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Abstract: Background: Patients with lung adenocarcinoma (LUAD) receiving radiotherapy represent an important but 

underexplored clinical subgroup. These patients often undergo concomitant pharmacologic treatments, yet the prognostic 

impact and underlying determinants of such combined regimens remain poorly understood. Objective: This retrospective 

observational study aimed to develop and validate a radiotherapy-specific machine learning prognostic model for LUAD 

and to compare survival across concomitant pharmacologic regimens. Methods: In this retrospective observational study, 

using genomic and clinical data from TCGA, a radiotherapy-specific prognostic model for LUAD was developed and 

validated through ten machine learning algorithms. Survival analyses were conducted across distinct concomitant 

pharmacologic strategies, followed by functional enrichment to elucidate molecular mechanisms underlying differential 

outcomes. Results: Demonstrating robust prognostic abilities, the model efficiently sorted patients into high- and low-risk 

categories. Both treatment type and risk score independently predicted overall survival, with significant interaction effects. 

Low-risk patients receiving targeted or combination therapy—mainly erlotinib, gefitinib, or bevacizumab—exhibited 

substantially improved survival compared with those receiving conventional chemotherapy. Enrichment of "Exogenous 

peptide presentation," "MHC class II assembly," "Peptide–MHC II assembly," and "Symbiotic interaction" pathways 

indicated immune modulation and host–tumor crosstalk as key mediators of treatment efficacy. Conclusion: This study 

establishes a radiotherapy-specific prognostic model for lung adenocarcinoma, demonstrating distinct molecular and 

therapeutic heterogeneity and highlighting the superior survival benefit of targeted combination therapy in low-risk 

patients. 
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INTRODUCTION 
 

Lung adenocarcinoma (LUAD) represents the predominant 

histological form of non–small cell lung cancer (NSCLC) 

and accounts for over 40% of lung cancer cases 

globally(Xu et al., 2024; Zhao et al., 2023). Advances in 

diagnosis and treatment have improved survival outcomes 

for LUAD; however, its incidence and mortality rates 

continue to rise, making it the leading cause of lung cancer 

globally (Ma et al., 2023; Zhang et al., 2023). 

Radiotherapy plays a crucial role in the management of 

locally advanced or unresectable LUAD, offering effective 

local tumor control and prolonged survival (Horinouch, 

2018; van Diessen, 2019). Nevertheless, even under 

standardized conditions of staging, radiation dose and 

technique, there remains substantial heterogeneity in long-

term survival outcomes (Li et al., 2021; Liu et al., 2017; 

Yue et al., 2024). Such variability suggests that traditional 

clinicopathological factors are insufficient to explain 

differences in outcomes among patients receiving 

radiotherapy, implying an underlying biological diversity 

within this subgroup. This heterogeneity underscores the 

importance of conducting in-depth molecular 

investigations to refine risk stratification and optimize 

treatment strategies.  

With the growing understanding of tumor biology and 

advances in data mining techniques in bioinformatics, 

molecular biomarkers have emerged as increasingly 

important tools for prognostic evaluation of lung cancer. 

Accumulating evidence suggests that differentially 

expressed messenger RNAs (mRNAs) are not merely 

byproducts of tumor heterogeneity but active participants 

in cancer progression, therapeutic resistance and immune 

regulation. Specific mRNA signatures have been shown to 

reflect tumor aggressiveness, radiosensitivity and the 

immune microenvironment, offering potential guidance for 

individualized therapy (Han et al., 2020). However, most 

previously established prognostic models have been 

derived from analyses of the general LUAD population 

without focusing specifically on patients treated with 

radiotherapy. Therefore, these models often perform 

suboptimally when applied to radiotherapy subgroups 

(Lender et al., 2025; Liu et al., 2024; Sun et al., 2025). 

Moreover, LUAD patients selected for radiotherapy often 

represent a biologically distinct subset—characterized by 

different tumor burden, microenvironmental context and 

prior treatment exposure—so the risk patterns captured in 

general LUAD cohorts may not accurately reflect 

prognosis in this setting (Wang et al., 2025). Consequently, 

the predictive power and clinical applicability of these 

models in the radiotherapy setting remain limited and *Corresponding author: e-mail: juzaishuang@sina.com 
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precise tools tailored to radiotherapy-associated molecular 

characteristics are still lacking. 
 

