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Abstract 
Background:  Lung adenocarcinoma (LUAD) is a major cause of cancer death. Traditional histopathological classification overlooks molecular 
heterogeneity, limiting personalized treatment. This study used multiomic data to define LUAD subtypes, assess prognostic significance, and 
analyze immune features, aiming to improve targeted therapy and clinical outcomes.
Methods:  This study used Consensus Clustering and Gap Statistics to analyze LUAD multiomic data, including mRNA, lncRNA, miRNA, DNA 
methylation, and mutations. Clustering was validated by silhouette plots and heatmaps. Molecular characterization involved regulon activity, 
immune and metabolic profiling. Functional assays (qPCR, WB, CCK-8, flow cytometry) assessed neuronal differentiation factor (NDNF)’s role 
in LUAD.
Results:  Two molecular LUAD subtypes showed distinct clustering and survival outcomes. One subtype had worse prognosis and unique 
immune features, including checkpoint expression and microenvironment differences. Gene signatures and metabolism varied by subtype. 
Neuronal differentiation factor was downregulated in tumors; its overexpression suppressed LUAD cell viability and promoted apoptosis, sug-
gesting tumor-suppressive function.
Conclusions:  This study identifies 2 LUAD subtypes with distinct molecular and immune features linked to prognosis and therapy response. 
Neuronal differentiation factor downregulation and its tumor-suppressive effects highlight its therapeutic potential. These findings support 
improved LUAD stratification and personalized treatment strategies.
Key words: lung adenocarcinoma; multiomics; molecular subtypes; immune profiling; personalized medicine; differential gene expression.

Implications for Practice
This study reveals 2 lung adenocarcinoma (LUAD) molecular subtypes with distinct prognoses and immune features, offering a basis for 
more precise treatment strategies. The identification of neuronal differentiation factor as a potential tumor suppressor suggests its value 
as both a biomarker and therapeutic target. These findings support improved LUAD stratification and personalized therapy.

Introduction
Lung adenocarcinoma (LUAD) represents a prevalent form 
of nonsmall cell lung cancer, accounting for a significant 
proportion of all lung cancer cases.1 Originating from the 
glandular cells in the lungs, responsible for the secretion of 
mucus and other fluids, LUAD is characterized by its complex 
molecular structure and diverse clinical manifestations.2 This 
complexity poses challenges in its diagnosis and treatment. 
Despite advances in radiotherapy, chemotherapy, and surgical 
interventions, LUAD’s intricate nature demands a thorough 

understanding to devise effective treatment strategies, under-
scoring the need for comprehensive research and analysis in 
this domain. The molecular landscape of LUAD is notably 
complex, marked by a wide array of genetic mutations, vari-
ations in gene expression, and diverse epigenetic alterations.3 
This heterogeneity not only complicates the understanding of 
the disease’s pathogenesis but also poses significant challenges 
in the development of effective, targeted treatment strategies. 
Traditional one-size-fits-all treatment approaches are often 
ineffective due to the unique molecular characteristics of 
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each patient’s tumor. Consequently, there is a pressing need 
for a comprehensive analysis of LUAD’s molecular landscape. 
Such an analysis would involve integrating multiomic data—
genomics, transcriptomics, proteomics, and epigenomics—to 
gain a holistic view of the disease.4 This integrative approach 
is crucial for identifying specific molecular subtypes of LUAD, 
understanding the underlying mechanisms driving each sub-
type, and uncovering potential therapeutic targets.

Recent advancements in multiomic technologies have 
ushered in a new era in our understanding of diseases like 
LUAD.5 Multiomics refers to the collective analysis and inte-
gration of datasets from various biological layers, including 
genomics, transcriptomics, proteomics, and epigenomics.6 
Each omics layer reveals distinct aspects of cancer biology: 
genomics identifies mutations, transcriptomics captures gene 
expression, proteomics shows protein activity, and epigenom-
ics reveals regulatory changes. Integrating these data offers 
a comprehensive view of LUAD, linking genetic, transcrip-
tional, protein, and epigenetic alterations. This approach 
uncovers molecular subtypes, improves prognostic accuracy, 
and identifies new therapeutic targets.

This study aims to integrate multiomic data to identify 
molecular subtypes of LUAD, using the combined insights 
of genomics, transcriptomics, proteomics, and epigenomics 
to clarify disease heterogeneity and improve prognostic and 
therapeutic precision.

Methods
Data collection and preprocessing
The dataset included 11 427 LUAD samples collected from 
The Cancer Genome Atlas (TCGA) (https://tcga-data.nci.nih.
gov/tcga/), GEO datasets (GSE31210, GSE50081, GSE64865, 
GSE68465), and single-cell cohorts. This dataset encom-
passed multiomic data, including messenger RNA (mRNA), 
long non-coding RNA (lncRNA), microRNA (miRNA), DNA 
CpG methylation, and gene mutation profiles (Supplementary 
dataset).

Missing data imputation was applied to mRNA expression, 
lncRNA expression, miRNA expression, and DNA methyl-
ation data, specifically addressing missing values caused by 
low gene expression levels and incomplete sequencing cov-
erage. The k-Nearest Neighbors (k-NN) algorithm was used 
to impute these missing values while preserving the intrinsic 
data structure. Probes and samples with excessive missing val-
ues beyond a predefined threshold were excluded to ensure 
data quality.

