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Background: Long non-coding RNAs (IncRNAs) were demonstrated to be key to cancer progression and highly associated with the
tumor immune microenvironment. Oxidative stress and immune may modulate the biological behaviors of tumors. Therefore, biomarkers
that combined oxidative stress, immune, and IncRNA can be a promising candidate bioindicator in clinical therapy of cancers.
Methods: Immune-related genes (IRGs) and oxidative stress-related genes (ORGs) were identified based on a detailed review of
published literatures. The transcriptome data and clinical information of lung adenocarcinoma (LUAD) patients were obtained from
TCGA database. Lasso and Cox regression analyses were conducted to develop a prognostic model. Additionally, the link between
immune checkpoints, immune cells, and the prognostic model was investigated, and predict the sensitivity of immunotherapy.
Results: 2498 IRGs and 809 ORGs were extracted from previous studies, and 190 immune- and oxidative stress-related genes (IOGs)
were acquired by overlapping the above genes. 658 immune- and oxidative stress-related IncRNAs (IOLs) were screened by Pearson
correlation analysis. A total of 25 prognosis-related IOLs were screened by univariate regression analysis. Finally, LASSO Cox
regression analysis was adopted for determining a 12-I0Ls prognostic risk signature. The signature performance was confirmed in the
training cohort and the testing cohort, and cases were classified into low- and high-risk groups by the risk score calculated from the
signature. Patients in the high-risk group had poor prognoses and immunosuppression, while the risk score was significantly associated
with tumor-infiltrating immune cells, immune checkpoint expression, and immunotherapy responses. In vitro experiments further
confirmed the expression of key signature gene.

Conclusion: Our new IOLs-related prognostic signature can be reliable prognostic tools and therapeutic targets for LUAD patients.
Keywords: immune, oxidative stress, lung adenocarcinoma, prognostic model

Introduction

Based on data obtained from the National Cancer Center, it is evident that lung cancer holds the distinction of being the most
prevalent malignant tumor and leading cause of cancer-related fatalities in China.' In terms of tissue type, lung cancer can
primarily be categorized into two main types: non-small cell lung cancer (NSCLC) and small cell lung cancer. Of these, NSCLC
is the most common, with lung adenocarcinoma (LUAD) emerging as the primary histological subtype.* Unfortunately, early-
stage LUAD cases typically lack typical clinical symptoms and signs, resulting in most cases being diagnosed at middle and late
stages and leading to a poor overall prognosis.* Despite the increasing maturity and perfection of LUAD treatment technology
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and strategy in China, the overall 5-year survival rate remains low.” Therefore, predictive biomarkers with high reliability and
corresponding predictive models are essential for individualized treatment and early, accurate diagnosis of LUAD cases.
Oxidative stress occurs due to the accumulation of reactive nitrogen and reactive oxygen species (ROS) in cells and
organs under certain special conditions, resulting in oxidative damage when the body’s oxidation-reduction balance is
imbalanced and free radicals exceed the range of antioxidant scavenging capacity.® Oxidative stress plays a crucial role in
tumor metastasis/invasion, tumor progression, carcinogenesis, and acute/chronic inflammation in the tumor microenviron-
ment (TME).”® Immune cells are highly sensitive to oxidative stress due to their high content of unsaturated fatty acids in
their cell membranes, making them susceptible to peroxidation reactions. As a result, excess free radicals can decrease
immune function, leading to immune system dysfunction.” In summary, oxidative stress is closely related to tumor immunity.
Long non-coding RNAs (IncRNAs) account for 80% of the human transcriptome and are over 200 nucleotides in length.'
Initially considered “noise” of genomic transcription, IncRNAs were thought to have no biological function due to their lack of
a valid open reading frame and encoding little or no protein.'’ However, accumulating evidence has shown that IncRNAs, once
thought to be “non-functional”, are extensively involved in essential processes such as cancer, immune cell differentiation, and

1213 and are associated with oxidative stress.'* Recent reports suggest that IncRNAs negatively or

14,15

immune system regulation
positively affect response to oxidative stress, implying that IncRNAs may be critical molecules involved in the oxidative
stress field and can serve as biomarkers for oxidative stress-associated disorders.'®'” While previous studies have investigated
the role of IncRNAs in LUAD, our research contributes to the field by identifying a novel prognostic risk signature based on
immune- and oxidative stress-related IncRNAs (IOLs). The signature we developed has not been reported before and provides
a reliable prognostic tool for LUAD patients. Additionally, our study provides new insights into the underlying mechanisms of
IOLs in LUAD pathogenesis and demonstrates that LINC01352 knockdown inhibits LUAD cell proliferation, suggesting that
IOLs may serve as potential therapeutic targets for LUAD treatment.