In clinical practice, LUAD patients undergoing 

radiotherapy frequently receive concurrent systemic 

therapies, including cytotoxic chemotherapy, targeted 

therapy (such as EGFR or ALK inhibitors), or 

combinations thereof (Wrona et al., 2021; Xu et al., 2021; 

Ying et al., 2020; Zia et al., 2019). Evidence suggests that 

molecularly targeted agents may modulate radiosensitivity 

and interact with DNA damage response pathways. Despite 

the existing mechanistic evidence, systematic studies 

comparing the survival benefits of different 

pharmacological combinations in the context of 

radiotherapy remain limited. This gap constrains the 

development of optimal combined radiotherapy–systemic 

therapy strategies in clinical practice. Therefore, 

constructing a prognostic model based on radiotherapy-

associated mRNA profiles and evaluating survival 

differences across groups stratified by actual therapeutic 

regimens holds significant clinical translational value. 
 

In summary, the present study aims to develop a robust 

survival prediction model centered on radiotherapy-

associated mRNA expression profiles, integrating both 

molecular and clinical treatment data. By incorporating 

real-world information on systemic therapy regimens, the 

model seeks to quantify survival benefits across treatment 

subgroups. This study aims to establish a theoretical 

framework for precise stratification and personalized 

decision-making in LUAD patients receiving combined 

radiotherapy and pharmacotherapy. Such an approach is 

expected to advance the paradigm of precision oncology, 

improve patient prognosis and optimize individualized 

treatment strategies for LUAD. 
 

MATERIALS AND METHODS 
 

Data processing and differential expression analysis  

The TCGA-LUAD cohort was obtained from the public 

TCGA repository in this retrospective observational study, 

and both the mRNA expression matrix and the associated 

clinical annotations were extracted for subsequent 

analyses. Patients who were treated with radiotherapy and 

possessed full clinical information, including overall 

survival (OS), OS time, survival status and major 

clinicopathological characteristics, with available mRNA 

expression profiles were included in this study. To reduce 

potential selection and information bias in survival 

analyses, only patients with complete key clinical 

covariates (age, sex, pathological stage, AJCC TNM 

classification and treatment information) were included in 

prognostic modeling and multivariable analyses. Eligible 

patients were randomly divided into a training cohort and 

a testing cohort at a 2:1 ratio. 

 

mRNA expression profiles were log-transformed and 

normalized using R software (v4.5.1) and Bioconductor 

packages (Huber et al., 2015). Genes with different 

expression levels between tumor and adjacent normal 

tissues were identified through the DESeq2 package. The 

selection thresholds were set at |log2 fold change| > 1 and 

Padj < 0.01, applying the Benjamini–Hochberg correction 

for multiple testing (Love et al., 2014). A univariate Cox 

regression analysis was employed to determine the 

prognostic relevance of the identified DEGs with respect to 

OS in LUAD cases from TCGA (Prentice and Zhao, 2021). 

 

Prognostic model construction and feature selection 

To reduce the dimensionality of the identified DEGs, genes 

with expression levels > 0 in more than 10% of samples 

were retained, while genes exhibiting identical expression 

across all samples were removed. Subsequently, the 

median absolute deviation (MAD) algorithm was 

employed to adaptively identify genes with high 

expression variability, while retaining up to 400 genes. 

Gene-gene correlations were then calculated and highly 

correlated genes were removed to mitigate 

multicollinearity. Finally, the gene set was further 

truncated to 200 genes and then standardized. A model for 

prognosis was built by integrating ten different algorithms, 

including random survival support vector machine 

(survivalSVM), Elastic Net (Enet), StepCox, Ridge, 

plsRcox, Lasso, SuperPC and Survival Forest (RSF) 

(Chen, 2016; Fouodo et al., 2018; Taylor, 2011; Zou and 

Hastie, 2005). These algorithms were combined to form 

various distinct algorithm combinations for model 

building. Model development was performed exclusively 

in the training cohort and the held-out testing cohort was 

used for independent validation to assess generalizability 

and monitor potential overfitting. To further limit 

overfitting, the number of input features was constrained 

by the above filtering steps and highly correlated genes 

were removed prior to model fitting. The concordance 

index (C-index) and other performance metrics were 

compared across the training and testing cohorts to assess 

the stability of each algorithm and each combination. 

Computational efficiency during this process was 

enhanced through parallel processing using GPU-

accelerated XGBoost. The overall workflow of prognostic 

model construction is illustrated in fig. 1. 