Normalization techniques were employed to adjust for 
batch effects and other potential confounders in the data. 
Specifically, the ComBat algorithm was applied to correct for 
batch effects, ensuring that variations due to different batches 
were minimized while preserving the biological signal [7]. 
Additionally, log transformation was used to stabilize vari-
ance and reduce skewness in the distribution of expression 
levels. To further standardize the data, Z-score standardiza-
tion was applied to each dataset independently, transforming 
the data to have a mean of 0 and a standard deviation of 1 
[8]. This combination of the ComBat algorithm and Z-score 
standardization facilitates direct comparisons across different 
types of molecular data and between samples, by mitigating 
the influence of both batch effects and disparate scale and 
distribution.

Clustering analysis
The clustering process was guided by 2 principal metrics: the 
Cluster Prediction Index (CPI) [9] and Gap Statistics. The CPI 
was employed to assess the internal coherence and separation 
between potential clusters, providing a quantifiable measure 
of cluster quality based on within-cluster variance relative to 
between-cluster variance [9]. The Gap Statistics, on the other 
hand, compared the log-transformed within-cluster sums of 
squares across different k-values with their expected values 
under a null reference distribution of the data [10].

The optimal number of clusters was determined using 
silhouette plots and Gap Statistics [11]. Silhouette analysis 
involves calculating a score for each sample in a cluster, which 
measures how similar that sample is to samples in its own 
cluster compared to samples in other clusters. This metric 
ranges from −1 to 1, where a high value indicates that the 
sample is well matched to its own cluster and poorly matched 
to neighboring clusters. The silhouette plot provides a visual 
representation of how each cluster stands apart from others, 
which aided in determining the most coherent and distinct 
clustering solution. The Gap Statistic further corroborated 
these findings by providing a statistical basis for choosing the 
number of clusters that best captured the inherent grouping 
in the data.

To robustly cluster the multiomic data, 10 advanced clus-
tering methods were utilized, each chosen for its ability to 
handle the complexity and dimensionality of the data effec-
tively [12]. Molecular subtypes of LUAD were identified 
using robust consensus clustering approaches. These methods 
integrated multiomic data to uncover distinct and reproduc-
ible subtypes validated across external cohorts.

Subtype identification and validation
Consensus clustering was employed to integrate the results 
from multiple clustering algorithms, enhancing the robust-
ness and reproducibility of the identified subtypes [13]. This 
method uses a consensus clustering matrix to aggregate the 
clustering outcomes from different methods, where each entry 
in the matrix represents the proportion of algorithms that 
assign the same pairs of samples to the same cluster. The con-
sensus matrix thus provides a visual and quantitative measure 
of agreement among the various methods, highlighting con-
sistent groupings. The final subtypes were determined based 
on the stability of clusters across algorithms, as evidenced by 
high consensus values and low variability, ensuring that the 
chosen clusters represent genuine underlying biological pat-
terns rather than artifacts of any single clustering technique.

Survival analysis was conducted to assess the prognostic 
differences among the identified molecular subtypes. Kaplan–
Meier survival curves were plotted to visualize the survival 
probabilities over time for each subtype, providing an intui-
tive representation of survival distribution [14]. Additionally, 
the Cox proportional hazards model was applied to quan-
tify the impact of subtype classification on survival outcomes 
[15]. This model adjusts for various covariates and com-
putes hazard ratios, offering insights into the relative risk of 
mortality associated with each subtype. The significance of 
differences in survival among subtypes was evaluated using 
log-rank tests, establishing a statistically grounded basis for 
prognostic assessments.

Validation of the identified LUAD subtypes was per-
formed using external cohorts, namely META-LUAD and 
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IMvigor-LUAD, to confirm generalizability and robustness. 
Two principal methods were utilized: Nearest Template 
Prediction (NTP) and Prediction Analysis for Microarrays 
(PAM). NTP involves comparing the molecular profile of 
new samples against predefined template profiles represent-
ing each subtype to assign the most similar template to each 
sample [16]. PAM, on the other hand, uses a class prediction 
strategy based on gene expression data to classify new sam-
ples into one of the established subtypes [17]. These methods 
were crucial in demonstrating that the subtypes not only hold 
in the original TCGA cohort but also retain their prognos-
tic relevance and distinct molecular signatures in diverse and 
independent patient populations. Statistical measures such as 
classification accuracy, sensitivity, and specificity were calcu-
lated to evaluate the performance of subtype assignments in 
these validation cohorts.

Immune microenvironment analysis
To evaluate the immune cell infiltration within the tumor 
microenvironment (TME), several computational tools were 
utilized, each offering unique insights into the composi-
tion and function of immune cells in the context of LUAD. 
CIBERSORT was employed to deconvolute the cell compo-
sition of complex tissues based on gene expression data, pro-
viding estimates of the relative proportions of immune cell 
types within the tumor [18]. MCPcounter estimated the abun-
dance of various immune and stromal cell populations using 
a set of marker genes characteristic of each cell type, thus 
offering quantification of these cells in the tumor samples 
[19]. TIMER utilized a similar approach but with an empha-
sis on the influence of tumor purity, thereby adjusting the 
infiltration scores to reflect the true immune contexture more 
accurately [20]. Lastly, quantISEQ was applied to specifically 
quantify tumor-infiltrating lymphocytes, using a machine 
learning model trained on digital cytometry data [15].