This study aimed to construct a novel IncRNA prognostic risk signature combining oxidative stress and immunity to
better predict the prognosis of LUAD patients. We comprehensively analyzed IncRNA profiles, combined them with
oxidative stress and immune profiles, and identified their clinical importance in constructing a prognostic signature.

Furthermore, we discussed the differences in immune status between different risk subgroups and clustering subtypes.

Materials and Methods

Dataset and Preprocessing

The design of this study was shown in the flow chart. Normal tissue from healthy lung tissue away from the tumor area is
sufficient, and there are no specific exclusion criteria. RNA-Seq data of 490 tumor specimens and 59 normal specimens were
obtained from the TCGA database in TPM format. Specifically, we utilized the log2 transformation in R software of the RNA-
Seq data to stabilize variance and meet the assumptions of downstream statistical analyses. The clinical information for this
cohort was shown in Table S1.

From previous investigations, 2498 immune-related genes (IRGs) and 809 oxidative stress-related genes (ORGs) were
extracted. An overlapping set of 190 immune- and oxidative stress-associated genes (I0Gs) was obtained by overlapping the
two sets of genes. Differential expression analysis of the IOGs between normal and LUAD specimens was performed using
the “limma” package (v3.50.3). The criteria for significance were set at |log2 fold alteration (FC)| > 1 and p < 0.05. Pearson
correlation analyses (p < 0.001, correlation coefficient > 0.4) were performed for the confirmed differentially expressed IOGs
and each IncRNA. Finally, 658 immune- and oxidative stress-related IncRNAs (IOLs) were selected for subsequent bioinfor-
matics analysis.

Unsupervised Clustering Analysis

To identify consistent clustering patterns based on the expression of prognosis-related IOLs, unsupervised analyses were
conducted. The determination of the number of clusters was accomplished using the “ConsensusClusterPlus” (v1.58.0)
package. In order to assess the stability of the clusters, 100 replicates with a plum value of 0.8 were performed, as described in
previous works.'®!° The difference in OS among different clusters was evaluated using the Kaplan-Meier (K-M) curve. As for
potential confounding factors, adjustments were made for relevant clinical variables, such as age, gender, tumor stage.
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Flow Chart.

Establishment and Verification of Prognostic Signature

The TCGA-LUAD cohort underwent a random split in a 1:1 ratio. To establish a prognostic signature in the training
cohort, the least absolute shrinkage and choice operator (LASSO) Cox regression analyses were employed for the
elimination of redundant genes. The risk score was then determined by summing the expression values of all differen-
tially expressed IOLs, along with their corresponding coefficients. Based on the median risk score, cases were
categorized into either a high-risk or low-risk group. The prognostic performance of the risk signature was assessed
using K-M analyses and time-dependent receiver operation feature (ROC) analyses in both the testing and training
cohorts. For verification of the risk scores in the immunotherapy cohort, the IMvigor-210 cohort, previously described in
the literature, was utilized and risk scores were computed using the identical formula.

Immune Analysis

Various algorithms, including EPIC, XCELL, MCP-counter, QUANTISEQ, CIBERSORT, and TIMER,20 were used to
estimate immune cell abundance and relativity between different risk subgroups. To estimate the abundance of immune
cells and evaluate immune-related functions, we employed the ssGSEA algorithm.?' This algorithm allowed us to assess
various immune cell populations, including but not limited to activated B cells, activated CD4+ T cells, activated CD8+
T cells, central memory CD4+ T cells, central memory CD8+ T cells, and others.”’ Furthermore, to determine the
immune microenvironment status, we utilized the ESTIMATE algorithm. This algorithm enabled the calculation of
essential parameters such as tumor purity, stromal score, and immune score. These scores provided insights into the
composition of the tumor microenvironment and its immune-related characteristics.