 

Model evaluation and validation 

For model evaluation and validation, a prognostic score 

was computed for each patient using the formula: 

Risk score = Σ(Expᵢ × βᵢ) 

 
After Z-score normalization, patients were categorized into 

high- and low-risk groups. The optimal cutoff for risk 

stratification was selected by maximizing the log-rank 

statistic for survival separation. Internal validation was 

conducted in the training cohort, and model reproducibility 

was further assessed in the independent testing cohort. 
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Kaplan-Meier (KM) survival analysis was performed, with 

log-rank tests used to identify statistical differences among 

the groups. Time-dependent receiver operating 

characteristic (ROC) curves were used to analyze the 

temporal prediction accuracy and discriminatory potential 

of the prognostic model in both the training and testing 

cohorts, providing an additional assessment of potential 

overfitting (Heagerty et al., 2000). No formal sensitivity 

analyses were prespecified; model stability was assessed 

through internal training performance and independent 

testing-cohort validation. 

 

Drug stratification and prognostic analysis 

Patients with LUAD receiving radiotherapy were divided 

into two groups based on concomitant medication: a chemo 

group (conventional chemotherapy) and a combo group 

(targeted or combination therapy). Multivariate Cox 

regression was conducted using the model-derived risk 

score, age, sex, treatment, pathological stage and AJCC 

TNM classification (T, N, M), including an interaction 

between treatment and risk score. These variables were 

included because they are clinically relevant covariates and 

potential confounders of survival. No imputation was 

performed; complete-case analysis was used. These 

multivariable models were used to adjust for major clinical 

confounders and to evaluate whether the prognostic effect 

of the risk score was independent of these factors. 

Validation was performed in the independent testing cohort 

and 95% confidence intervals (CIs), hazard ratios (HRs) 

and p-values were determined. The optimal risk score 

cutoff was used to classify patients into low- and high-risk 

subgroups, namely low-chemo, low-combo, high-chemo 

and high-combo. KM analysis and log-rank tests, with a 

significance level of p<0.05, were utilized to evaluate 

prognostic performance and survival differences. 

 

Additionally, functional enrichment analysis of the genes 

identified by the prognostic model was conducted using 

clusterProfiler and ranked according to their enrichment 

scores (Yu et al., 2012). 

 

RESULTS 

 

Identification of DEGs in LUAD 

Initially, raw count data for TCGA-LUAD patients 

encompassed 541 LUAD tumor samples and 59 adjacent 

 
 

Fig. 1: Workflow of prognostic model construction, including TCGA-LUAD data selection, preprocessing, feature 

screening, model training, validation and evaluation. 
 

 
 

Fig. 2: TCGA-LUAD differential expression analysis. (A) Heatmap of the top 50 DEGs showing LUAD/normal sample 

clustering. (B) Volcano plot of differentially expressed genes. 
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normal control samples. Following the application of 

inclusion criteria, a total of 438 LUAD samples with 

radiotherapy records and complete clinical and 

transcriptomic data were included for analysis. 

 

Differential expression analysis identified 2544 DEGs 

(absolute log₂ fold change > 1, adjusted p < 0.01) between 

LUAD tumor tissues and adjacent normal tissues. The 

differential expression patterns between LUAD and normal 

samples were visualized using a heatmap (Fig. 2A) and a 

volcano plot (Fig. 2B).  

 

Machine learning-based prognostic model development 

After initial gene filtering and dimensionality reduction, 

the 2544 identified DEGs were analyzed. Ten machine 

learning algorithms were employed in the TCGA-LUAD 

training set to construct predictive models. This process 

resulted in the identification of 78 non-zero coefficient 

feature genes and the creation of 101 machine learning 

algorithm combinations. Following the exclusion of null 

values, the optimization results for these machine learning 

algorithm combinations are shown in fig. 3. table 1 

presents the top 10 best-performing machine learning 

models and their corresponding C-indices. StepCox 

[forward] was removed even though it had the highest C-

index of 0.97 in the training set, as its C-index was under 

0.5 in the validation set. Ultimately, the ENet model with 

an alpha of 0.1, which had the highest average C-index, 

was picked as the final prognostic model (Table 1). 