The expression of immune checkpoint genes, which play 
critical roles in regulating immune responses, was analyzed to 
understand their differential regulation across the identified 
molecular subtypes. Using RNA-Seq data, expression levels of 
key checkpoint genes such as PD-1, CTLA-4, LAG-3, and oth-
ers were quantified. Statistical tests, including ANOVA and 
post-hoc Tukey tests, were conducted to detect significant dif-
ferences in expression among the subtypes. This analysis was 
complemented by correlation studies that linked expression 
patterns with clinical data such as treatment response and 
survival outcomes. Further, the data were visualized using box 
plots and heatmaps, facilitating an intuitive understanding of 
the variation in checkpoint gene expression across subtypes. 
This analysis not only highlighted the potential mechanisms 
underlying immune evasion but also suggested targeted ther-
apeutic strategies that could be employed to enhance the effi-
cacy of immunotherapy based on the specific immune profiles 
of different LUAD subtypes.

Biomarker expression and drug response 
prediction
To analyze the expression levels of potential biomarkers and 
their correlation with patient risk groups, statistical meth-
odologies were rigorously applied. Initially, biomarker can-
didates were identified based on their known or predicted 
involvement in LUAD pathogenesis or therapy response. 
Expression data for these biomarkers were then extracted 

from the multiomic datasets. For comparative analysis, 
patients were stratified into high-risk and low-risk groups 
based on a composite risk score derived from clinical data 
and molecular profiles. The expression levels of biomarkers 
across these groups were compared using the Mann–Whitney 
U-test for nonparametric data, ensuring that differences in 
median expression levels were not influenced by outliers or 
non-normal distributions. Additionally, for biomarkers with 
parametric expression profiles, t-tests were utilized.

The prediction of patient-specific drug responses was 
based on integrating molecular characteristics with phar-
macogenomic data. This integration was facilitated by the 
use of predictive models that incorporate both genetic and 
epigenetic features relevant to drug metabolism and efficacy. 
Specifically, machine learning models such as Random Forests 
and Support Vector Machines were trained on datasets com-
prising genomic profiles and historical treatment outcomes 
[21]. These models were used to predict the efficacy of various 
chemotherapeutic agents and targeted therapies, providing 
personalized treatment recommendations. Additionally, the 
drug response prediction was enhanced by the use of pharma-
cogenomic databases like the Genomics of Drug Sensitivity 
in Cancer, which provides drug sensitivity profiles for various 
cancer cell lines [22].

Single-cell RNA sequencing and data analysis
LUAD and adjacent normal tissue samples were collected 
from patients undergoing surgery. Fresh tissue samples were 
immediately dissociated into single cells using enzymatic 
digestion, following established protocols. Single-cell suspen-
sions were filtered to remove cell debris and then subjected 
to viability assessment using Trypan Blue staining. Cells with 
>85% viability were used for subsequent analysis.

Single-cell RNA sequencing libraries were prepared using 
the 10x Genomics Chromium platform according to the man-
ufacturer’s instructions [23]. Individual cells were captured in 
microdroplets, and barcoded mRNA was reverse-transcribed 
to generate cDNA libraries. Sequencing was performed on an 
Illumina platform, generating paired-end reads with an aver-
age depth of 50 000 reads per cell.

The raw sequencing data were processed using the Cell 
Ranger pipeline (v.3.1, 10x Genomics) to align reads to the 
human reference genome (GRCh38) and to generate the gene 
expression matrix. Low-quality cells with fewer than 200 
detected genes, or cells with a mitochondrial gene content 
>10%, were excluded from the analysis. Genes expressed in 
fewer than 3 cells were also removed.

After normalization and log transformation of the expres-
sion data, highly variable genes were selected for downstream 
analysis. Principal component analysis (PCA) was used for 
dimensionality reduction, and the top principal components 
were selected for clustering. Cells were clustered using the 
Seurat R package (v.3.1) based on the Louvain algorithm. 
Uniform Manifold Approximation and Projection (UMAP) 
was employed to visualize the clustering results.

Clusters were annotated by comparing differentially 
expressed genes (DEGs) in each cluster with known cell 
type markers from published literature. Identified cell types 
included T cells, B cells, NK cells, epithelial cells (Epi), macro-
phages (Mac), monocytes (Mon), fibroblasts (Fib), dendritic 
cells (MDC), mast cells (Mast), plasma cells (Plasma), endo-
thelial cells (Endo), and plasmacytoid dendritic cells (PDC).
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Statistical methods and software tools
The analyses described in this study were supported by a 
comprehensive suite of software tools and packages, pri-
marily within the R and Python ecosystems. Key software 
used included: R (version 4.1.2): Utilized for statistical anal-
yses and visualization, with packages such as survival for 
survival analyses, limma for differential expression studies, 
and ConsensusClusterPlus for consensus clustering. Python 
(version 3.8): Employed for machine learning models and 
data preprocessing, with libraries including scikit-learn for 
modeling and pandas for data manipulation. CIBERSORT: 
a standalone tool for characterizing cell composition of com-
plex tissues from their gene expression profiles. TIMER: used 
within a web-based platform for immune infiltration analy-
sis. quantISEQ: implemented via a Python script to quantify 
tumor-infiltrating lymphocytes based on transcriptomic data.

