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     Abstract: Motivation: Accurate identification of metastatic tumors is crucial for predicting cancer 

progression, designing effective treatment strategies, and enabling personalized medicine. However, current 

approaches for integrating heterogeneous multi-omics data and modeling gene-gene interactions often face 

challenges, limiting their ability to distinguish between primary and metastatic tumors. 

Results: To overcome these limitations, we propose SEMO-GCN (Semantic Enhanced Multi-Omics Graph 

Representation Learning), a novel framework that combines Large Language Model (LLM)-derived gene embeddings 

with Graph Convolutional Networks (GCNs) for pan-cancer metastasis detection. SEMO-GCN integrates four types 

of omics data: mRNA expression, DNA methylation, somatic mutations, and copy number alterations (CNA). It 

leverages semantic gene representations from LLMs alongside the topology of a protein-protein interaction (PPI) 

network. The GCN architecture captures functional gene relationships using the PPI network, while LLM embeddings 

provide rich biological context derived from extensive biomedical literature. We applied SEMO-GCN to a cohort of 

752 tumor samples, evenly split between primary and metastatic tumors, encompassing 12,174 genes. Ablation studies 

confirmed the critical contributions of both LLM-derived semantic embeddings and PPI network topology, as their 

removal led to decreased predictive performance. SEMO-GCN demonstrates robust capabilities in tumor 

classification, early metastasis detection, and personalized therapeutic guidance, representing a powerful tool for 

precision oncology. 
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SEMO-GCN：用于全癌转移识别的语义增强多组学图表示

学习 

摘要： 

研究动机： 准确识别转移性肿瘤对于预测癌症进展、制定有效治疗策略以及实现个性化医疗

至关重要。然而，当前整合异质多组学数据并建模基因间相互作用的方法常面临挑战，限制了

其区分原发性肿瘤与转移性肿瘤的能力。 

研究结果： 为克服这些限制，我们提出了 SEMO-GCN（语义增强多组学图表示学习），这

是一种将大型语言模型（LLM）生成的基因嵌入与图卷积网络（GCN）结合的全癌转移检测新

框架。SEMO-GCN整合了四种组学数据类型：mRNA表达、DNA甲基化、体细胞突变和拷贝数

变异（CNA）。该方法利用 LLM 生成的语义基因表示，同时结合蛋白质-蛋白质相互作用（PPI）

网络的拓扑结构。GCN架构通过 PPI网络捕捉基因功能关系，而 LLM嵌入则提供来自大量生物

医学文献的丰富生物学背景。我们在 752 个肿瘤样本（其中原发性与转移性各占一半），涵盖

12,174个基因的数据集上应用了 SEMO-GCN。消融实验表明，LLM 语义嵌入和 PPI网络拓扑结

构均为关键因素，其缺失会导致预测性能下降。SEMO-GCN 在肿瘤分类、早期转移检测以及个

性化治疗指导方面表现出强大能力，是精准肿瘤学研究的重要工具。 

关键词：多组学整合、图卷积网络、全癌转移预测、生物医学语言模型、语义基因嵌入 

1. Introduction
Metastasis, the dissemination of cancer cells 

from a primary tumor to remote organs, is responsible 

for nearly 90% of cancer-related fatalities globally [1], 

[2]. Timely and precise prediction of metastatic potential 

is essential for effective intervention and enhanced 

patient outcomes. An investigation identified a 

predictive core gene signature that elucidates the 

complex cellular dynamics and gene regulatory 

networks influencing metastatic progression at both the 

pan-cancer and single-cell levels [3], [4]. Even so, 

classic testing methods like imaging and histology 

sometimes cannot differentiate between primary cancer 

and metastatic tumors, given the complexities of how 

cancers grow [5], [6]. has shown that the limitation of 

existing diagnostic methods is that in the early detection 

stage of metastatic disease micrometastases or 

disseminated tumor cells, are often overlooked. In 

addition, another factor is variability in latency periods 

between initial diagnosis and metastatic recurrence or 

advanced disease [7]. Despite substantial progress, the 

current model still does not provide a completely 

accurate representation of the intricate biological 

interactions that lead to metastasis, heightening the need 

for improved integration of data sources [8], [9]. In 

recent years, graph based models relying especially on 

PPI networks and Graph Neural Networks (GNNs) have 

become recognized for their ability to reflect intricate 

biological interactions. For example, Zohari et al. [10] 

