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Abstract: Lung cancer remains the leading cause of cancer-related mortality worldwide, with early
detection critical for improving survival rates, yet conventional methods like CT scans often yield
high false-positive rates. This study introduces M-GNN, a Graph Neural Network framework
leveraging GraphSAGE, to enhance early lung cancer detection through metabolomics. We
constructed a heterogeneous graph integrating metabolomics data from 800 plasma samples (586
cases, 214 controls) with demographic features and Human Metabolome Database annotations,
employing GraphSAGE and GAT layers for inductive learning on 107 metabolites, pathways, and
diseases. M-GNN achieved a test accuracy of 93% and an ROC-AUC of 0.96, with rapid convergence
within 400 epochs and robust performance across ten random seeds; key predictors included cigarette
pack years, choline, and taurine, reflecting smoking and metabolic dysregulation. This framework
offers a scalable, interpretable tool for precision oncology, surpassing benchmarks by capturing
complex biological interactions, though limitations like synthetic data biases and computational
demands suggest future validation with real-world cohorts and optimization. M-GNN advances lung
cancer screening, promising improved survival through early detection and personalized strategies.

Keywords: lung cancer; metabolomics; graph neural network; heterogeneous graph

1. Introduction

Lung cancer remains the leading cause of cancer-related mortality globally, with projections
estimating over 2 million new cases annually by 2035, driven by factors such as smoking,
environmental exposures, and genetic predisposition [1]. Early detection significantly enhances
survival outcomes, with the five-year survival rate for non-small cell lung cancer rising from 5% in
advanced stages to nearly 60% when diagnosed at Stage I [2]. However, conventional diagnostic
approaches, such as low-dose computed tomography (CT) scans and biopsies, frequently fail to
detect early-stage disease, exhibiting high false-positive rates and imposing substantial patient
burden [3]. Consequently, there is an urgent need for non-invasive, precise methods to improve early
detection and patient prognosis. Metabolomics, the comprehensive analysis of small-molecule
metabolites in biofluids like plasma, offers a promising strategy for identifying early metabolic
dysregulations linked to lung cancer, including altered amino acid and energy metabolism [4,5].
Specific metabolites, such as glycine, serine, glutamine, and lipids like sphingosine and
phosphorylcholine, have emerged as potential biomarkers, reflecting tumor-driven changes in

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202503.1832.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 March 2025 d0i:10.20944/preprints202503.1832.v1

2 of 12

cellular proliferation and membrane synthesis [6,7]. Despite its potential, the high-dimensional and
intricate nature of metabolomic data poses challenges for traditional machine learning techniques,
necessitating advanced analytical tools [8].  Recent advancements in Graph Neural Networks
(GNNs) have proven effective in modeling relational data, making them ideal for capturing complex
interactions within biological systems, such as those between patients, metabolites, pathways, and
diseases [9-12]. GNNs have been applied to multi-omics data for cancer prognosis and subtype
classification, including lung cancer [13-17]. However, their application in metabolomics-driven
early detection remains largely unexplored, even with the enriched relational context provided by
databases like the Human Metabolome Database (HMDB) [18].

This study presents M-GNN, a graph neural network framework developed for the early
detection of lung cancer. The framework makes a complex graph from metabolomics data, which
includes 800 plasma samples (586 cases and 214 controls), combining metabolite expression levels
with patient features and enhanced with HMDB annotations. GraphSAGE and Graph Attention
Network (GAT) layers were utilized to enable inductive learning, aiming to improve predictive
accuracy and identify significant metabolic predictors [9,19]. Building on previous metabolomics
research [20-23], this approach offers a scalable and interpretable tool for precision oncology. Our
work seeks to advance lung cancer screening, contributing to improved survival rates and
personalized treatment strategies.