 

Evaluating and validating the performance of the 

prognostic model  

The model's discriminative ability was well-demonstrated 

in the training cohort through time-dependent ROC 

analysis, with AUC values of 0.80, 0.77 and 0.73 for 1, 3 

and 5-year survival, respectively (Fig. 4A). These results 

indicated robust performance of the model in predicting 

both short-term and long-term outcomes. Consistent 

performance was also observed in the independent 

validation cohort, where the AUCs reached 0.61, 0.65 and 

0.68 at 1, 3 and 5 years (Fig. 4B). Patients were separated 

into high- and low-risk groups according to the optimal risk 

score threshold. KM analysis showed that individuals in 

the high-risk group exhibited markedly worse overall 

survival than those in the low-risk group in the training set 

(log-rank p < 0.001), indicating the model's effective risk-

stratification ability (Fig. 4C). In the validation cohort, 

although the separation between survival curves was 

slightly reduced, the high-risk group still had significantly 

poorer survival (log-rank p = 0.002), further confirming the 

model’s stability and reproducibility (Fig. 4D). 

 

Survival effects of drug treatment regimens 

Patients with LUAD who received radiotherapy were 

stratified into two groups based on concomitant medication 

types: chemo group and combo group. The combo group 

predominantly received erlotinib, gefitinib and 

bevacizumab, with these patients primarily concentrated in 

T1 and T2 stages. In contrast, the chemo group mainly 

received cisplatin, carboplatin, pemetrexed and paclitaxel 

and these agents were used across T1-T4 stages without a 

particular predominance in any specific stage. The 

prognostic model was utilized to evaluate the treatment 

effects in the two stratified groups. As depicted in Fig. 5A, 

both treatment and risk score emerged as strong 

independent predictors (HR=13.43, p < 0.05; HR = 2.11, p 

< 0.001 for risk score), further supporting the prognostic 

value of the selected ENet model. A significant interaction 

effect (Trt×T2: HR = 0.02, p <0.05) indicated that the 

treatment efficacy varied depending on disease stage, 

suggesting therapeutic heterogeneity (Table 2). Kaplan-

Meier survival analysis performed across low-risk and 

high-risk subgroups for different concomitant medication 

regimens revealed significant differences in prognostic 

performance and survival (p<0.05). Patients in the combo 

group exhibited significantly prolonged survival compared 

to the Chemo group, maintaining a 1.0 survival rate for an 

extended period and demonstrating significantly higher 

ultimate survival rates than the chemo group. Further 

analysis showed that the low-combo subgroup consistently 

presented superior prognostic performance compared to 

the high-combo subgroup, suggesting a significant impact 

of risk stratification on patient prognosis. This result 

further confirmed the effectiveness and clinical 

applicability of the constructed prognostic model (Fig. 5B). 

 

Drug treatment related functional pathway analysis 

In the context of radiotherapy combined with drug 

treatment for LUAD, Gene Ontology (GO) functional 

enrichment of the 78 DEGs was conducted. In total, 43 GO 

pathways showed significant enrichment. Fig. 6 illustrates 

the top 12 GO enrichment pathways, among which 

"Exogenous peptide presentation," "MHC class II 

assembly," "Peptide–MHC II assembly," and "Symbiotic 

interaction" pathways were highly significantly enriched. 

These pathways primarily involved exogenous antigen 

processing and presentation, as well as immune responses 

related to host-symbiont interaction. Additionally, other 

pathways were mainly associated with cell apoptosis, 

membrane structure and migration and protein folding. 

 

DISCUSSION  

 

This study systematically evaluated the prognostic 

characteristics of LUAD patients who received 

radiotherapy, a clinically relevant yet insufficiently 

characterized subgroup. Using large-scale genomic and 

clinical data from TCGA, a robust machine learning–based 

prognostic model was developed and validated to 

specifically address irradiated LUAD. Based on this 

model, the survival effects of different post-radiotherapy 

pharmacologic strategies and their potential molecular 

mechanisms were further investigated.  
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Fig. 3: C-index heatmap of machine-learning model combinations in training and testing cohorts. 

 



ML Prognosis and Drug Survival in Radiotherapy LUAD 

Pak. J. Pharm. Sci., Vol.39, No.12, December 2026, pp.3683-3693 3688 

  Table 1: Top ten models and c-index values. 
 

