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Abstract

Lung adenocarcinoma (LUAD), the most common subtype of nonsmall cell lung cancer, exhibits substantial molecular hetero-
geneity, complicating subtype classification, progression assessment, and treatment decision-making. Advances in high-throughput
sequencing enable multi-omics analysis to reveal cancer mechanisms and biomarkers, yet the high dimensionality, heterogeneity,
and interrelationships of omics layers such as transcriptome, microRNA expression, methylome, and copy number variation remain
challenging to integrate through conventional methods. Most existing graph-based approaches represent patients as nodes, obscuring
gene-level regulatory dynamics and limiting biological interpretability. To address this, we propose the Multi-omics Hierarchical Graph
Neural Network (MoAGNN), a novel architecture that represents genes as nodes, integrates four omics, and leverages graph convolution
with self-attention–based graph pooling to identify informative molecular nodes, thereby enhancing predictive performance and
interpretability for LUAD subtype classification, tumor staging, and prognosis prediction. Multi-omics datasets from The Cancer
Genome Atlas (TCGA) were used and results showed that MoAGNN achieved a test accuracy of 0.89 for LUAD subtype classification,
outperforming conventional models (Random Forest, Support Vector Machine and Multi-Layer Perceptron) as well as state-of-the-
art graph-based models MoGCN, a multi-omics integration model based on graph convolutional network, and MOGLAM, an end-to-
end interpretable multi-omics integration method. Furthermore, we validated the generalizability of this framework on the GSE81089
dataset, demonstrating its potential applicability to clinically relevant risk assessment. Subsequent functional enrichment and survival
analyses validated the biological relevance of the key genes identified by MoAGNN, supporting their potential roles in LUAD progression,
and suggesting the broader applicability of this framework in multi-omics cancer research.
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Introduction
Lung cancer is one of the most commonly diagnosed cancers
and remains the leading cause of cancer-related mortality world-
wide [1]. Despite medical advances, lung cancer continues to
pose a significant health burden owing to its high incidence and
poor prognosis. Lung adenocarcinoma (LUAD), the most frequent
subtype of nonsmall cell lung cancer, exhibits strong molecular
and clinical heterogeneity, which complicates both diagnosis and
treatment [2]. Transcriptomic profiling from The Cancer Genome
Atlas (TCGA) has defined three reproducible LUAD subtypes:
terminal respiratory unit (TRU), proximal-inflammatory (PI), and
proximal-proliferative (PP). TRU tumors exhibit stable transcrip-
tional programs and favorable outcomes, whereas PI and PP show

increasing inflammatory and proliferative activity, reflecting the
progression from TRU to PP, highlighting the challenge of accurate
subtype classification and prognosis [3].

With the development of high-throughput sequencing tech-
nologies, multi-omics profiling has emerged as an effective
approach for cancer research [4, 5]. Omics refers to the large-scale
analysis of biological molecules across multiple layers, including
the transcriptome, microRNA (miRNA) expression, methylome
(MT), and copy number variation (CNV). Studies have shown
that combining transcriptomic, epigenomic, and genomic data
improves cancer subtype classification [5], prognostication [6],
and biomarker discovery [7]. Nevertheless, multi-omics data are
inherently high dimensional and heterogeneous, necessitating
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advanced computational strategies for effective integration and
interpretation. This highlights the need for novel approaches
capable of modeling complex molecular interactions while
maintaining biological interpretability.

The pronounced molecular heterogeneity of LUAD poses sig-
nificant challenges for accurate subtype classification, tumor
staging, and survival risk stratification. Recent advances in deep
learning have begun to address these challenges. With convolu-
tional neural networks, SurvCNN employed convolutional neural
networks for survival prediction [8] and graph neural networks
(GNNs) have been increasingly adopted to model gene interac-
tions within graph structures [9]. For instance, graph convolu-
tional network-based frameworks have been applied to integrate
multi-omics data for NSCLC subtype classification and biomarker
identification [10]. Among the GNN-based methods, MoGCN [11]
and MOGLAM [9] have demonstrated promising performance in
multi-omics integration and cancer subtype prediction. However,
they rely on static sample-level graphs that overlook gene-level
regulation, lack hierarchical modeling, and fail to capture disease-
specific molecular dynamics. These limitations underscore the
need for frameworks that model gene-level interactions and pro-
vide clinically interpretable insight into LUAD heterogeneity.