2. Results

Patient indices were split with random seeds to ensure robustness into 80% training+validation
and 20% testing, with the former subdivided into 80% training and 20% validation (64/16/20 split),
and masks intersected with a patient mask (y = 0) to focus on labeled patient nodes only. Class
imbalance was addressed using the Synthetic Minority Over-sampling Technique (SMOTE) with a
sampling strategy of 0.7 and 2 neighbors, increasing the minority class from 214 to 410. To ensure
robustness the model was run over ten random seeds, each with a different data split. The model was
trained over 1,000 epochs with early stopping. The majority of the 10 runs stopped between 170 and
386 epochs and reached stable training and validation accuracies ranging from 89% to 95% (Figure
1). Figure 1A shows the training and validation loss. Both losses decrease over time, with the training
loss exhibiting more variability but stabilizing around 0.3 to 0.4. The validation loss decreases more
smoothly, also stabilizing in a similar range, indicating effective learning without significant
overfitting in terms of loss. Figure 1B presents the training and validation accuracy, both of which
increase over epochs. The training accuracy reaches approximately 90% to 95%, while the validation
accuracy reaches around 0.89 to 0.95, with some fluctuations. The higher training accuracy after 200
epochs suggests a degree of overfitting, although the validation accuracy remains high.
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Figure 1. Panel A illustrates training and validation loss across epochs, while Panel B depicts training and

validation accuracy over the same period.


https://doi.org/10.20944/preprints202503.1832.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 March 2025

The performance of the model was evaluated using several metrics, including the Receiver
Operating Characteristic (ROC) curve, Precision-Recall (PR) curve, accuracy and F1 score. Figure 2A
displays the average ROC curve across the ten trials, achieving an Area Under the Curve (AUC) of
0.96 indicating a strong discriminatory power of the model. Similarly, Figure 2B presents the average
PR curve with a PR AUC of 0.97, demonstrating high precision and recall balance, which is
particularly important for imbalanced healthcare datasets. Figure 3 offers a detailed view of the
model’s performance across different random seeds for four key metrics: Accuracy, F1 Score, ROC
AUC, and PR AUC. The average scores and their standard deviations, as annotated above each
group, are as follows: Accuracy is 0.9320+0.0339, F1 Score is 0.9324+0.0335, ROC AUC is
0.9614+0.0141, and PR AUC is 0.9678+0.0221. The small standard deviations for ROC AUC and PR
AUC suggest that the model’s performance is consistent and robust across different initializations.
Furthermore, when synthetic minority class data was excluded from the test set, the AUC remained
at .95% (Figure 4).
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Figure 2. Panel A displays ROC curves generated from 10 different seeds, while Panel B shows the

corresponding Precision-Recall curves across those 10 seeds.
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Figure 3. Performance evaluation (Accuracy, F1 Score, ROC AUC, and PR AUC) across multiple random seeds.
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Figure 4. ROC-AUC curve for the test set with synthetic minority class data removed.

Overall, the results demonstrate that the model achieves high performance across multiple
metrics, with robust and consistent results across different random seeds. The training process shows
effective learning, with some indications of overfitting that may warrant further regularization or
early stopping strategies. The M-GNN methodology provides a comprehensive and integrative
framework that effectively captures the intricate interplay among patient-specific metabolite
expression, biological pathways, and disease associations. By constructing a heterogeneous graph
enriched with HMDB-derived features and leveraging a multi-layer GraphSAGE architecture, the
framework not only models fine-grained metabolic details but also contextualizes these within
broader metabolomic networks. This robust multilayered approach underscores the potential of this
approach to deepen our understanding of metabolic dysregulation in lung cancer and pave the way
for enhanced precision in clinical diagnostics and targeted therapeutic strategies.

3. Discussion

The varying connectivity patterns between node pairs play a crucial role in modeling metabolic
interactions. Patient-metabolite connections follow a one-to-one structure, ensuring a direct mapping
of metabolic activity, while metabolite-pathway and metabolite-disease relationships exhibit a one-
to-many nature, reflecting the broader complexity of metabolic networks. The one-to-many
relationships observed in metabolite-pathway and metabolite-disease connections highlight the
intricate roles metabolites play in multiple biological processes. These associations, as annotated in
the HMDB, emphasize the interconnected nature of metabolic pathways and disease states, which
are critical for understanding disease mechanisms. By leveraging this structural diversity, M-GNN
effectively captures both individual patient-metabolite interactions and the broader relational context
of metabolic pathways and diseases. This dual-level representation enhances the model’s predictive
accuracy. Figure 5 provides a representative illustration of the intricate connectivity within the
metabolic network. The visualization highlights how metabolites contribute to multiple pathways
and diseases, reinforcing the need for models that can integrate such complex associations for
improved disease prediction.
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Figure 5. Metabolite —pathway —disease- sample subgraph.