developed a graph neural network (GNN) based 

framework that combines transcriptome data with 

pathway topology in order to learn critical gene 

signatures and molecular pathways related to both 

immunotherapy response and prognosis in cutaneous 

melanoma [11]. This method uses single-omics (gene 

expression) data to empirically model gene-gene 

interactions and regulatory relationships. While 

improving upon biological interpretability, it is not as 

good as simply using transcriptomics alone at explaining 

the multiple-layered molecular mechanics responsible 

for cancer’s onset and development [12]. 

A recent study demonstrated a novel end-to-end 

graph neural network framework that utilizes inter-

omics and intra-omic connections to boost cancer 

subtype classification [13]. However, the model has 

several limitations. Firstly, the model solely worked on 

two GNN architectures. Additionally, it shows increased 

computational sensitivity when larger graphs are 
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involved and demands expensive labeled data for 

training, limiting its scalability for practical applications 

[14]. The review also continued to highlight the 

increasing relevance of integrative, graph-based 

frameworks in modeling and predicting metastatic 

conduct [10]. However, prior computational attempts 

had largely focused on isolated molecular data in single-

omics environments, fostering the transition from 

single-omics to integrative multi-omics in a bid to 

capture the full molecular heterogeneity involved in 

metastasis [15]. The initial computational studies on 

metastasis used single-omics data, using either gene 

expression, DNA methylation, or mutation data to 

develop biomarkers of metastasizing In an intra-omics 

study: either at the genetic, epigenetic, transcriptomic, 

or proteomics level. Although such omics data can 

provide insights about the process and improve our 

understanding of cancer development, the models tend 

to overfit and poorly reflect the complex gene–gene 

interactions, which reduces the predictive ability of 

these studies [16]. It was argued that the molecular risk 

markers failed to reflect the complexity of the TME 

encapsulating pathways in cancer cells and, as such, 

exhibited limited power [17]. Hence, none of the omics-

layers can capture all the molecular mechanisms that are 

directly or indirectly involved in the tumor metastasis; 

such levels of the intra-cellular omics profile include 

genetic mutations, epigenetic changes, protein-

expression modifications, and metabolic 

reprogramming. In this context, integrated multi-omics 

approaches are needed to overcome such a problem. 

Currently, the use of such integration practices has 

gained popularity among researchers who seek to 

overcome some of the challenges inherent to using 

omics-based studies alone; for example [18], some 

studies used MetaGXplore, which combined multi-

omics data with Protein–Protein Interaction networks 

and exhibited high predictive ability. However, most of 

the multi-omics models rely on the feature engineering 

that is defined beforehand within a semi-blank slate and 

shallow learning systems and are therefore insufficient 

to elucidate the complex, nonlinear, and context-

dependent molecular associations that are driving the 

metastasis [19]. Moreover, they do not reflect the 

interactions present in the in vivo/silico regulatory 

networks or utilize the extensive biological knowledge 

that has been curated in the literature or through 

comprehensive data sets, and, as such, they are limited 

in their desire to generalize and to discover new findings 

[20]. 

Since the existing graph-based models for cancer 

metastasis prediction rely only on multi-omics data and 

overlook biological semantics, in the current paper, a 

new approach is proposed. Graph-based prediction 

relies only on multi-omics data and not account for 

biological semantics. An extension to the MetaGXplore 

was proposed where for the task of metastasis prediction, 

the model combines multi-omics pan-cancer data and 

protein–protein interaction graphs, a semantic 

enrichment. At the same time, semantic embeddings are 

induced in the process of spectral graph learning using 

large language models. Similar LLM-driven self-

improving and context-aware optimization paradigms 

have recently been shown to enhance complex system 

modeling and decision-making in other domains by 

enabling autonomous reasoning and adaptive parameter 

optimization [21]. Each gene representation is extended 

by additional semantic features, synthesizing its role in 

cancer metastasis. Graph-based approaches, such as 

MetaGXplore, were mainly concentrated concerning 

data-driven omic signals. The key difference in the new 

model is the integration of embeddings between genes 

in four omics modalities using Gated Graph Neural 

Network. This works also includes some of the key 

contributions for the following research: 

• This paper presents the initial attempt to

implement semantic embeddings derived from a

large-scale language model into relative feature

space..