In this study, we propose a gene-centric heterogeneous graph
neural network, the Multi-modal Hierarchical Graph Neural Net-
work (MoAGNN), which integrates transcriptome, miRNA, methy-
lation, and CNV features within a biologically informed frame-
work. By incorporating regulatory directions and employing hier-
archical pooling with attention mechanisms, MoAGNN aims to
improve LUAD subtype classification, stage prediction, and sur-
vival risk assessment, while enhancing biological interpretability.
Importantly, this framework directly addresses the limitations of
existing methods by moving beyond static sample-level represen-
tations to provide an interpretable biologically meaningful model
of multi-omics regulatory dynamics.

Materials and Methods
Overview of MoAGNN
This study employed a multistep analytical framework to inves-
tigate LUAD from clinical and molecular perspectives (Fig. 1).
Four omics datasets (transcriptome, miRNA, MT, and CNV) were
obtained from TCGA and preprocessed. Differential expression
analysis of transcriptome data identified genes for network con-
struction, with gene–gene co-expression estimated using WGCNA
and additional omics features incorporated to form a heteroge-
neous graph. On this basis, we developed a Multi-omics Hier-
archical Graph Neural Network (MoAGNN) that applies graph
convolution, hierarchical pooling, and attention mechanisms for
predictive modeling. The framework was evaluated on three tasks,
subtype classification, stage classification, and survival predic-
tion, with enrichment and survival analyses performed to assess
the biological relevance of MoAGNN-identified genes.

Data source and data preprocessing
LUAD data were obtained from TCGA using the R package
‘TCGAbiolinks’ (version 2.34.0) [12]. Three independent cohorts
were established, each tailored to a specific predictive task:
subtype classification, stage classification, and survival pre-
diction. The LUAD subtype cohort comprised 185 patients,
annotated as TRU (n = 69), PI (n = 68), and PP (n = 48). The LUAD
stage cohort included 450 patients, categorized into early-stage
(stage I–II, n = 358) and late-stage (stage III–IV, n = 92). The LUAD
survival cohort included 441 patients, stratified into low-risk

(n = 256) and high-risk (n = 185) groups using two years as the
cutoff, determined by rounding the median overall survival, OS
(1.78 years) to the nearest integer (Supplementary Fig. S1). In
addition, n = 59 normal lung tissue samples were included for
comparison.

For data preprocessing, transcriptome and miRNA profiles
were normalized using the TCGAanalyze_Normalization function
in the EDASeq R package (version 2.40.0). MT data, CpG islands
within 1500 bp upstream of transcription start sites were
extracted. β-values of CpG sites were transformed into M-values
using the lumi R package (version 2.57), and averaged per gene
to represent methylation levels [13, 14]. CNV data were processed
using GISTIC 2.0 with the default extreme method [15]. Quality
control was then applied to remove features or samples with
excessive missing or zero values. Specifically, transcriptome,
miRNA, and CNV features with more than 20% missing or zero
values across samples were excluded, and samples with more
than 20% missing or zero values across these omics types were
discarded. For the MT dataset, any feature containing zero or
missing values was removed to preserve integrity. Finally, the
dataset was partitioned into 80% for training and 20% for testing
using stratified random sampling to preserve class balance.
Within the training set, 5-fold cross-validation was performed
for model selection and to mitigate overfitting.

External validation was performed using the GEO cohort
GSE81089, which provides RNA-seq data with available stage
information. The dataset included 197 samples with stage
information, comprising 161 early-stage and 36 late-stage cases.
We reused the transcriptome-derived gene nodes and their
original WGCNA edge weights from the modeling framework,
without repeating feature selection or network reconstruction.
Using this fixed gene set and network topology, we reconstructed
predictive models for stage classification to enable evaluation on
this external dataset.

Omics-specific feature selection strategy
Differential feature selection was performed independently for
each omics dataset. For the transcriptome, genes with counts per
million ≥0.5 in at least two samples were retained, and differen-
tially expressed genes (DEGs) were identified using DESeq2 (ver-
sion 1.46.0) [16]. Thresholds were set to |log2FC| > 2 with adjusted
P-value (padj) < 0.05 for subtype classification. For stage and sur-
vival, applying |log2FC| > 2 yielded fewer than 10 DEGs; therefore,
the cutoff was relaxed to |log2FC| > 0.5 with padj < 0.05 to ensure
sufficient features for downstream modeling. For miRNA, differ-
ential expression analysis was conducted with limma (version
3.62.2), using a uniform criterion of |log2FC| > 0.1 and padj < 0.1
across the three tasks.