The M-GNN model achieves a test accuracy of 93% and a ROC-AUC of 0.96, surpassing
traditional tabular machine learning benchmarks, such as the 83% accuracy reported using
conventional methods on similar metabolomics datasets [8]. These results, visualized in Figures 1 and
2, demonstrate rapid convergence in less than 400 epochs and robust discriminative power,
particularly for early-stage lung cancer cases (70% Stages I-II), aligning with the metabolomics-driven
early detection paradigm [22,25].

Feature importance was extracted using SHAP (SHapley Additive exPlanations) to quantify the
influence of each feature on the model’s predictions. SHAP values were computed by sampling 100
times from the test dataset, and the mean absolute SHAP value for the positive class (class 1) was
calculated across all test samples. The most important feature overall was cigarette pack years,
highlighting the critical role of smoking in lung cancer risk alongside metabolic biomarkers. Among
the 16 metabolites known to be associated with lung cancer, two—Choline and Taurine—were
captured as part of the top 30 most important features identified by the model. Abnormal choline
metabolism is a hallmark of malignant transformation, as it is essential for the synthesis of
phosphatidylcholine, a key cell membrane component, and for cell signaling pathways that regulate
proliferation and apoptosis. Elevated choline has been strongly linked to tumor aggressiveness and
progression in lung cancer [26]. Conversely, taurine is known for its antioxidant and anti-
inflammatory properties, which are critical in mitigating oxidative stress and modulating cellular
proliferation. Alterations in taurine levels in lung cancer patients may reflect underlying metabolic
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adaptations to the tumor microenvironment, including increased oxidative stress and inflammatory
signaling [27].

The three most frequently observed pathways linked to the most influential metabolites—
Dimethylglycine Dehydrogenase Deficiency, Glycine-Serine-Threonine Metabolism, and
Transcription/Translation—are implicated in a diverse array of diseases. Conditions ranging from
metabolic syndromes (e.g., Diabetes mellitus type 2, Obesity) to multiple cancers (e.g., Pancreatic,
Colorectal) demonstrate established connections with these pathways. In lung cancer specifically, the
hijacking of one-carbon and amino acid metabolism (particularly glycine, serine, and threonine)
fosters accelerated tumor growth, augmented nucleotide production, and balanced redox
homeostasis [28]. Moreover, inflammation-driven disorders such as Rheumatoid arthritis, Ulcerative
colitis, and Crohn’s disease share pro-inflammatory and transcriptional dysregulation mechanisms
with malignancies, thereby generating an environment conducive to cancer progression [29]. As
illustrated in Figure 6, which depicts diseases associated with at least two of the top 30 metabolites,
lung cancer cells further capitalize on dysregulated transcription and translation to amplify oncogene
expression and suppress tumor-inhibiting pathways [30]. Consequently, these overlapping metabolic
and regulatory processes underscore the reliance of lung cancer on core biosynthetic networks that
integrate mitochondrial function and epigenetic control.
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Figure 6. Disease associations between lung cancer -related metabolites and other diseases.

Despite these strengths, several limitations warrant consideration. First, the reliance on synthetic
data to augment the minority class (controls) via SMOTE introduces potential biases. While the
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synthetic samples improved class balance and maintained an AUC of 0.96 when excluded from
testing 5, they may not fully replicate the variability of real-world metabolomics profiles, risking
overfitting to simulated patterns. Validation with larger, real-world datasets is essential to confirm
generalizability. Second, the computational complexity of graph-based methods poses scalability
challenges. With 3,508 nodes and 114,415 edges, processing times increase significantly with larger
cohorts, limiting clinical deployment feasibility. Optimizing with attention mechanisms, such as
those in GAT layers, or pruning non-essential edges could mitigate this issue. Third, the model’s
focus on 107 metabolites would benefit from enhanced feature selection to manage dimensionality.

The M-GNN model results demonstrate that incorporating metabolomics data into a GNN-
based framework significantly refines lung cancer detection and prognosis, aligning with the broader
trend of using graph architectures for complex biomedical challenges [31]. While prior imaging-based
GNN studies have excelled in survival analysis and early-stage detection using CT scans [32], our
multi-omics approach underscores the value of integrating metabolite profiles and clinical factors to
capture the metabolic intricacies of tumor biology. Moreover, such fusion strategies can be extended
to genomic and transcriptomic data, as recently shown in dynamic adaptive deep fusion networks
[33], potentially improving predictive accuracy and uncovering novel therapeutic targets. Taken
together, these findings illustrate how GNN methodologies can bridge the gap between diverse data
modalities, enabling precision oncology solutions that are both highly accurate and biologically
interpretable.