• A novel GCN-based classifier semantic-enhanced

GCN, is proposed to generate comprehensive

semantic-aware representations of the expression

data. A large-scale pan- cancer dataset.

• It consists of 11 cancer types, each having the

same number of primary and metastatic samples to

ensure demonstrated generalizability.

• Comprehensive validation. Rigorous ablation

study and comparison show the astounding gain

from semantics and deep graph topology on each

dataset.

2. Proposed Method
2.1.  SEMO-GCN Framework

SEMO-GCN for pan-cancer metastasis prediction as 

illustrated in Fig. 1 (A) We compile multi-omics 

profiles: mRNA, DNA methylation, somatic mutations, 

copy-number alterations, aligned on 12174 genes to get 

a STRING PPI graph. (B) Each gene is represented by a 

388-D node feature, including a 384-D semantic vector

given by the biomedical LLM (DeepSeek + MiniLM-

L6-v2) and concatenation with four omics values. (C)

Two GCN layers propagate information over the

normalized PPI, yielding 128-D node embeddings,

which are then concatenated into a 256-D patient graph

vector using global mean and max pooling. (D).

Inference is done by feeding this vector into a two-layer

MLP, which outputs softmax probabilities for M1 versus

M0 tumors.
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Figure 1. Overview of the SEMO-GCN Framework for Pan-Cancer Metastasis Prediction. 

In order to construct a more biologically 

meaningful and comprehensive feature representation 

for the task of predicting metastasis, we first collected 

pan-cancer multi-omics datasets from The Cancer 

Genome Atlas comprising 11 distinct types of cancer, 

namely, thyroid, breast, colon, lung, kidney, prostate, 

bladder, pancreas, stomach, esophageal, and skin. The 

samples were labelled primary and metastatic, and this 

data was kept balanced in order to avoid the biases 

occurring due to sample imbalances during training. All 

samples were mapped on to the same gene universe.  

V = {v1, v2, … , vN},

where N = 12,174.  We make sure that every 

omics layer corresponds to the same gene order across 

all modalities. Each omics source is preprocessed to 

harmonize the scale and eliminate modality-specific 

noise. 

xexpr(vi) = log(TPM(vi) + 1), (1) 

For mRNA expression, the values are log-

transformed according to which reduces variance in 

highly expressed genes and stabilizes heavy-tailed 

distributions. The DNA methylation beta-values β(vi)
are normalized to the interval [0,1]  and standardized 

across samples to ensure the similar dynamic ranges 

across assays. Somatic mutation information is encoded 

as a binary indicator: 

xmut(vi) = {
1, if a mutation is present,
0, otherwise.

(2)

For copy-number alterations (CNA), log-

transformation and z-score normalization were applied: 

thereby, mitigating skewness and rendering 

amplification or deletion magnitudes comparable across 

patients. Missing values in all modalities were replaced 

with feature-wise mean to keep numerical consistency. 

xCNA(vi) = log(copy-ratio(vi)), (3) 

To further enrich each gene representation with 

contextual biological knowledge, we employ the 

DeepSeek LLM, which was prompted with gene-

specific queries like “What is the role of TP53 in cancer 

metastasis?” to extract literature-informed semantic 

embeddings e(vi) ∈ ℝ384.  These embeddings

summarize prior biomedical knowledge of gene function 

and interaction. For numerical stability and balanced 

contribution during model training, all semantic vectors 

are L2-normalized: 

ê(vi) =
e(vi)

∥ e(vi) ∥2+ ε
,  𝜀 = 10−8. (4)
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The normalized embedding vector was 

concatenated with the omics features, resulting in the 

388-dimensional hybrid node representation for each

gene. For each sample s, we stacked these vectors to

form a feature matrix:

zi = [xexpr(vi), xmeth(vi), xmut(vi), xCNA(vi), ê(vi)] ∈ ℝ388. (5)

For each sample s, these vectors were stacked to 

form a feature matrix: 

Xs = [

z1(v1)

z2(v2)
⋮

zN(vN)