For MT and CNV, one-way ANOVA was used to assess group
differences for each task. MT and CNV features were selected
using P < .001 for all three tasks, except that survival CNV used
P < .01, as no CNV features met the 0.001 criterion. These task-
specific thresholds were chosen to balance statistical rigor with
preserving a sufficient number of features for downstream model
training. The filtered features were subsequently used as inputs
to conventional machine-learning models, serving as baselines for
comparison with the proposed graph-based framework.

Construction of graphs with intra- and
inter-omics associations
To capture both gene–gene interactions and cross-omics relation-
ships, the graph G = (V, E) was constructed (Fig. 2). The node set V
represents genes, and the edge set E represents their interactions.

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf735#supplementary-data
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Figure 1. Workflow of MoAGNN. (A) Multi-omics datasets were collected from TCGA and preprocessed. (B) Graph nodes defined from DEGs, while
weighted edges represent gene–gene co-expression inferred by WGCNA. Additional omics layers were incorporated by linking genes with inter-omics
edges that reflect known regulatory effects. (C) Resulting heterogeneous graph was processed by our MoAGNN model. (D) Learned graph representations
were passed to a multi-layer perceptron (MLP) for predictive tasks. (E) Functional enrichment of key genes identified.

The node feature matrix X ∈ R
K×Frepresents the F-dimensional

features of K nodes, while the adjacency matrix A ∈ R
K×Kdescribes

their connectivity.
The transcriptome-based graph Gtranscriptome = (

Vtranscriptome,
Etranscriptome

)
was constructed using m DEGs as nodes. Each

node was assigned its expression level as a one-dimensional
feature, while edges were defined by co-expression relationships
inferred with WGCNA (version 1.73). Pairwise correlations were
transformed into a weighted adjacency matrix using a soft-
thresholding power β, selected with the pickSoftThreshold function
to approximate scale-free topology. The adjacency matrix thus
quantifies the strength of gene co-expression, with higher values
representing stronger similarity [17].

To construct a binary edge matrix, candidate thresholds were
selected from empirical percentiles (10th–90th) of the adjacency

distribution, and the optimal threshold was determined based
on downstream model performance. This setting kept the graph
compact while limiting spurious edge formation. For multi-omics
integration, inter-omics edges were established between tran-
scriptome and miRNA (Emir), MT (EMT), and CNV (ECNV) for the same
genes. Following the prior knowledge-guided strategy reported by
Yan et al. [18], MT–mRNA and CNV–mRNA edges were assigned
weights of −1 and +1, respectively. Given that both miRNA and
methylation typically repress gene expression, the weights of Emir

and EMT were set to −1, while the weight of ECNV was set to +1 to
reflect its positive association with transcript levels.

The final heterogeneous graph can be expressed as:

V = {
Vtranscriptome, VmiRNA, VMT, VCNV

}
E = {

Etranscriptome, EmiRNA, EMT, ECNV
}

(1)
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Figure 2. Graph structure and self-attention graph pooling. (A) A transcriptome-based graph with DEGs as nodes and connecting them through WGCNA-
derived co-expression edges. (B) A multi-omics heterogeneous graph generated by integrating intra-omics co-expression with inter-omics associations
between the four omics. (C) Input graph was processed with a self-attention pooling layer, where node importance is scored and low-scoring nodes
(dotted circles) are pruned.

This design allowed us to jointly model intra- and inter-omics
relationships within a unified graph structure.

MoAGNN model construction
Graph convolutional layers, as proposed by Kipf and Welling [19],
were employed to learn node representations. At each layer, node
features are updated as:

H(l+1) = σ
(∼
D

− 1
2 ∼
A

∼
D

− 1
2

H(l)Θ
)

(2)

where
∼
A is the adjacency matrix with self-loops,

∼
D is the corre-

sponding degree matrix, and Θ denotes learnable parameters, and
σ used in this work is ReLU.