4. Materials and Methods

Metabolite Graph Neural Network (M-GNN) intoduced in this paper constructs a
heterogeneous graph that integrates metabolomics and demographic data with biological pathways
and diseases. To explore the relationships among pathways, diseases, and metabolites, we analyzed
the 107 metabolites in our dataset that either have established normal ranges in the Human
Metabolome Database or are associated with lung cancer within HMDB. Subsequently, we extracted
all pathways involving these metabolites and identified diseases known to be associated with them,
as documented in HMDB. Additionally, we enriched the metabolite nodes with HMDB-derived
normal adult ranges, including Lower Limit, Upper Limit, and Average Expression Levels. Patient
features were systematically categorized into two groups: demographic variables, encompassing
attributes such as Gender, Race, Smoking Status, Smoking Current, and Smoking Past, Age, Height,
Weight, BMI, Cigarette Packs per Year, and metabolite measurements associated with 107
metabolites. To ensure consistency, numerical features were normalized to a [0,1] scale using the
StandardScaler, with missing values imputed based on K-Nearest Neighbors (KNN). The KNN
imputation method estimated missing values based on the two nearest neighbors, applying a uniform
weighting scheme.

A heterogeneous graph G=(V,E) was constructed using NetworkX to model relational
dependencies among patients, metabolites, diseases, and pathways, drawing inspiration from graph-
based biological modeling. Patient nodes contained 10 demographic features and 107 metabolite
expression levels, while metabolite nodes utilized the 3 HMDB normal range features. Disease and
pathway node features were set to [0]. Patients were linked to metabolites via weighted edges defined
as the metabolite expression levels, with edge type defined as has_concentration. Metabolites were
connected to diseases (weight 1.0, relation=associated_with) and pathways (weight 1.0,
relation=involved_in). Patient node labels were set to [0,1], while all other node labels were defined
as [-1].Patients with a history of smoking were linked to Lung Cancer disease node, with a weight of
0.8 and a relation type of risk_factor, to reflect increased risk. For the 16 metabolites known to be
associated with lung cancer, the corresponding edge weight was set to 2. The graph was converted
to a PyTorch Geometric Data object, encoding node features x€RIVIx117, labels yeRIVI,
symmetrized edge indices, and weights.

The M-GNN model integrates edge weights into its graph convolutional layers through an
adjacency matrix module, followed by a sequence of convolutional and dense operations. Edge
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weights were transformed using a sigmoid function and scaled by a learnable parameter o,
initialized at 0.5, which the model adjusts during training to fine-tune their influence.

The first convolution layer, defined as a SAGEConv begins with a standard unweighted mean
aggregation of neighbor features. Subsequently, edge weights are applied by scaling the features of
source nodes with their corresponding edge weights and normalizing by each target node’s degree
to replicate SAGEConv’s mean aggregation logic. This weighted result is then blended with the
original unweighted aggregation using a 50-50 average (Equation 1), ensuring that edge weights
augment the aggregation without overshadowing the original node feature signals.

_ (Xl + Aweighted)/d
B 2
The weighted adjacency matrix Ayeighteq incorporates a learnable scaling parameter o that

X1

modulates the edge weights before multiplying them with the corresponding node features.
Mathematically, this is expressed as:

Ayeighted = (0 - wo) - X1 [€grc]
where the source node weights w, extract edge weights e; , for source nodes V,, based on their
connectivity to target nodes e.
Initially, Ayeighted 1S set to a constant value of 0.5. It is subsequently updated by incorporating
the weighted contributions of source node features x;[eg] scaled by wy. The degree of each node,

d = max <Z 1y, 1)
i

ensuring a minimum degree of 1. Finally, the updated node features x; are normalized and

d, is computed as:

averaged, incorporating the effects of the adjacency matrix and node connectivity.