] ∈ ℝN×388 (6) 

where each row corresponds to a single gene’s 

complete feature profile. Also, we utilized protein-

protein interaction topology from the STRING database 

to encode functional gene dependencies. Specifically, 

the network was filtered such that only edges with 

confidence scores sij ≥ 700 are retained. This yielded

an undirected adjacency matrix A.  Self-loops were 

added to preserve self-information as A ← A + I and the 

matrix was symmetrically normalized to eliminate bias 

from differences in node degree: 

Â = D−1/2𝐴D−1/2, (7) 

where Dii = ∑ Aijj .  Objective normalizes the

propagation matrix such that messages are stable in 

subsequent graph convolutions, helping to prevent high 

degree hub genes from dominating the representation. 

The entire preprocessing is detailed in 

Algorithm 1, constructing sample-specific feature 

matrices and the global normalized propagation operator 

Â.  These components jointly form an input for the 

SEMO-GCN module, allowing molecular, semantic, 

and topological features to be integrated into a consistent 

representation for metastasis prediction. 

Algorithm 1 Data Preparation, Semantic Fusion, and PPI 

Normalization 

Require: Multi-omics data (xexpr, xmeth, xmut, xCNA);

LLM embeddings {e(vi)}; STRING PPI edges with

threshold sij ≥ 700

Ensure: Feature matrix Xs ∈ ℝN×388 for each sample s;

normalized PPI propagator Â ∈ ℝN×N

1. Build PPI graph

2. for all (vi, vj) edges in STRING do

3. if score ≥ τ then

4. Aij ← 1

5. end if

6. end for

7. Add self-loops: A ← A + I

8. Compute degree matrix Dii = ∑ Aijj

9. Normalize: Â ← D−1/2AD−1/2

10. Encode features for each sample s:

11. for all vi ∈ V do

12. xexpr(vi) ← log(TPM(vi) + 1); z-score

normalize

13. xmeth(vi) ← scale to [0,1]; standardize

14. xmut(vi) ← 1 if mutated else 0

15. xCNA(vi) ← log(copy-ratio(vi)); z-score

normalize

16. ê(vi) ←
e(vi)

∥e(vi)∥2+ε

17. zi ←

[xexpr(vi), xmeth(vi), xmut(vi), xCNA(vi), ê(vi)]

18. end for

19. Stack all zi to form Xs ∈ ℝN×388

20. return (Xs, Â)

2.2 Graph Construction and Model Architecture 

The task involved a Protein-Protein Interaction 

network to adequately reflect gene relationships at the 

topological and functional levels. Enriched connections 

observed in the data are defined as an undirected graph 

where each node 𝑣 ∈ 𝑉 represents a gene, while an edge 

is an experimentally validated interaction derived from 

the STRING database. Formally, the resulting graph is 

described as 𝐺 = (𝑉, 𝐸), where 𝑉 is the set of genes and 

E is the set of PPI-based connections. The adjacencyF 

matrix is A ∈ {0,1}N×N encodes these edges such that

Aij = {
1, if an interaction exists between vi and vj,

0, otherwise. 
(8) 

Symmetric normalization is applied, calculated 

as Dii = ∑ Aijj .  In this way, node degrees are

compensated and there is a balanced strom of features: 

Â = D−1/2(A + I)D−1/2, (9)
where I denotes the identity matrix that introduces self-

loops to each node and retains the original gene 

information. The graph structure Â along with the node 

feature matrix X ∈ ℝN×388  that combines multi-omics

and LLM-based semantic information, is used to define 

the inputs of the proposed model. 

The corresponding SEMO-GCN or the 

Semantic-Enhanced Multi-Omics Graph Convolutional 

Network relies on graph convolutional layers and 

associated multi-layer perceptron (MLP) classifier to 

constitute a hybrid learning approach. GCN layers 

initiate spectral graph convolutions in either of the 

directions between connected genes, and at each layer l, 
the node embeddings are identified as follows: 
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H(l+1) = σ(ÂH(l)W(l)), (10)

where H(l)  is the feature matrix at layer l , W(l)  is a

learnable matrix, and σ(⋅)  denotes the non-linear 

activation function. The direct layer H(0) is initialized as

X. Through this propagation, the model captures higher-

order dependencies and relational patterns among genes

that explain tumor metastasis.