To reduce graph complexity and enhance interpretability,
we applied self-attention graph pooling (SAGPooling) [20]. Self-
attention scores were computed as:

S = σ

(
∼
D

− 1
2 ∼
A

∼
D

− 1
2

XΘatt

)
(3)

where X, is the node feature matrix and Θatt is the learnable
parameter. Nodes were ranked by their scores, and the top �P K�
nodes were retained according to the pooling ratio:

idx = top-rank (S, �P K�) (4)

This mechanism enables the model to focus on informative
genes while pruning less relevant ones.

The readout function aggregates features from each pooling
layer by concatenating global mean pooling and global max
pooling:

Ti = concat
(

1
ki

∑ki

n=1
xn, maxn=1

ki xn

)
(5)

where ki is the number of retained nodes and xn represents the
feature vector of the n-th node. This design captures both global
trends and dominant signals contributing to classification.

The final MoAGNN model concatenates hierarchical features
from three pooling layers into a comprehensive graph repre-
sentation, which is then processed by a three-layer Multi-Layer
Perceptron (MLP) with ReLU activations to produce the final pre-
dictions. The model is trained using the Adam optimizer (learning
rate 0.0005, batch size 24) with dropout (0.2) and early stopping
(patience 50) over a maximum of 1000 epochs.

MoAGNN model evaluation and functional
analysis
To evaluate performance, we compared MoAGNN against five
baselines, including Random Forest (RF) [21], Support Vector
Machine (SVM) [22], MLP [23], and two state-of-the-art GNN-
based models, MOGLAM [9] and MoGCN [11]. Model performance
was assessed using standard classification metrics, including
Accuracy (ACC), Precision, Recall, F1-score, and Matthews
Correlation Coefficient (MCC) [24].

Functional enrichment analysis was performed using GSEApy
[25] (version 1.1.4) with Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathways and Gene Ontology (GO) categories, including
Biological Process (BP), Molecular Function (MF), and Cellular
Component (CC) [26]. The 2023 releases of GO and KEGG gene sets
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Table 1. Number of selected features after data preprocessing and filtering across LUAD tasks

Task Transcriptome miRNA MT CNV

Original Features 60,660 41,586 1457 19,492
Subtype 738 215 5766 3281
Stage 1052 3 140 42
Survival 401 6 44 130

were used to identify significantly enriched biological functions
and pathways.

Results
Differential and statistical feature selection
across omics
Feature selection was carried out separately for each omics type
across the three LUAD tasks. Transcriptome and miRNA fea-
tures were defined from the intersection of DEGs or differen-
tially expressed miRNAs across pairwise comparisons, whereas
methylation and CNV features were selected using ANOVA. As
summarized in Table 1, subtype analysis preserved substantially
more features than stage or survival, reflecting stronger molecu-
lar signals in LUAD subtypes.

For subtype classification, transcriptome analysis identified
738 DEGs across the three pairwise subtype comparisons
(Fig 3A–C). Heatmaps for each comparison (Fig 3D–F) demon-
strated clear clustering patterns, and PCA further highlighted
the discriminative power of these genes in separating the
LUAD subtypes (Fig 3G–J). For stage classification, transcrip-
tome data yielded 1052 DEGs between early- and late-stage
patients, whereas the miRNA differential expression analysis
identified one up-regulated and two down-regulated features
(Supplementary Fig. S2). For survival prediction, 401 transcrip-
tomic DEGs were identified between high- and low-risk groups,
along with two up-regulated and four down-regulated miRNAs
(Supplementary Fig. S3). However, heatmaps and PCA plots
based on stage- and survival-associated features showed limited
separation, indicating that these tasks had weaker discriminative
power compared to subtype classification.

Predictive performance of MoAGNN with
different hyperparameters
MoAGNN includes two key hyperparameters, the edge threshold
(thresh) for graph construction and the pooling ratio (P) for hierar-
chical pooling. The number of graph nodes constructed for each
task and omics type is summarized in Supplementary Table S1.
Candidate thresholds were then defined from DEG correlation
percentiles, and increasing thresh progressively reduced the
number of edges (Fig. 4A). As an example, detailed edge statistics
for the subtype task are shown in Supplementary Table S2.
The best classification performance for subtype was achieved
when the threshold was set to the 75th percentile (4.22E-12), as
shown in Fig. 4B. Based on this optimal threshold, pooling ratios
ranging from 0.05 to 1.0 were evaluated, and the best performance
was obtained at P = .35 (Fig. 4C). For the stage and survival
tasks, parameters were selected using the same procedure
(Supplementary Tables S3 and S4). With these optimized settings,
MoAGNN was evaluated across omics combinations (Fig. 4D).
The transcriptome contributed most strongly to classification

accuracy, while the miRNA layer exhibited only a limited
effect.