Model name Training dataset (C-index) Validation dataset (C-index) 

StepCox[forward] 0.9733 0.4744 

StepCox[both]+Enet[alpha=0.1] 0.7703 0.5765 

StepCox[backward]+Enet[alpha=0.1] 0.7634 0.5835 

StepCox[both]+Enet[alpha=0.2] 0.773 0.5724 

Enet[alpha=0.1] 0.7675 0.5817 

StepCox[backward]+Enet[alpha=0.2] 0.7532 0.5853 

plsRcox 0.7513 0.5711 

CoxBoost+Enet[alpha=0.9] 0.7379 0.4507 

CoxBoost+StepCox[forward] 0.7388 0.5465 

CoxBoost+Enet[alpha=0.2] 0.7369 0.5732 
 

 
 

Fig. 4: Prognostic-model performance. (A) Training-set ROC at 1, 3 and 5 years (x-axis: 1-specificity, unitless; y-axis: 

sensitivity, unitless); (B) Validation-set ROC with the same axes; (C) Training-set KM curves (x-axis: time, days; y-axis: 

OS probability, unitless); (D) Validation-set KM curves with the same axes. 
 

 
 

Fig. 5: Treatment-effect analyses. (A) Cox forest plot (x-axis: HR, unitless; y-axis: covariates). (B) Risk-stratified KM 

curves by medication group (x-axis: time, days; y-axis: OS probability, unitless). 
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The findings showed a strong link between the risk 

stratification defined by the model and patient outcomes, 

with various therapeutic regimens showing notably 

different survival benefits. Among these, patients in the 

low-risk group receiving combined targeted therapy 

achieved the most favorable prognosis. These observations 

highlight pronounced heterogeneity in treatment response 

to radiotherapy and provide valuable clues regarding the 

molecular processes influencing LUAD prognosis, 

underscoring the potential clinical relevance of the model 

for guiding individualized therapy. 
  

The prognostic model effectively distinguished patients 

into separate low-risk and high-risk groups. Compared 

with models designed for unselected LUAD populations 

(Li et al., 2019; Xie et al., 2022; Zhang et al., 2022). This 

model was specifically optimized for those who underwent 

radiotherapy, a subgroup facing unique biological 

challenges and treatment responses. Such specialization 

enhances its clinical applicability by providing more 

precise risk assessments for this specific therapeutic 

context. Subgroup analysis further indicated that low-risk 

patients receiving targeted combination therapy 

consistently exhibited better survival outcomes than high-

risk patients, highlighting the critical role of accurate risk 

stratification in optimizing treatment efficacy. 

 

A major insight from this study is the marked heterogeneity 

in therapeutic outcomes across different concomitant drug 

categories in radiotherapy-treated LUAD. Both treatment 

and model-derived risk score emerged as strong 

independent predictors of survival, with significant 

interaction between them. The superior outcomes observed 

in the low-risk combination subgroup underscore the 

importance of integrating molecular risk stratification with 

treatment selection to identify patients most likely to 

benefit from intensified or personalized regimens. This 

study revealed that patients receiving targeted or 

combination therapy—mainly erlotinib, gefitinib and 

bevacizumab—exhibited significantly prolonged survival 

Table 2: Significant differences in multivariate Cox regression results.  
 

Variable HR(95% CI) p 

Treatment 13.43(1.10-163.72) 0.04 

Risk 2.11 (1.36-3.28) <0.001 

Trt×T2 0.02 (0.0005-0.789) 0.04 
 

 
 

Fig. 6: GO enrichment analysis (x-axis: gene count, n; y-axis: GO terms; color: adjusted p value, unitless). 
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compared with those treated with conventional 

chemotherapy, consistent with previous evidence in LUAD 

(Deng et al., 2021; Greenhalgh et al., 2021; Lee et al., 

2017; Nan et al., 2017). These targeted agents primarily act 

against EGFR mutations, which occur in approximately 

30–50% of LUAD patients (Chen et al., 2023; Metro and 

Crinò, 2012). Earlier studies demonstrated that erlotinib 

and gefitinib sensitize LUAD cells to radiation (Liu et al., 

2020; Nymoen et al., 2024; Xu et al., 2016), whereas 

bevacizumab can normalize the tumor vasculature to 

improve oxygenation, thereby enhancing radiosensitivity 

(Guo et al., 2024; Zhou et al., 2024). Synchronous or 

sequential administration of these agents may further 

potentiate the radiation effect and suppress post-

radiotherapy proliferative recovery, leading to significant 

prolongation of overall survival (Motta-Guerrero et al., 

2024). Although several studies have established targeted 

therapy as a standard approach for advanced LUAD 

(Cheng et al., 2021; Ohe et al., 2019), its use in the setting 

of radiotherapy remained limited in historical TCGA 

datasets, largely reflecting earlier therapeutic practices. In 

contrast, conventional chemotherapy was prescribed more 

frequently, reflecting conservative decision-making 

patterns in clinical management. 