After the final graph convolutional layer, the 

model utilizes dual pooling mechanisms to derive a 

fixed-size representation of each patient’s graph. It 

employs both global mean pooling and global max 

pooling to the node embeddings and concatenates their 

outputs: 

gs = [mean(H(K)),max(H(K))] ∈ ℝ2d, (11) 

where K is the number of GCN layers, and d is 

the size of the final hidden layer. The resulting 

representation contains both global trends of the gene 

interactions across the entire gene network (captured 

with mean pooling), and the specific discriminative 

signals (derived from max pooling). 

The resulting pooled vector gs  is passed

through a Multi-Layer Perceptron for classification, 

where the MLP consists of multiple fully connected 

layers with (ReLU) The fully connected layers 

transform graph-level embedding into class 

probabilities. The softmax function is then used to 

obtain the final prediction: 

ŷs = softmax(MLP(gs)), (12) 

where ŷs = [p(TM), p(TP)]  is the predicted

probability distribution over the two classes, TM and 

TP. Here, M1 is metastatic and M0 is primary. 

In order to facilitate generalization and achieve 

stable training, we apply ReLU activation, batch 

normalization, and dropout regularization after each 

layer. In particular, a dropout rate of 0.5 is used within 

both the GCN and MLP components to alleviate 

overfitting, whereas the batch normalization is geared 

towards accelerating convergence and stabilizing 

feature distributions. Consequently, the utilization of the 

hybrid approach can enable the model to jointly reason 

over biological topology, omics variations, and semantic 

knowledge, ultimately resulting in a more robust and 

interpretable predictions for cancer metastasis 

classification. 

3. Experimental Results and Analysis
3.1 Experimental Setup

This experiment uses a multi-omics dataset to 

predict the cancer metastasis prognosis. Features include 

RNA Expression, DNA methylation, somatic mutations, 

and copy number variation. The model is built using 

GCNs and LLM embeddings. The gene fusion 

embeddings are obtained by using Deep Seek API and 

training the Semantic Transformer. The Adam optimizer 

is used with a learning rate of 0.004 and a batch size of 

4. The model is trained for up to 150 epochs, where early

stopping is practiced based on validation loss. The

learned fused representation is then passed through the

GCN, followed by an MLP. Samples are labeled as

either metastatic or non-metastatic, sampling to the

original work. Experiments are conducted using Python

library PyTorch 1.13 and PyTorch Geometric, and a

GPU. Experiments are limited to 752 samples. Model

performance is evaluated using accuracy, F1 score, and

AUC, with the whole sequence of execution being

deterministic.

3.2 Dataset Overview 

The dataset was sourced from the MetaGXplore 

repository (Jiang et al., 2024), which combines the pan-

cancer dataset from The Cancer Genome Atlas (TCGA) 

into a standardized whole cancer dataset. The final load 

includes 33 cancer types. To have data consistency 

across all omics modalities, in the present analysis we 

selected 11 cancer types with complete and concurrent 

profiles. This involves 752 patients samples with equal 

numbers of metastatic (M1) and non-metastatic (M0) 

patients. The primary modalities included mRNA 

expression, DNA methylation, somatic mutations, and 

copy number alterations (CNA). Moreover, the high 

confidence PPI network (700 confidence score) was 

applied, consisting of 12,174 protein-coding genes and 

237,438 interactions. To increase the biological context, 

384 dimensional gene embeddings were sourced from 

biomedical LLMs. These embeddings carry the 

semantic, regulatory, structural, and relevance to 

diseases. Thus, the molecular, structural, and semantic 

features jointly build a dense anticipated foundation for 

the metastasis prediction. 