Comparative evaluation of MoAGNN and
baseline models
As shown in Table 2, MoAGNN outperformed other approaches
in LUAD subtype prediction, achieving improvements across both
accuracy-based and correlation-based metrics (Fig. 4E). For stage
classification, however, its performance did not exceed that of
baseline methods (Supplementary Table S5; Fig. 4F). This limita-
tion may reflect the relatively modest transcriptomic differences
between early- and late-stage LUAD, which restricted the avail-
ability of informative DEGs for network construction. In addition,
the WGCNA-derived co-expression networks for the stage task
were comparatively sparse, with fewer strong connections than in
the subtype task and weaker correlations than in the survival task,
further reducing graph expressiveness and limiting predictive
capacity.

For survival prediction, r results are shown in Fig. 4G and
detailed in Supplementary Table S6. MoAGNN achieved perfor-
mance comparable to other models and notably reached the
highest precision (83.72%), underscoring its strong ability to cor-
rectly identify high-risk patients. Taken together, these findings
demonstrate that MoAGNN excels in subtype prediction and pro-
vides clinically meaningful advantages in survival risk assess-
ment, although its performance in stage classification is hindered
by weaker transcriptomic signals and less informative network
structures.

External validation of stage predictive models
External validation using the GSE81089 cohort was performed to
assess whether the transcriptome-derived biomarkers and their
associated network structure remained effective in the indepen-
dent dataset. Given that transcriptome features contributed most
substantially to the predictive performance in the TCGA analyses,
focusing on the RNA-derived gene set enabled a direct evalu-
ation of whether the key biomarkers identified in the primary
analysis retained their discriminative ability across cohorts. This
validation was conducted by retaining the TCGA-derived gene
set together with their WGCNA-defined gene–gene connectivity
and applying them directly to the GSE81089 dataset. Using 5-fold
cross-validation, the final performance metrics on GSE81089 were
as follows: accuracy 0.775, precision 0.485, recall 0.733, F1 score
0.579, and MCC 0.451. The ability to maintain stable predictive per-
formance under an entirely new set of samples and clinical labels
indicates that both the selected biomarkers and their underlying
network relationships were correctly captured, demonstrating
that the model can generalize effectively across independent
cohorts. Together, these findings confirm that the transcriptome-
derived biomarkers and the WGCNA-informed network structure
preserve their predictive capacity across datasets, underscoring

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf735#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf735#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf735#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf735#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf735#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf735#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf735#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf735#supplementary-data
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Figure 3. Differential expression analysis and PCA of transcriptome data. (A–C) Volcano plots of pairwise subtype comparisons: TRU versus PI (81 up-
regulated, 138 down-regulated), TRU versus PP (218 up-regulated, 128 down-regulated), and PI versus PP (327 up-regulated, 120 down-regulated). (D–F)
Heatmaps showing clustering of DEGs. Up-regulated genes are shown in red, down-regulated in blue. (G) PCA using all genes; (H–J) PCA using DEGs from
each pairwise comparison.

Table 2. Performance comparison of MoAGNN and baseline models on LUAD subtype

MoAGNN RF SVM MLP MOGLAM MoGCN

Accuracy 0.891 0.837 0.864 0.783 0.811 0.841
Precision 0.907 0.874 0.854 0.786 0.815 0.852
Recall 0.893 0.817 0.854 0.783 0.811 0.841
F1-score 0.897 0.829 0.854 0.778 0.762 0.842
MCC 0.838 0.759 0.793 0.676 0.679 0.763

the generalizability and robustness of the proposed modeling
framework.