 

Functional enrichment analysis provided preliminary 

molecular context for the observed treatment effects. 

Significant enrichment of pathways related to "Exogenous 

peptide presentation," "MHC class II assembly," and 

"Peptide–MHC II assembly," is consistent with the 

hypothesis that immune modulation may contribute to 

post-radiotherapy outcomes, particularly through antigen 

processing and presentation pathways. Multiple studies 

have identified enhanced expression of these pathways in 

irradiated tumor cells, suggesting that radiotherapy not 

only exerts direct cytotoxicity through DNA damage but 

also induces MHC II-mediated exogenous peptide 

presentation, leading to immunogenic cell death. In this 

context, the addition of targeted therapy might further 

influence antigen exposure and presentation, although the 

present results do not directly demonstrate such effects and 

should be regarded as hypothesis-generating (Sun et al., 

2023; Yang et al., 2023). Furthermore, enrichment of 

immune- and virus-like response pathways—such as 

"Symbiotic interaction" and " Viral life cycle "—may 

reflect activation of antiviral or virus-mimicking 

transcriptional programs in some patients. Recent studies 

have shown that such “viral mimicry” responses, driven by 

endogenous retroelements and interferon-related signaling, 

can enhance antitumor immunity in experimental models 

(Chiappinelli et al., 2016; Ishak and De Carvalho, 2020; 

Jansz and Faulkner, 2021; Vitiello et al., 2021). These 

findings are consistent with prior observations but remain 

associative and the mechanisms linking these pathways to 

clinical outcomes will require further experimental and 

clinical validation. 

 

Several limitations should be acknowledged. The relatively 

limited use of targeted therapy within the historical TCGA 

cohort led to a smaller number of patients in the 

combination therapy group and lack of representation of 

newer targeted agents. In addition, the radiotherapy 

annotation in TCGA is incomplete and inconsistently 

documented, which may affect treatment-group 

classification and limit the reproducibility of radiotherapy-

specific analyses. Potential confounding effects in 

enrichment analyses may also affect mechanistic 

interpretation. Although the present study demonstrates 

that combination therapy provides greater benefit in low-

risk patients, outcomes in high-risk patients have not been 

directly evaluated. The genomic and clinical data available 

in TCGA could support such analyses; however, the 

limited sample size and incomplete treatment annotation 

constrain robust assessment in this subgroup. Future 

investigations based on larger, prospectively collected 

datasets, including contemporary targeted and 

immunotherapeutic regimens, are warranted to confirm 

and extend these observations. 

 

In summary, this study formulated and authenticated a 

gene-based prognostic model for LUAD patients 

undergoing radiotherapy, achieving effective risk 

stratification and revealing marked heterogeneity in 

treatment responses. The findings demonstrate that 

targeted combination therapy provides superior survival 

benefit, particularly for low-risk individuals and that 

immune-related pathways play a pivotal role in 

determining prognosis. These findings enhance the 

understanding of the molecular basis underlying 

radiotherapy responses in LUAD and offer support for 

developing risk-tailored and personalized therapeutic 

approaches. Prospective validation and mechanistic 

exploration are required to translate these insights into 

clinical practice. 

 

CONCLUSION 

 

This study established and validated a machine learning–

based prognostic model tailored for LUAD patients 

undergoing radiotherapy. The model demonstrated robust 

performance in stratifying patients by survival risk and 

revealed substantial heterogeneity in therapeutic responses 

across concomitant pharmacologic regimens. Notably, 

low-risk individuals achieved the most significant survival 

benefits when treated with combined targeted therapy. 

Functional enrichment analyses indicated that immune-

related pathways—particularly those involving antigen 

presentation and viral mimicry signaling—play central 

roles in mediating post-radiotherapy outcomes. 

Collectively, these findings emphasize the clinical value of 

integrating molecular risk stratification with targeted 

combination strategies to optimize radiotherapeutic 

outcomes and guide precision management in LUAD. 
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