The model’s second layer is a GATConv layer, where scalar edge weights (edge_weight) are
incorporated as edge attributes, influencing attention coefficients and allowing the model to
dynamically prioritize connections. This layer outputs a 512-dimensional feature representation by
concatenating 128 channels from four attention heads. Batch normalization is then applied, followed
by an ELU activation and dropout (0.3) for regularization. Next, a SAGEConv layer further processes
the features, reducing the dimensionality to 128. A weighted adjacency adjustment is performed,
where contributions from source nodes are aggregated and normalized using the degree of target
nodes, as described in the initial SAGEConv layer above. This adjustment balances feature
propagation and ensures stability in the learned representations. The processed features undergo
batch normalization, ELU activation, and dropout (0.3). The final stage consists of two fully connected
layers: the first reduces feature dimensionality from 128 to 64, applying ELU activation and dropout
(0.3), while the second generates the final logits for two-class classification. A diagram of the model
architecture is shown in Figure 7.

Training was conducted using the AdamW optimizer, configured with a learning rate of
5x107* and a weight decay of 1x107* . To dynamically adjust the learning rate, a
ReduceLROnPlateau scheduler was employed, reducing the learning rate by a factor of 0.5 if
validation loss did not improve for 100 consecutive epochs, with a minimum learning rate threshold
of 1 x 107%. To handle the remaining class imbalance in the dataset asfter SMOTE, a weighted cross-
entropy loss function was utilized. Class weights were computed based on the inverse frequency of
class occurrences in the training labels, normalizing them to sum to one. Additionally, label
smoothing (0.1) was applied to prevent overconfidence in predictions and improve generalization.
The model was trained for up to 1,000 epochs, with an early stopping mechanism implemented if the
validation F1 score did not improve for 100 consecutive epochs. Evaluation was performed on a held-
out test set using multiple performance metrics, including accuracy, precision, recall, F1 score and
area under the receiver operating characteristic curve (AUROC) to provide a comprehensive
assessment of classification performance. To ensure reproducibility, the 10 random seeds were fixed
across all stages of training and evaluation. The heterogeneous graph is composed of 107 metabolite
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nodes, 231 disease nodes, and 2,014 pathway nodes—totaling 3,508 nodes connected by 114,415
edges. Most connections (206,572 edges) reflect the expression levels of metabolites from 800 actual
participants and 196 simulated controls, while 5,873 edges link pathways to metabolites. Table 1
provides a summary of the graph.

Input Data
(586 Cases, 214 Controls,
10 Demographics, 166 Metabolites)

v

Preprocessing
(Standard Scaling, Drop metabolites with >30% missing
Filter metabolites:
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Dropout: 0.3

Layer 2: GAT (4 heads)
128 dims — 128 dims per head (Combined: 512 dims)
Activation: ELU
Dropout: 0.3

Layer 3: GraphSAGE
Input: 512 dims — 128 dims
Activation: ELU
Dropout: 0.3

Dense Layers:
FC1: Linear (128—64), ELU, Dropout: 0.3
Output: Linear (64—2)

Figure 7. Architecture of the M-GNN model architecture, depicting the GraphSAGE layers aimed at learning

cancer status based on metabolite expression levels and their known disease and pathway associations.

Table 1. Table 1 Graph Statistics Summary.

Metric Value
Total Number of Nodes 3,508
Total Number of Edges 114,415
Synthetic Nodes Generated 196
Node Type Counts
Pathways 2,174
Metabolites 107
Diseases 231
Patients 996
Edge Type Counts

Metabolite —Pathway 5,873
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Metabolite —Patient 106,572
Metabolite Disease 1,247
Smoking —Lung Cancer 723

5. Conclusions

This study introduces M-GNN, a Graph Neural Network framework leveraging GraphSAGE,
designed for early lung cancer detection using a heterogeneous graph integrating metabolomics and
demographic data from 800 plasma samples (586 cases, 214 controls), enriched with Human
Metabolome Database (HMDB) annotations. The model achieved a test accuracy of 93% and an ROC-
AUC of 0.96, converging within 400 epochs and exhibiting consistent performance across ten random
seeds. The model effectively captures complex metabolic interactions, identifying key biomarkers
like choline and taurine, and highlighting smoking history (cigarette pack years) as a dominant risk
factor. Despite its strengths, limitations include potential biases from synthetic data and
computational demands of graph-based methods suggesting future refinements with attention
mechanisms or real-world datasets. M-GNN advances precision oncology by offering a scalable,
interpretable tool for lung cancer screening, with potential to enhance survival rates through early
detection and personalized treatment strategies. Future work should focus on validating the
framework with clinical cohorts and optimizing computational efficiency to broaden its applicability
in metabolomics-driven diagnostics.
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