Expression and functional characterization of
key genes in LUAD
A total of 74 key genes were prioritized by the SAGPooling layer of
MoAGNN (Supplementary Table S7). Among the subtype-enriched
genes, FGB and BMP6 were markedly up-regulated in the PP
subtype (Fig. 5A and B). FGB, a coagulation-pathway component,

has been linked to tumor progression, metastasis, and immune
evasion through remodeling of the tumor microenvironment;
higher FGB expression correlates with poorer performance sta-
tus and more advanced stage [27]. Although BMP6 is generally
down-regulated in NSCLC and regarded as tumor-suppressive,
its PP-restricted elevation here may reflect subtype-specific acti-
vation of the TGF-β/BMP axis associated with EMT and aggres-
sive behavior [28]. In contrast, RSPO2 decreased progressively
from TRU to PP (Fig. 5C), consistent with reports that RSPO2

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf735#supplementary-data
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Figure 4. Model optimization and performance evaluation. (A) Edge counts in transcriptome graphs across different threshold settings. (B) Classification
accuracy across varying edge thresholds. (C) Model performance across P using the optimal threshold (75th percentile). (D) Radar plot comparing model
accuracy across different omics combinations, highlighting the dominant contribution of transcriptome, MT, and CNV features. (E) Subtype classification,
(F) stage classification, and (G) survival prediction. Bar plots show model performance across accuracy, precision, recall, F1-score, and MCC. Baseline
models include RF, SVM, MLP, MOGLAM, and MoGCN.

loss promotes EMT and invasion in LUAD [29]. Among the puta-
tive novel genes, AVPR1B and CD1E decreased from TRU to PI
to PP (Fig. 5D and E). The decline of AVPR1B indicates atten-
uation of vasopressin-mediated GPCR signaling via this recep-
tor in higher-risk subtypes [30], whereas CD1E downregulation
impairing lipid antigen presentation and M1 macrophage polar-
ization supports an immune-cold microenvironment [31]. Con-
versely, DRP2 increased along the same trajectory (Fig. 5F); higher
DRP2 associated with poorer survival, and functional evidence
links DRP2 to EMT-driven invasiveness, highlighting its therapeu-
tic relevance [32]. Collectively, these subtype-resolved patterns
indicate that both established and emerging genes contribute to
the molecular stratification of LUAD.

To further investigate the functional context of these key
genes, we performed GO and KEGG enrichment analyses. In
the BP category, regulation of SMAD protein signal transduc-
tion (GO:0060390), plasminogen activation (GO:0031639), and
ornithine metabolic process (GO:0006591) were significantly
enriched, implicating these genes in TGF-β regulation, extracellu-
lar matrix (ECM) remodeling, and amino acid–derived metabolic
processes. In the CC category, serine-type endopeptidase complex
(GO:1905370) was enriched, suggesting potential roles in protease-
mediated activation of latent signaling molecules and ECM
turnover, whereas in the MF category, transition metal ion
transmembrane transporter activity (GO:0046915) was identified,

reflecting potential links to redox balance and enzyme cofactor
availability (Fig. 5G). KEGG pathway analysis further highlighted
enrichment in cancer-associated signaling processes, including
cell adhesion molecules and the TGF-β signaling pathway
(Fig. 5H). Together, these enrichments point toward coordinated
regulation of growth factor signaling, ECM remodeling, immune
modulation, and tumor metabolism, consistent with molecular
programs that underlie LUAD subtype differentiation and
progression. Notably, the concordance between GO and KEGG
analyses highlights a shared role of these genes in TGF-β signaling
and ECM dynamics, implicating integrated transcriptional,
proteolytic, and metabolic programs in LUAD progression.

Pathway enrichment analysis of LUAD subtype
via GSEA
To further explore the functional differences between LUAD sub-
types and normal lung tissue, we performed GSEA using DEGs
identified from each subtype-to-normal comparison. In the com-
parison of TRU subtype and normal samples, GSEA revealed broad
downregulation of metabolism- and signaling-related pathways
(Fig. 6A). Pathways with negative enrichment scores such as AGE-
RAGE signaling, regulation of lipolysis in adipocytes, and choles-
terol metabolism indicated distinct metabolic features in the TRU
subtype. For PI subtype versus normal samples, pathways related
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Figure 5. Key gene expression patterns and functional enrichment analyses. Expression profiles of representative genes identified by MoAGNN across
LUAD subtypes: (A) FGB, (B) BMP6, (C) RSPO2, (D) AVPR1B, (E) CD1E, and (F) DRP2, (G) GO enrichment analysis of key genes, showing the top 10 terms, (H)
KEGG pathway enrichment analysis of key genes, with the top 10 pathways ranked by -log10 (P-value). ∗P < .05, ∗∗P < .01, ∗∗∗P < .001, ∗∗∗∗P < .0001.
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to cell cycle and oocyte meiosis were up-regulated, while cGMP-
PKG signaling pathway was down-regulated (Fig. 6B). In PP sub-
type versus normal samples (Fig. 6C), down-regulated pathways
were predominantly associated with immune and inflammatory
responses, including viral myocarditis, Staphylococcus aureus infec-
tion, and Th17 cell differentiation.