A variety of statistical tests were applied to ensure the 
validity of the findings across different types of data analy-
ses: Kaplan–Meier Analysis and Cox Proportional Hazards 
Model: these methods were used to evaluate survival dif-
ferences, with log-rank tests for comparing Kaplan–Meier 
curves to determine statistical significance. ANOVA and 
t-tests: Employed for comparing gene expression across mul-
tiple groups, with post-hoc Tukey tests to adjust for multiple 
comparisons when significant ANOVA results were found. 
Mann–Whitney U and Wilcoxon Signed-Rank Tests: these 
nonparametric tests were used where data did not assume nor-
mal distribution, suitable for comparing two independent or 
paired groups, respectively. Benjamini–Hochberg Procedure: 
this false discovery rate controlling procedure was used to 
adjust P-values in the context of multiple hypothesis testing, 
particularly in the gene expression and biomarker analyses, 
ensuring that the likelihood of type I errors was minimized.

Cell culture
Normal lung cell samples and LUAD cell lines, A549 
cells, were cultured in Dulbecco’s Modified Eagle Medium 
supplemented with 10% fetal bovine serum and 1% 
penicillin-streptomycin [24]. The cells were maintained 
at 37°C in a humidified atmosphere containing 5% CO2. 
The medium was replaced every 2–3 days, and cells were 
passaged at approximately 80%–90% confluence using 
trypsin-EDTA solution for detachment.

qPCR analysis
Total RNA was extracted from the cell samples using an RNA 
extraction kit. The RNA was then reverse transcribed into 
cDNA using a reverse transcription kit. Quantitative PCR 
(qPCR) was performed using specific primers for NDNF 
and a SYBR Green master mix. The relative expression levels 
of NDNF were calculated using the 2^-ΔΔCt method, with 
GAPDH as the internal control.

Western blot analysis
Proteins were extracted from the cell samples using a lysis 
buffer. The extracted proteins were separated by SDS-PAGE 
and transferred onto a PVDF membrane. The membrane was 
then probed with anti-NDNF primary antibodies, followed 
by incubation with HRP-conjugated secondary antibodies. 
Protein bands were visualized using an enhanced chemilumi-
nescence detection system, and the relative protein levels were 
quantified using image analysis software.

Adenoviral vector construction
Adenoviral vectors carrying the full-length NDNF cDNA 
were generated through standard cloning techniques. The 
NDNF cDNA was inserted into the adenoviral vector, driven 
by a strong promoter to ensure robust expression. A549 cells 
were subsequently transduced with these adenoviral vectors 
using the Lipofectamine 3000 reagent, facilitating efficient 
gene delivery.

CCK8 Assay
A549 cells, both NDNF overexpressing and control, were 
seeded into 96-well plates at a density of 5000 cells per well. 
After allowing the cells to adhere and grow for 24 hours, the 
Cell Counting Kit-8 (CCK8) reagent was added to each well 
according to the manufacturer’s instructions [25]. The plates 
were incubated for 2 hours at 37°C. The absorbance of each 
well was measured at 450 nm using a microplate reader. Cell 
viability was assessed by comparing the absorbance values of 
NDNF overexpressing cells to those of control cells.

Results
Prognostic relevance of S-MMR score in LUAD and 
its association with clinical characteristics
We applied the S-MMR score (somatic mismatch repair 
score) to stratify LUAD patients into high- and low-risk 
groups across TCGA, GSE68465, GSE50081, and GSE31210 
datasets (Figure 1A–D). Kaplan–Meier survival curves consis-
tently showed that patients with high-S-MMR scores had sig-
nificantly poorer overall survival compared to those with low 
scores. This trend was statistically significant across all data-
sets, as indicated by log-rank P-values. A combined survival 
analysis across all cohorts (Figure S1A) further confirmed the 
prognostic value of the S-MMR score, with the high-S-MMR 
group exhibiting markedly worse survival outcomes (log-rank 
P < .0001). Boxplots (Figure S1B) demonstrated significant 
correlations between risk scores and clinical characteristics: 
males, patients with higher T, N, and M stages, advanced over-
all stage, and older age (>65) had higher-risk scores, linking 
these features with worse prognosis. Donut plots (Figure S1C) 
illustrated the distribution of clinical characteristics between 
high- and low-S-MMR groups. Chi-squared tests revealed sig-
nificant associations between the S-MMR score and gender 
(P = .0154), T stage (P = .0197), N stage (P < .0001), M stage 
(P = .0111), and age (P = .0088), reinforcing the link between 
high S-MMR scores and more aggressive clinical features. 
These findings establish the S-MMR score as a strong prog-
nostic indicator in LUAD, demonstrating its association with 
poorer survival and aggressive disease characteristics. This 
score could serve as a valuable tool for patient stratification 
and personalized treatment strategies.

