell cycle, adhesion plaque, transcription, and other pathways. The most basic feature of cancer is abnormal cell proliferation 
caused by uncontrolled cell division and imbalance of the cell cycle [24]. Additionally, adhesion plaques play an important role in 
cancer invasion and metastasis, resulting in cancer progression [25,26]. Our data suggested that high-risk LUAD patients are prone to 
have TP53 gene mutations than low-risk patients. Research has demonstrated that the TP53 gene is more prone to mutations than other 
genes, and mutations in the TP53 tumor suppressor factor are a common cause of lung cancer, particularly in NSCLC [27]. MSI usually 
occurs during DNA replication because the function of base mismatch repair is damaged, resulting in base insertion and deletion, 
which change the length of MS sequences. Some studies have revealed that patients who had a higher MSI value could enhance the 
ability to inhibit tumor progression, which benefited the prognosis of cancer patients [28,29]. High-risk LUAD patients had a greater 
MSI value compared to the low-risk patients, indicated that they were more likely to benefit from immunotherapy. High TMB values 
were usually associated with an increased number of mutations in tumors and were regarded as a predictive factor in evaluating the 
effectiveness of immune checkpoint therapy. Previous studies have demonstrated TMB correlated with the effectiveness of immune 
checkpoint therapy, patients who have high TMB are more sensitive to immunotherapy and have a better outcome [30–32]. In our 
study, high-risk score LUAD patients had greater TMB value than those with low-risk scores, indicated that they had a better effect of 
immunotherapy and longer survival. However, Fig. 6F shows that there was no association between TMB and survival time of LUAD. 
Nonetheless, since TMB is associated with the ability of tumor cells to produce neoantigens, which correlates with antitumor immune 
responses, we also sought to explore the relationship between this model and immune cell infiltration. 

According to our model, we observed a significant decrease in the abundance of infiltrating immune cells in the high-risk group 
compared to the low-risk group. CD4+ and CD8+ T cells are the primary cells that exert adaptive immunity, including immune sur
veillance and tumor cell clearance. CD4+ T cells exert their anti-tumor ability by secreting interferon-γ or modulating the activity of 
other immune cells to inhibit tumor progression, and CD8+T cells (CTL) are able to kill malignant cells upon recognition by T-cell 
receptor (TCR) of specific antigenic peptides presented on the surface of target cells. NK cells can release cytotoxic granules at sites of 
direct contact with Ag-bearing tumor cell. In the high-risk group, the decrease in immune cells (i.e. CD4+T, CD8+T and NK cells) 
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infiltrating the TME indicated that their anti-tumor response was inhibited or related to their poor prognosis. Furthermore, in addition 
to the significant decrease in the abundance of infiltrating immune cells in the high-risk group compared to the low-risk group, there 
was also an increase in exhaustion of CD8+ T cells, indicating a state of T cell dysfunction. In experimental studies, IC50 is often used as 
an index to measure drug efficacy. The stronger the drug efficacy, the lower the corresponding IC50 value [33]. EGFR is a highly 
mutated oncogene in NSCLC, and the FDA has approved the use of EGFR inhibitors to treat NSCLC [34], Gefitinib and Erlotinib both 
were EGFR inhibitors, in our study, we evaluated the relationship between IC50 of these antitumor drugs and risk scores. We observed 
a higher susceptibility of the high-risk groups to EGFR mutation-related targeted drugs, such as Erlotinib and Gefitinib, along with 
various chemotherapeutic agents, compared to the low-risk groups. Consequently, our findings suggest the potential of this model to 
offer personalized treatment for LUAD patients, particularly in the context of EGFR mutation-related targeted therapies. Furthermore, 
we propose that this model has the capability to mitigate the requirement for expensive sequencing expenses in a clinical setting. To 
better verify the results of our study, we also detected the expression level of relative DEirmRNA pairs in adjacent and cancer tissues. 
The results were in consistent with the previous data predicted by the prognostic risk model, suggesting that the prognostic risk model 
based on DEirmRNA pairs has great clinical potential in predicting the prognosis of LUAD. 

5. Conclusions 

In conclusion, we identified and validated 28 DEirmRNA pairs to create the prognostic risk model. The model was regarded as a 
good biomarker to predict the prognosis of LUAD patients and provided an important individualized clinical treatment for LUAD 
patients. 
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