Following the individual GSEA analyses for each LUAD subtype,
we generated an integrated heatmap (Fig. 6D) to compare the
normalized enrichment scores (NESs) of the top 10 pathways
with the highest absolute NES values across TRU, PI, and PP. The
heatmap revealed a clear separation between proliferative and
immune-metabolic functions. Proliferative pathways such as cell
cycle and oocyte meiosis were prominently enriched in PI, with
PP also showing moderate activation consistent with elevated
mitotic activity in more aggressive tumors [33]. Cellular senes-
cence was likewise increased in PI, potentially reflecting stress-
induced arrest mechanisms or subtype-specific aging responses
[34]. In contrast, immune and metabolic pathways including Th17
cell differentiation, allograft rejection, S. aureus infection, AGE-
RAGE signaling, regulation of lipolysis, and PPAR signaling were
strongly suppressed in PP, indicative of an immunosuppressive
and metabolically repressed tumor microenvironment character-
ized by impaired T-cell signaling and reduced antigenic activity
[35, 36]. TRU exhibited attenuated proliferative activity and a more
balanced immune-metabolic profile, aligning with its terminal-
respiratory-unit–like phenotype. Collectively, these results high-
light marked functional divergence across LUAD subtypes: TRU
displays relative metabolic stability, PI is defined by proliferative
and senescence-related signatures, and PP exhibits a dual pattern
of proliferative activation and pronounced immune-metabolic
suppression.

Survival analysis to assess the prognostic
significance of key genes
To evaluate the prognostic relevance of the key genes identified
by MoAGNN, Kaplan–Meier survival analysis was performed on a
cohort of 431 LUAD patients. For each gene, patients were strat-
ified into high- and low-expression groups, and overall survival
(OS) was compared using the log-rank test. Out of the 74 key genes
analyzed, 45 showed statistically significant associations with OS
(P < .05) (Supplementary Fig. S4). The top three genes with the low-
est P-values were Ras Homolog Family Member V (RHOV, P = 9.77e-
05), Tetraspanin 11 (TSPAN11, P = 1.00e-04), and Nuclear Receptor
Subfamily 1 Group I Member 2 (NR1I2, P = 2.70e-04), as shown in
Fig 6E–G. Patients in the low-expression group of RHOV exhibited
significantly better OS, suggesting that RHOV may function as
a risk factor. In contrast, patients in the high-expression groups
of TSPAN11 and NR1I2 had significantly improved OS, indicating
their potential protective roles in LUAD prognosis.

Discussion and Conclusions
This study proposed MoAGNN, a hierarchical graph neural net-
work that integrates transcriptome, miRNA, MT, and CNV data
to classify LUAD molecular subtypes, tumor stages, and sur-
vival risks. By embedding prior biological knowledge and co-
expression structures, MoAGNN constructs disease-specific het-
erogeneous graphs to model both intra- and inter-omics rela-
tionships. This framework enables biologically informed learning
and improved interpretability compared to conventional deep
learning approaches.

MoAGNN achieved its best performance in LUAD sub-
type classification, which is consistent with the biology of a