Immune landscape and immunotherapy response 
in LUAD
Figure 2A compares immune cell infiltration between high-
risk (HR) (red) and low-risk (LR) (green) LUAD patient 
groups using CIBERSORT, MCPcounter, and XCell. Boxplots 
show that CD4+ memory T cells, fibroblasts, neutrophils, 
and dendritic cells are significantly enriched in the LR group, 
suggesting a more immune-activated tumor microenviron-
ment. In contrast, myeloid-derived suppressor cells, known 
for promoting immune suppression, are elevated in HR 
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patients, contributing to poorer outcomes. Figure 2B high-
lights differential expression of immune recruitment and 
activation signatures. The LR group shows higher recruit-
ment signatures for CD4+ T cells, supporting a more active 
antitumor response. Conversely, macrophage-related signa-
tures are enriched in HR patients, indicating a more immu-
nosuppressive tumor microenvironment (TME). Figure 2C 
demonstrates that HR patients exhibit increased expression 
of immune checkpoint molecules, including PD-L1 (CD274) 
and LAG3, which dampen immune responses and facilitate 
tumor immune evasion. Figure 2D presents the distribu-
tion of risk scores among patients with different responses 
to immune checkpoint inhibitors. Kruskal–Wallis analysis 
(P = 7.6e-05) shows that lower-risk patients are more likely 
to achieve Partial or Complete Response, while higher-risk 
patients tend to have Progressive Disease. Figure 2E utilizes 
Tumor Immune Dysfunction and Exclusion (TIDE) analysis 
to predict ICI response, revealing that 75.6% of HR patients 
are likely nonresponders, whereas 48.4% of LR patients are 
predicted responders (P = .000). Figure S1D further breaks 
down the TIDE score, showing significantly higher immune 
dysfunction and exclusion in HR patients (P < .0001), sug-
gesting impaired antitumor immunity. These findings under-
score significant differences in immune infiltration, immune 
checkpoint expression, and predicted ICI response between 
risk groups, highlighting the potential for stratifying LUAD 
patients for immunotherapy.

Differential gene expression and its clinical 
implications in LUAD risk stratification
Figure 3A presents Spearman rank correlation analy-
sis between the 3S-MMR score and gene expression in the 
TCGA-LUAD cohort. The volcano plot highlights significant 
correlations, with genes such as PNP, SMS, VDAC2, and 

SLCO1B1 showing positive correlations with HR scores, 
suggesting their elevated expression in HR patients. Scatter 
plots demonstrate a strong positive correlation between 
the 3S-MMR score and tumor mutation burden as well as 
tumor neoantigen burden (r > 0.5, P = 0), indicating that HR 
patients have higher mutation and neoantigen loads, which 
may influence immune evasion and treatment response. 
Figure  3B identifies genes negatively correlated with the 
3S-MMR score, including TOP2A, KIF18A, and SLC25A13 
(R < −0.3). Their lower expression in HR patients suggests 
potential tumor-suppressive roles. Figure 3C evaluates drug 
sensitivity, showing that HR patients have significantly higher 
half-maximal inhibitory concentration (IC50) values for 
Paclitaxel, Gemcitabine, and Cisplatin, indicating reduced 
sensitivity to these chemotherapy agents. Figure S1E further 
explores drug resistance through area under the curve (AUC) 
comparisons. High-risk patients exhibit significantly higher 
AUC values for multiple chemotherapeutic and targeted 
agents, including BI-2536, KX2-391, Leptomycin B, and 
SB-743921, suggesting greater drug resistance. Additional 
drugs, such as Docetaxel, Cabazitaxel, Vincristine, and SNS-
314, also show higher AUC values in HR patients, reinforcing 
the association between the 3S-MMR score and poor treat-
ment response. These findings highlight the link between the 
3S-MMR score, gene expression, mutation burden, and che-
motherapy resistance, emphasizing its potential role in guid-
ing treatment strategies for LUAD patients.

Comprehensive immune and molecular landscape 
analysis in LUAD
Figure 4A presents a radar chart comparing molecular sub-
types of LUAD between HR and LR groups. High-risk patients 
show stronger associations with aggressive features such as 
epithelial-mesenchymal transition and EGFR mutations, 

Figure 1. Survival analysis of S-MMR score in LUAD: multicohort insights and clinical correlations. (A) Kaplan–Meier survival curves and ROC curves 
of 3 S-MMR score in the training set 1 (TCGA-LUAD). (B) Kaplan–Meier survival curves and ROC curves of 3 S-MMR score in the training set 2 
(GSE68465). (C) Kaplan–Meier survival curves and ROC curves of 3 S-MMR score in the training set 3 (GSE50081). (D) Kaplan–Meier survival curves 
and ROC curves of 3 S-MMR score in the training set 4 (GSE31210). *P < .05; **P < .01; ***P < .001.