Vitro Assays

Human LUAD cell lines A549 and PC9, as well as the normal human bronchial epithelial cell line BEAS-2B, were procured
from the American Type Culture Collection (ATCC) located in Manassas, VA, USA. These cell lines were cultured in RPMI
1640 media supplemented with 10% fetal bovine serum and 1% penicillin-streptomycin. Each assay was performed in
triplicate to ensure statistical reliability. Transfection with siRNAs designed by GenePharma (Shanghai, China) was
performed using jetPRIME® transfection reagent (Polyplus Transfection, China). Real-time gPCR (RT-qPCR) was conducted
using an ABI 7500 instrument and a kit from TAKARA (Japan) to assess LINC01352 expression in cells and tissue. The cell
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proliferation assay was performed on transfected A549 and PC9 cells using cell counting kit-8 (MedChemExpress, China) and
measuring OD values at a wavelength of 450 nm. We seeded LUAD cells in 96-well plates at a density of 2000 cells per well
and incubated them. After 24, 48, 72 and 96 hours, we removed the medium from the wells and added fresh medium
containing CCK-8 solution (10 uL/well). We then incubated the cells at 37°C for 2 hours to allow the CCK-8 solution to be
absorbed by living cells. Subsequently, we measured the absorbance of each well at 450 nm using a microplate reader. The
absorbance at 450nm is proportional to the number of living cells in each well. To ensure the objectivity of the results, the
experiments were conducted in a blinded manner in our lab. The researchers performing the measurements were unaware of
the sample identities, thus eliminating bias. The siRNAs sequences of LINCO01352 were as follows: si-1, 5’-
UUGGAUAGAUGUAAAGAGA-3’ and si-2, 5’-AAGGCAUAAGAUCAAGGAGAA-3’. The qRT-PCR results were ana-
lysed using the 2T method. The primers sequences were as follows: LINC01352, F: 5’-GTTGTGTCTTCTCAGCTGCC
-3’, and R: 5’-CAACCCTGAACGACACACAG-3’. GAPDH, F: 5-GAAGGTGAAGGTCGGAGTCAACG-3’, R: 5’-
TGCCATGGGTGGAATCATATTGG-3".

Statistical Analysis

All statistical analyses were performed using R software (v.4.0.1). Pairwise comparisons were conducted using the
Wilcoxon test, and we applied the Benjamini-Hochberg procedure to control the false discovery rate (FDR) at 5% in
order to account for multiple comparisons in the context of pairwise comparisons. More details on the statistical methods
used for transcriptome data processing can be found in the above section. P < 0.05 was considered statistically
significant.

Results

Identification of IOLs
A total of 2498 IRGs and 809 ORGs were extracted from previous studies. A Venn diagram analysis was performed,
which generated 190 I0Gs (Figure la). Differential gene expression analysis of the 190 I0Gs in the TCGA-LUAD
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Figure | Identification of immune- and oxidative stress-related IncRNAs. (a) Differential expression analysis of 190 immune- and oxidative stress-related genes in the TCGA
database. (b) Differential expression analysis of 190 IOGs in the TCGA database. (c) The network of the 658 immune- and oxidative stress-related IncRNAs.
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cohort showed that 15 genes were up-regulated while 20 genes were down-regulated (Figure 1b). A total of 658 IOLs
were confirmed using 35 differentially expressed IOLs and all annotated IncRNAs for correlation analysis (Figure 1c).

Construction of LncRNAs-Based Cluster

To identify prognosis-associated IOLs, univariate Cox regression analyses were performed after batch correction in the
TCGA-LUAD cohort. Subsequently, 25 IOLs were screened for subsequent analysis (Figure 2a). The Wilcox detection
showed that the 25 prognosis-associated IOLs were differentially expressed between LUAD and normal samples
(Figure 2b). We used the R package “ConsensusClusterPlus” for consensus clustering analysis, when the number of
clusters was 2, the clustering stability was the best (Figure 2d); therefore, we choose k = 2 to obtain two different clusters
(CI1: 390 individuals and C2: 100 individuals) (Figure 2c).

A composite heatmap of the different clusters and clinical information showed that the different clusters correlated
with staging and grading (Figure 3a). K-M analysis (Figure 3b) demonstrated that the overall survival of cases in C1 was
significantly better than that of cases in C2. Immune checkpoint inhibitors (ICIs) are very important treatments for
LUAD patients in clinical practice; therefore, we evaluated whether different clusters were associated with ICI-related
biomarkers. The outcomes exhibited cases in C1 featured higher PD-L1 expression and may have better efficacy
(Figure 3c). We input the TCGA-LUAD expression matrix into the CIBERSORT algorithm and filtered the poor quality
samples using p < 0.05. Finally, we found that in two cluster subtypes, NK cells resting, T cells CD4 memory activated,
T cells CD4 memory resting, plasma cells, B cells naive, monocytes, mast cells activated and eosinophils infiltration were
significantly different (Figure 3d). Moreover, the ESTIMATE algorithm showed that cases in C2 featured higher stromal
scores (Figure 3e), while those in C1 featured higher immune scores (Figure 3f).