gene-driven endpoint because PCA and differential expression
analyses demonstrated clear molecular separation among sub-
types. In addition, the resulting co-expression graphs were well
structured, enabling SAGPooling to capture subtype-specific hubs
with known or plausible roles in LUAD pathogenesis. By contrast,
prediction of tumor stage and survival risk was weaker. DEG-
based PCA indicated substantial transcriptomic overlap between
early-stage and late-stage disease and between high-risk and
low-risk groups, suggesting limited separability at the expression
level. Moreover, at matched percentile thresholds across the
three tasks, the stage-specific graphs exhibited the lowest edge
density and modularity, indicating weaker, less coherent gene–
gene structure. This pattern implies that pathological stage
is only weakly coupled to the baseline transcriptomic state,
which explains the relatively limited performance of gene-only
models for stage prediction. Conceptually, this gap reflects the
underlying biology of each endpoint. Subtype is largely defined
by gene-level alterations, whereas stage is influenced by multiple
nonmolecular factors such as age, smoking history, tumor size,
comorbidities, and sampling heterogeneity. Survival lies even
further downstream and is additionally shaped by treatment
regimens, care pathways, and post-diagnosis events. These factors
reduce the mutual information between omics and labels and
thus limit the performance of a purely omics-based model for
stage/survival. As a next step, integrating clinical features could
complement omics and improve predictive performance for these
endpoints.

SAGPooling enabled MoAGNN to identify subtype-specific
genes with known or putative relevance to LUAD, with several
biomarkers showing expression patterns consistent with prior
studies, while others displayed subtype-dependent deviations
likely reflecting underlying molecular heterogeneity. Beyond
established markers, the model also highlighted potentially novel
contributors to LUAD biology, indicating its capacity for biomarker
discovery. Pathway-level analyses further emphasized distinct
functional programs among subtypes: TRU exhibited relatively
preserved metabolic activity, PI showed strong proliferative and
senescence-related signaling, and PP demonstrated combined
proliferative activation and suppression of immune–metabolic
pathways. These coherent patterns underscore MoAGNN’s ability
to recover meaningful functional heterogeneity and support
its utility for subtype-aware interpretation and therapeutic
stratification.

The prognostic associations observed in our analysis further
illustrate MoAGNN’s capacity to identify clinically meaningful
biomarkers. RHOV, a Rho GTPase implicated in epithelial–
mesenchymal transition and metastatic progression, emerged
as a strong indicator of poor survival, consistent with its reported
oncogenic activity [37, 38]. In contrast, TSPAN11 showed a favor-
able association with overall survival, aligning with its proposed
roles in immune modulation and cell–cell interactions [39, 40].
Rather than reiterating individual gene effects, these patterns
collectively demonstrate that MoAGNN captures biologically
coherent risk signals and can extend beyond subtype delineation
to support biomarker prioritization and survival stratification
in LUAD.

This study initially explores applying biologically informed
graph neural networks to multi-omics integration in LUAD.
MoAGNN shows potential in stratifying molecular subtypes
and identifying genes associated with tumor progression, some
of which align with previous findings, while others may offer
novel insights. Although its performance in stage and survival
prediction was limited, likely due to data complexity and

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf735#supplementary-data
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Figure 6. Pathway enrichment and survival analysis of LUAD subtypes. (A–C) GSEA enrichment plots comparing each LUAD subtype with normal samples:
(A) TRU versus normal, (B) PI versus normal, and (C) PP versus normal; (D) heatmap showing the top 10 enriched pathways across LUAD subtypes; (E–G)
Kaplan–Meier survival curves for LUAD patients stratified by expression levels of key genes: (E) RHOV, (F) TSPAN11, and (G) NR1I2.

heterogeneity, our findings suggest that incorporating biological
priors into graph learning frameworks may aid in extracting
more interpretable and clinically relevant features. Further work
is needed to validate these findings and explore integrating
additional data types, such as clinical variables and other omics,
to enhance model performance and robustness.

Key Points

• MoAGNN is a hierarchical graph neural network that
integrates transcriptome, miRNA, methylation, and

CNV data to predict LUAD subtype, stage, and survival,
with strong performance in subtype classification and
improved interpretability.

• MoAGNN effectively balances predictive performance
and interpretability by identifying biologically informa-
tive genes across omics layers.

• Kaplan–Meier survival analyses confirm the prognos-
tic value of MoAGNN-identified genes, supporting their
potential as biomarkers for risk stratification and ther-
apeutic targeting in LUAD.
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• GO and KEGG enrichment analyses of selected genes
revealed strong involvement in TGF-β signaling regula-
tion, extracellular matrix remodeling, and cell adhesion
molecules, highlighting biological processes critical to
LUAD progression.

• GSEA highlights a trajectory from metabolic stability in
TRU, to proliferation in PI, and immune-metabolic sup-
pression in PP, reflecting progressive reprogramming
in LUAD.
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