The Oncologist, 2025, Vol. 30, No. 10

https://academic.oup.com/oncolo/article-lookup/doi/10.1093/oncolo/oyaf191#supplementary-data
https://academic.oup.com/oncolo/article-lookup/doi/10.1093/oncolo/oyaf191#supplementary-data


6

Figure 2. Integrated immune landscape profiling in cancer patient cohorts. (A) Boxplot illustrating the relative abundance of infiltrating immune cell 
types in patients belonging to high- and low-risk groups. (B and C) Boxplot of relative expression levels at 27 immune checkpoints profiles between the 
high- and low-risk patients. (D) Risk score distribution for treatment responses (PR, PD, CR, SD) displayed in color-coded scatter and box plots. (E) Bar 
Graph of Immune Checkpoint Inhibitor Response. 
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while LR patients exhibit a greater association with microsat-
ellite instability (MSI), suggesting distinct biological behav-
iors between risk groups. Figure 4B displays a heatmap of 
pathway enrichment, revealing that HR patients have signif-
icant activation of oncogenic pathways, including NOTCH, 
TGF-beta, and WNT signaling, along with DNA repair path-
ways such as Mismatch Repair and Nucleotide Excision 
Repair, consistent with more aggressive tumor biology. In 
contrast, LR patients show enrichment in metabolic pathways 
(eg, Glycolysis/Gluconeogenesis, Oxidative Phosphorylation) 
and immune-related pathways (eg, Cytokine-cytokine 
receptor interaction), suggesting a more favorable immune 
response and prognosis. Figure 4C compares immune-related 
gene expression between risk groups. High-risk patients dis-
play elevated levels of inhibitory immune checkpoints (eg, 
PD-L2, CTLA4), indicating an immunosuppressive environ-
ment, while human leukocyte antigen genes related to anti-
gen presentation are downregulated, suggesting impaired 
immune function. This pattern indicates that HR patients 
may exhibit reduced immune responses, potentially affecting 
their response to immunotherapy. These findings highlight 

key molecular and immune differences between LUAD risk 
groups, providing insights into tumor biology and potential 
therapeutic strategies.

Multiomic analysis reveals subtypes and 
prognostic implications in LUAD
To classify molecular subtypes of LUAD, we performed 
an integrative multiomic analysis incorporating mRNA, 
lncRNA, miRNA, DNA methylation, and mutation profiles. 
Cluster Prediction Index and Gap Statistics determined 2 opti-
mal clusters, as supported by the elbow method (Figure S2A). 
Heatmap visualization revealed distinct molecular character-
istics between the identified subtypes, including the differen-
tial expression of PCP4L1 (Purkinje cell protein 4-like 1) and 
LINC02489, suggesting potential variations in neuronal dif-
ferentiation and regulatory pathways (Figure S2B). Notably, 
PCP4L1, a gene involved in neuronal differentiation and devel-
opment, was upregulated in subtype C2 and downregulated in 
subtype C1. miRNA (eg, miR-133a-2) and DNA methylation 
patterns also varied between clusters, reinforcing molecular 
heterogeneity. The silhouette plot showed a clear separation 

Figure 3. Comprehensive analysis comparing HR and LR patient groups in LUAD. (A) Volcano plot and scatter plots of the correlation coefficients 
derived from Spearman’s rank correlation analysis between 3 S-MMR score and druggable mRNA expression in the TCGA-LUAD cohort. Red dots 
indicate the significant positive correlations (P < .05, and Spearman’s r > 0.2). (B) Volcano plot and scatter plots of the correlations and significance 
between 3 S-MMR score and CERES score of drug targets. Green dots indicate the significant negative correlations (P < .05, and Spearman’s r < −0.2). 
(C) The comparison of IC50 values between high- and low 3 S-MMR score groups of Paclitaxel, Gemcitabine, Cisplatin. *P < .05; **P < .01; ***P < .001.
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between C1 and C2 (average silhouette width = 0.6), indicat-
ing well-defined clusters (Figure S2C). Multiomics clustering 
of the Molecular Understanding of Cancer cohort using 10 

advanced methods confirmed the robustness of these subtypes 
(Figure S2D). Figure S2E illustrates the consensus clustering 
matrix derived from the TCGA-LUAD dataset, demonstrating 

Figure 4. Comprehensive analysis of molecular subtypes and immune landscape in LUAD. (A) Radar chart comparing molecular characteristics between 
HR and LR LUAD patients. (B) Heatmap displaying the expression patterns of numerous genes across multiple patient samples, using hierarchical 
clustering to group similar profiles. (C) Heatmap of immune-related gene expression, revealing higher levels of inhibitory checkpoints in HR patients and 
lower HLA gene expression.
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the stability and robustness of the identified subtypes (C1 and 
C2). Survival analysis revealed a significant difference in over-
all survival (P = .001), with subtype C1 associated with worse 
outcomes, suggesting it may represent a more aggressive form 
requiring distinct treatment approaches (Figure S2F). These 
findings provide a basis for molecularly guided therapeutic 
strategies in LUAD.