Construction and Validation of Risk Signature
To further minimize gene quantity in the signature, we randomly divided the TCGA-LUAD cohort (1:1) and conducted
LASSO regression analysis on the 25 prognostic-associated IOLs in the training cohort (Figure 4a), as previously mentioned.
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Figure 2 Construction of IncRNAs-based cluster. (a) Univariate Cox regression analysis for identification prognosis-associated IOLs. (b) Differential expression of genes in LUAD
samples and normal tissue samples. (c) Consensus clustering matrix for k = 2. (d) Tracking plot confirmed the two clusters. *p <0.05, ¥ <0.01, **p < 0.001.
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Figure 3 The correlation between clusters and TME. (a) The heatmap shows the distribution of clinicopathological features and IOLs expression. (b) K-M curves of overall
survival for patients with LUAD in cluster|/2 subtypes. (c) PD-LI in two cluster subtypes. (d) The infiltrating levels of each immune cell in cluster | and cluster 2 subtypes.
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Figure 4 Construction and validation of risk signature. (a) LASSO analysis to constructing the prognosis risk signature. Time-dependent ROC analysis of risk scores based
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Subsequently, 12 IOLs, along with their expression and regression coefficients, were identified and utilized to calculate the risk
score for  LUAD cases: Risk score =(—0.1224 x TSPOAP1 — AS1)+(0.0125 x« AC005291.2)4(—0.0509
*«LINC01150)4-(0.2138 « FLG — AS1)+(0.0087 % LINC02086)+(—0.1456 * LINC01352)4(—0.1481 * AC005884.1)+
(0.0252 « LINC01843)+(—0.004 * AC021016.2)+(0.0365 *« ITGB1 — DT)+(0.0058 « AP000695.1)+(0.0078 « LINC00
707). Based on the median risk score of patients in the training cohort, cases were categorized into low and high-risk subgroups
in each cohort. The AUC of the training cohort at one, three, and five years was 0.717, 0.742, and 0.677, respectively
(Figure 4b), and the survival time of high-risk cases was significantly lower than that of low-risk cases (Figure 4c). In addition,
the AUC of the testing cohort at one, three, and five years was 0.668, 0.635, and 0.633, respectively (Figure 4d), with the high-
risk population exhibiting shorter survival times (Figure 4e).

Analysis of Clinical Correlation

We plotted a composite heatmap between two risk subgroups and clinicopathological features in the TCGA-LUAD cohort, in which
we found significant correlations between patients in different risk subgroups and staging, grading, T-stage, M-stage, gender, immune
score, and cluster subtypes (Figure 5a). Stratification analyses were further performed by employing the clinicopathological features
below: age (= 60 and < 60), gender, and tumor phase (I, III, and IV). The results indicated that the signature has prognostic
significance between high- and low-risk patients. Cases in the high-risk group exhibited poorer OS than those in the low-risk group
(Figure 5b—d). In sum, the outcomes testify the 12-IOLs risk signature is key to determining LUAD patient prognoses.

Immunity Analysis

To comprehensively explore the relationship between different subgroups and immune cell infiltration, we generated an immune
cell infiltration heatmap using six algorithms (EPIC, XCELL, MCP-counter, QUANTISEQ, CIBERSORT, and TIMER)
(Figure 6a). Interestingly, across the various algorithms, most of the tumor-infiltrating immune cells showed a negative
correlation with the risk score. These findings suggest that the high-risk population is more likely to have a cold tumor state
and a poor response to immunotherapy. To further investigate the link between the risk score and immune cells, we conducted
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Figure 5 The correlation between the risk score and different clinicopathological features. (a) Twelve IOLs expression profiles and correlation between prognostic
signature and clinicopathological features. (b—d) The survival differences between high- and low-risk groups stratified by clinical variables: age (= 60 and < 60), gender (female
and male), and tumor stage (I, lll and IV). *¥p <0.01, **p <0.001.

a differential analysis and observed significant differences in the immune cell composition between the high and low-risk groups.
Specifically, killer cells such as CD4+ T cells and CD8+ T cells were highly expressed in the low-risk group (Figure 6b).
Meanwhile, we analyzed immune checkpoints in different risk groups and found that the low-risk group had higher mRNA
expression (Figure 6¢), which may suggested a better response to immunotherapy. In addition, the negative correlation between
some IOLs involved in the risk signature with immune checkpoints explained the source of the above differences (Figure 6d).
Finally, we validated our risk signature in the IMvigor-210 cohort with the same survival stratification ability (Figure Sla) and
better immunotherapy corresponding to low-risk patients (Figure S1b and c).