Comprehensive molecular characterization and 
validation of LUAD CSs
To explore functional differences between the LUAD sub-
types, we performed pathway enrichment analysis across 
multiple molecular layers. Figure S3A highlights differ-
ential activity in key pathways: CS1 demonstrates higher 
proliferative activity, as indicated by the upregulation of 
cell cycle regulators, hypoxia-related genes, and DNA rep-
lication pathways. CS2 shows elevated activity in pathways 
such as WNT/β-catenin signaling, PPARG network, and 
FGFR3-coexpressed genes, which are associated with cellu-
lar differentiation and metabolic regulation. Immune-related 
pathways, such as cytokine-cytokine receptor interaction and 
antigen processing, are modestly enriched in CS2, supporting 
its potential immune activity (Figure S3B). CS2 demonstrated 
higher immune cell infiltration, indicating a more immune- 
active tumor microenvironment (TME), whereas CS1 exhib-
ited lower immune and stromal enrichment scores. These 
differences suggest CS2 may respond differently to immune 
checkpoint blockade therapies. To validate the robustness 
of these subtypes, we performed nearest template prediction 
(NTP) analysis in the META-LUAD cohort, confirming con-
sistent classification of patients into CS1 and CS2 (Figure 
S3C). The strong agreement between CMOIC and NTP clas-
sifications (Kappa = 0.814, P < .001) further supported the 
reproducibility of our findings (Figure S3D). Survival analysis 
revealed a significant difference in prognosis, with CS1 asso-
ciated with poorer overall survival (P < .001) (Figure S3E). To 
validate these findings, we applied the clustering results to the 
independent META-LUAD dataset using NTP and Prediction 
Analysis for Microarrays (PAM). Additional validation using 
CMOIC, NTP, and PAM demonstrated high classification 
consistency, with Kappa values of 0.828 and 0.909 (both 
P < .001) (Figure S3F and G), further confirming the robust-
ness and reproducibility of the identified subtypes. Finally, 
enrichment analysis of biological processes (Figure S3H) 
identified distinct pathways, including small lung carcinoma- 
related processes, further differentiating CS1 and CS2.

Integrative analysis of gene significance and 
predictive modeling in LUAD
To identify molecular drivers and prognostic factors in 
LUAD, we conducted an integrative analysis across multi-
ple datasets. Principal Component Analysis visualized gene 
expression profiles, revealing distinct clustering of samples 
across GSE31210, GSE50081, GSE64865, and TCGA data-
sets, with some overlap but clear separation between molec-
ular subtypes (Figure S4A). Subtype-specific clustering within 
individual datasets showed minimal outliers, reinforcing 
LUAD’s molecular heterogeneity (Figure S4B). Cox propor-
tional hazard models assessed gene expression impact on sur-
vival, categorizing genes as risk or protective factors (Figure 
S4C). Genes LYPD3, KET6A, and PLK1 were identified as 
potential LUAD drivers, frequently selected across classifier 
runs (Figure S4D). Stability analysis across 1,000 iterations 

confirmed PLK1, AURKB, CHEK1, and CDKN3 as consis-
tently significant in LUAD pathogenesis and classification 
(Figure S4E and F). Hazard ratio analysis highlighted UBE2S, 
RRM2, PLK1, PBK, NEK2, and LYPD3 as associated with 
poorer survival, whereas SLC34A2, RNASE1, and NDNF 
correlated with better prognosis (Figure S4G). Predictive per-
formance evaluation of survival models, including CoxBoost, 
Elastic Net (Enet), LASSO, piRsRox, Ridge, SuperPC, and 
XGBoost, showed that CoxBoost and Enet achieved the 
highest median C-index values, indicating superior predic-
tive accuracy (Figure S4H). These models also had lower 
Integrated Brier Score values, confirming their robustness in 
survival prediction (Figure S4I). This analysis underscores the 
importance of gene signatures in LUAD prognosis and their 
potential for therapeutic targeting.

Differential expression of key genes in LUAD and 
normal tissues reveals potential biomarkers and 
therapeutic targets
Figure S5A presents boxplots comparing the expression lev-
els of multiple key genes between normal lung tissues and 
LUAD tissues. Across the board, significant upregulation of 
these genes is observed in LUAD samples compared to nor-
mal tissues, with P-values < .001 for most genes. Genes like 
AURKB, CDK1, CDKN3, CDT1, and CHEK1 show particu-
larly high overexpression in LUAD, indicating their potential 
role in tumor progression. Interestingly, the NDNF gene, a 
potential tumor suppressor, shows marked downregula-
tion in LUAD tissues compared to normal samples. Figure 
S5B displays paired boxplots comparing the gene expression 
levels in matched normal and LUAD tissues from the same 
patients. The upward trend in gene expression from normal 
to LUAD tissues is evident across all analyzed genes, such as 
AURKB, CDK1, CDKN3, and CDT1, which further confirms 
their significant upregulation in cancerous tissue. The paired 
data visualization reinforces the robustness of these genes as 
potential biomarkers for distinguishing LUAD from normal 
lung tissue. Importantly, the downregulation of NDNF is 
consistent across matched samples, underscoring its relevance 
as a tumor suppressor and a potential therapeutic target in 
LUAD.

Single-cell analysis reveals differential expression 
of key genes across cell types in LUAD
Figure S6A presents a UMAP plot depicting the clustering of 
32 distinct cell populations in LUAD based on gene expres-
sion profiles, highlighting the cellular heterogeneity of the 
tumor microenvironment. Figure S6B annotates the identified 
clusters, revealing major cell types, including T cells (T), B 
cells (B), Natural Killer cells (NK), epithelial cells (Epi), mac-
rophages (Mac), monocytes (Mon), fibroblasts (Fib), den-
dritic cells (MDC), mast cells (Mast), plasma cells (Plasma), 
endothelial cells (Endo), and plasmacytoid dendritic cells. 
This classification underscores the diversity of immune and 
stromal cell populations within LUAD tumors. Figure S6C 
displays a dot plot illustrating the expression of key genes 
such as AURKB, CDK1, CDKN3, and FOSL1 across different 
cell types. EPCAM, KR77, and KRT19 are highly expressed 
in epithelial and proliferative immune cells, suggesting their 
roles in cell cycle regulation and tumor proliferation. Figure 
S6D presents violin plots showing expression levels of key 
genes, including AURKB, CDK1, CDKN3, CDT1, CHEK1, 
DLGAP5, EXO1, FOSL1, and KRT6A, across various cell 
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populations. These genes are predominantly expressed in 
epithelial cells (Epi), reinforcing their involvement in tumor 
growth and proliferation. This single-cell analysis highlights 
the heterogeneous expression of critical genes within differ-
ent cell types in LUAD, providing insights into their poten-
tial roles in disease progression and tumor microenvironment 
interactions.

Role of NDNF in LUAD progression and its 
potential as a therapeutic target
We conducted a comprehensive analysis of 18 identified 
genes, discovering that 16 had been previously studied in 
LUAD, while NDNF and RNASE1 had not been reported in 
this context. Figure S7A–D demonstrates that NDNF expres-
sion is significantly reduced in LUAD samples compared to 
normal lung tissue. To confirm this result, we analyzed NDNF 
expression in normal lung cells and LUAD cells at both the 
gene and protein levels, revealing a marked downregulation 
of NDNF in LUAD cells.

To further explore the functional role of NDNF in LUAD, 
we constructed a LUAD cell model (A549) with overexpressed 
NDNF. qPCR results confirmed successful NDNF overexpres-
sion (Figure S8A–E). Using the CCK-8 assay, we observed a 
significant reduction in cell viability in NDNF overexpression 
cells, indicating that NDNF inhibits cell proliferation (Figure 
S8F). Additionally, flow cytometry and Western blot analy-
ses demonstrated a substantial increase in apoptosis in A549 
cells with NDNF overexpression (Figure S8G). Western blot 
results also showed elevated levels of cleaved caspase-3, a key 
apoptotic marker, in NDNF-overexpressing cells (Figure S8H 
and I).

These findings collectively indicate that NDNF plays a cru-
cial role in LUAD progression. The downregulation of NDNF 
is associated with decreased cell viability and increased apop-
tosis, suggesting that NDNF may serve as a promising thera-
peutic target for the treatment of LUAD.

Discussion
This study identified 2 molecular LUAD subtypes through 
integrated analysis of mRNA, lncRNA, miRNA, DNA meth-
ylation, and mutations. Subtype C1 showed poorer survival 
and a proliferative, immune-cold profile, while C2 exhibited 
neuronal pathway activation and higher immune activity. 
Findings were validated across datasets and clustering meth-
ods. Neuronal differentiation factor emerged as a key gene, 
with tumor-suppressive effects in LUAD cells. These results 
reveal LUAD heterogeneity and suggest subtype-specific bio-
markers and therapeutic targets.

Neuronal differentiation factor is a gene that has been 
implicated in various biological processes, particularly in 
neuronal differentiation and development.26 In other disease 
studies, NDNF has been associated with functions related to 
kidney cancer,26 but its role in LUAD has not been extensively 
explored until now. In this study, we discovered that NDNF 
expression is significantly reduced in LUAD samples com-
pared to normal lung tissue. To further investigate its role, we 
created an A549 LUAD cell line model with overexpressed 
NDNF. This model demonstrated that NDNF overexpression 
inhibited cell viability and promoted apoptosis in LUAD cells. 
These findings indicate that NDNF plays a crucial role in the 
progression of LUAD, suggesting that NDNF could serve as a 
potential therapeutic target for LUAD treatment.

This study confirms the utility of multiomic analysis 
for identifying LUAD subtypes linked to immune profiles 
and prognosis, with validated robustness across datasets. 
However, clinical application is limited by sample quality, 
high costs, and data complexity. Standardized FFPE proto-
cols, simplified pipelines, and key biomarker prioritization 
are needed to improve feasibility. Future research should val-
idate these findings in trials and explore NDNF’s therapeutic 
potential in LUAD.

Conclusion
This study utilized multiomic analysis to identify and validate 
2 prognostic subtypes of LUAD, highlighting significant dif-
ferences in patient survival and emphasizing the importance 
of subtype classification for personalized treatment strategies. 
The analysis of gene signatures, immune landscapes, and dif-
ferential gene expression provided valuable insights into the 
molecular and immunological characteristics of LUAD. The 
role of NDNF in LUAD progression was elucidated, revealing 
its potential as a therapeutic target. Our findings underscore 
the need for further research to validate these results in clin-
ical settings and explore the therapeutic implications, paving 
the way for improved prognostic assessments and personal-
ized therapies in LUAD.
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