Vitro Assays

To identify the candidate molecule for cell function assays, we selected LINC01352. RT-qPCR analysis confirmed
significant upregulation of LINCO01352 in two LUAD cell lines (Figure 7a). Tow siRNAs were tested for transfection
efficiency, with siRNA-2 demonstrating the highest efficiency (Figure 7b). The viability of A549 and PC9 cells was
significantly suppressed after transfection with the corresponding siRNAs, as shown in the CCK-8 assay (Figure 7c and d).

Discussion

The high mortality rate of LUAD continues to pose a significant challenge for clinicians, necessitating the development
of an effective and reliable prognostic model.”*** Recent research has highlighted the role of oxidative stress in
regulating tumor cell proliferation, invasion, and immune cell function, particularly immune cells involved in tumor
metastasis.>**> This suggests a potential link between oxidative stress patterns and antitumor immunity.”® However,
previous studies mainly focused on constructing prognostic models using single oxidative stress or immune features,
which often suffer from limitations in robustness and generalizability.”’ >° In order to address these limitations, our study
takes a comprehensive approach by incorporating both immune-related and oxidative stress-related IncRNAs. By
encompassing multiscale clinical features, we aim to improve the accuracy and robustness of prognostic signatures.
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Figure 6 The correlation of tumor-infiltrating cells with risk score using 6 algorithms. (a) Differences in immune cell infiltration by risk grouping under different algorithms.
(b) Correlation of immune cell infiltration for risk scores under different algorithms. (c) Differences in immune checkpoints-related mRNA by risk grouping under different
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Figure 7 Cell function assays. (a) RT-qPCR analysis detecting relative expression of LINC01352 in cell lines. (b) The transfection efficacities of two siRNAs in LUAD cells.
(c) CCK-8 assays were performed after LINCO1352 was inhibited in A549. (d) CCK-8 assays were performed after LINCO1352 was inhibited in PC9. *p <0.05, **p <0.01,
*kp < 0.001, *¥¥*p < 0.0001.

Based on the expression of 25 prognosis-related IOLs in LUAD, patients were categorized into two molecular
subtypes, with C1 exhibiting a better prognosis than C2. Furthermore, immune infiltration levels were examined between
the two clusters, and C1 was found to be enriched in activated immune cells. These findings suggest that the higher
infiltration levels of activated immune cells in C1 may partially explain the better prognoses of LUAD patients.
Moreover, LUAD with distinct prognoses and immune microenvironments were better classified by the two IOLs
subtypes, indicating that these IOLs may be associated with the formation of a complex immune microenvironment
and an influence on LUAD progression. This evidence facilitates our understanding of the crosstalk between IOLs,
immune cell infiltration, and LUAD progression. ICIs are very important treatments for LUAD patients in clinical
practice; therefore, we evaluated whether different clusters were associated with ICI-related biomarkers. The outcomes
exhibited cases in C1 featured higher PD-L1 expression and may have better efficacy. Moreover, the ESTIMATE
algorithm exhibited that cases in C2 possessed higher stromal scores, while patients in C1 had higher immune scores.

Subsequently, to establish a clinically relevant prognostic signature, we employed a LASSO-Cox regression analysis to screen
the 25 identified prognosis-related IOLs mentioned above. Through this analysis, we selected the optimal putative genes for
signature creation. Following rigorous validation, we successfully developed a novel prognostic signature consisting of 12 genes:
TSPOAP1-AS1, AC005291.2, LINC01150, FLG-AS1, LINC02086, LINC01352, AC005884.1, LINC01843, AC021016.2,
ITGBI1-DT, AP000695.1, and LINC00707. Utilizing this signature, we were able to classify LUAD patients into high-risk and
low-risk categories, which corresponded to unfavorable and favorable prognoses, respectively, in both the training and testing
cohorts. Notably, the AUC values of ROC curves demonstrated the outstanding predictive performance of the developed
signature. To our knowledge, this is the first IncRNA prognostic risk signature that combines oxidative stress and immunity.

To identify the candidate molecule for cell function assays, we selected LINC01352. The upregulation of LINC01352 was
confirmed through real-time qPCR analysis. Of the two siRNAs tested, siRNA-2 showed higher transfection efficiency. The
viability of A549 and PC9 cells, LUAD cell lines, was significantly reduced following transfection with these siRNAs, as
demonstrated in the CCK-8 assay. It was found that the long non-coding RNA LINCO01352 is significantly downregulated in
HCC cells and clinical samples by the HBV X protein (HBx). This downregulation of LINC01352, which acts as an
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endogenous sponge, increases the expression of miR-135b (32157216). This leads to activate Wnt/p-catenin signaling and
facilitating tumor progression. Moreover, in AML, high expression of LINC01352 was observed in leukemia stem cells
(LSCs) and correlated with poor patient prognosis (34295821).

Tumor progression and response to immunotherapy have been increasingly recognized to be closely tied to immune
infiltration.*! In the context of our IOLs signature, we observed a significant association between the signature and immune
functions, immune cell infiltration, and immune checkpoint expression. Notably, oxidative stress within the tumor micro-
environment has been reported to recruit immune cells.** Analyses revealed a negative correlation between the risk score
derived from our signature and the abundance of tumor-infiltrating immune cells, indicating that higher risk scores were
associated with immunosuppression. These findings suggest that the high-risk population is more likely to have a cold tumor
state and a poor response to immunotherapy. Similar results were obtained for differential analysis, where killer cells such as
CD4+ T cells and CD8+ T cells were lowly expressed in the high-risk group. These findings suggest that immune suppression
is a key factor contributing to poorer prognoses observed in high-risk patients.

Immunotherapy strategies targeting immune checkpoints, such as the PD-1/PD-L1 pathway, have emerged as promising
approaches for the treatment of LUAD.**> However, only a small proportion of LUAD patients, approximately less than 10%,
exhibit long-term responses to anti-PD-1 immunotherapy, and these responders generally have improved survival outcomes
compared to nonresponders.*® Unfortunately, there remains a scarcity of reliable markers for predicting immunotherapeutic
outcomes. > In this study, we compared the levels of 41 immune checkpoints between the low- and high-risk groups identified
by our prognostic signature. Interestingly, we found that the low-risk group showed higher expression of most immune
checkpoints. This finding suggests a greater potential for patients at low risk to benefit from immunotherapy. It is noteworthy
that the expression levels of the majority of immune checkpoint genes analyzed were inversely correlated with the risk score
derived from our prognostic signature. These findings underline the potential utility of our signature in improving the
identification of LUAD patients who may have a favorable response to immunotherapy. Encouragingly, we validated our
risk signature in the IMvigor-210 cohort with the same survival stratification ability and better immunotherapy corresponding
to low-risk patients. These results suggest that patients with a low risk score, as determined by our IOLs signature, may exhibit
increased sensitivity to immunotherapy compared to those with a high risk score. Therefore, implementing risk stratification
based on our signature could potentially provide significant benefits for metastatic LUAD patients by accurately identifying
individuals who are more likely to respond positively to immunotherapy.

However, it is important to acknowledge the limitations of our study. Firstly, our study design was retrospective in
nature, and therefore, prospective experiments and clinical validation using larger sample sizes are necessary to further
establish the validity of our prognostic signature. Secondly, although our bioinformatic analyses yielded robust results,
further experimental evidence is needed to elucidate the regulatory networks and underlying mechanisms of the IOLs in
LUAD. Thirdly, while our findings indicate a therapeutic potential for the low-risk group through ICI-based immu-
notherapy, further exploration is warranted to determine the optimal treatment protocols for these patients. Moreover,
while bioinformatics algorithms involving immunology can provide valuable insights into the overall immune cell
landscape, the estimation results should be interpreted with caution and validated using complementary experimental
techniques such as immunohistochemistry or flow cytometry.

Conclusion

In conclusion, our study has provided novel insights into the relationship between IOLs and LUAD. We have success-
fully developed a prognostic signature based on 12 carefully selected IOLs, demonstrating its excellent predictive
performance in LUAD patients. This signature holds promise for identifying cold and hot tumors, optimizing immune
surveillance status, and potentially guiding individualized therapeutic interventions aimed at enhancing the survival
outcomes of LUAD patients. Overall, our findings have important implications for advancing personalized treatment
strategies in the management of LUAD.
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