3.3 Results and Performance Analysis 

In this article, to verify our proposition which 

spelled out four omics modalities 

(mRNA,methylation,mutations, copy number 

alterations), LLM-derived gene embeddings and PPI 

network topology, we designed a series of experiments 

focusing on MetaGXplore dataset. Relative 

performance against existing baselines is given in Table 

1 shows that non-graph models perform worse because 

they cannot use gene-gene interaction structure, while 

graph- based models improve accuracy by modeling the 

PPI network. Our SEMO-GCN further boosts 

performance by adding semantic LLM embeddings to 

the multi-omics inputs, reaching 97.37% accuracy and 

0.9972 AUROC, which is significantly higher than the 

GCN baseline. Statistical tests (p ¡ 0.05) confirm the 

improvement is meaningful and not due to chance.  
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Table 1. Comparison of Non-Graph and Graph-Based Models for Metastasis Prediction 

Model Input Type Accu

racy 

(%) 

F1-

Score 

AUROC Remarks 

Non-Graph-Based Models 

Transformer Sequence-based 69.74 0.701 0.743 No structural context 

Random Forest Tabular 82.89 0.835 0.902 Limited feature interaction 

modeling 

MLP Fully-connected 75.00 0.732 0.767 Cannot capture gene-gene 

relationships 

Graph-Based Models 

GCN Graph Convolution 86.84 0.839 0.945 Learns network topology 

EdgeConv Local Edge Features 93.42 0.920 0.990 Strong local structural aggregation 

GIN Message Passing 85.53 0.810 0.950 Sensitive to hyperparameter 

tuning 

GraphSAGE Inductive 

Aggregation 

78.95 0.780 0.890 Weaker global context integration 

Ours (SEMO-GCN) Multi-Modal Graph 97.37 0.976 0.9972 Significantly superior across all 

metrics 

(a) Gene Embedding Space (t-SNE)

(b) Degree Distribution of the PPI Network(Log–Log Scale)

Fig. 2. Structural characteristics of the Protein–Protein 

Interaction (PPI) network.  

Displaying gene interactions in 384-d forms the t-

distributed Stochastic Neighbor Embedding (Figure 2a) 

produces partitioned based upon PPI hubs: circles in fast 

lane for interacting genes (n = 9,200), while red circles 

filled with green mean more closely linked gene clusters 

( n = 1,417 ). This interaction map further illustrates 

how gene interactions per gene. Hub genes display high 

connectivity (up to 1,236 interactions), because they 

have important roles in the regulatory network 

regulating migration and dissemination of organ 

metastasis as well. Collectively, this integrative data set 

allows SEMO-GCN to use both experimentation and 

literature- based information, thus improving predictive 

performance and making the model easier for biologists 

across cancer types.  

(a) Training and validation accuracy curves of the proposed

model 
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(b) Training and validation loss curves of the proposed

model 

Fig. 3. Training dynamics of proposed model 

Figures 3(a) and 3(b) illustrate the learning 

behavior of the proposed GCN model integrating multi-

omics, PPI, and LLM features. The training and 

validation loss decrease rapidly during early epochs and 

stabilize at low values, indicating effective convergence 

without overfitting. Correspondingly, accuracy for both 

training and validation rises steadily and remains 

consistently high throughout training, demonstrating 

strong generalization and stable optimization. Minor 

fluctuations in the loss curve are expected due to mini-

batch stochastic updates and do not indicate instability. 

A learning-rate scheduler and early stopping helped to 

reduce variations even more and made convergence 

smooth and dependable.These results show that 

combining omics, structural, and semantic gene 

representations makes the GCN architecture better at 

finding biologically important and generalizable 

patterns that improve classification performance.  

Fig. 4. Pathway enrichment analysis for top metastasis-

associated genes 

To figure out what the model predictions mean 

in terms of biology, pathway enrichment analysis was 

done on the genes that were ranked highest in the gene 

set for metastasis. The results of the enrichment are 

shown in Figure 4. The x- axis shows the gene ratio (the 

number of enriched genes divided by the number of total 

input genes), the size of the bubbles shows how many 

genes are involved in each pathway, and the color scale 

shows how statistically significant the results are 

(−log10(FDR)). The analysis finds that metastatic (TM) 

samples have a lot more of certain important pathways 

than primary (TP) samples. These pathways include 

actin cytoskeleton reorganization, focal adhesion, axon 

guidance, and ECM–receptor interaction. These 

pathways are well- known to be linked to cell movement, 

invasion, and the spread of cancer. This demonstrates 

that the model effectively identifies biologically 

significant patterns that elucidate the mechanisms of 

tumor dissemination. The clustering of cytoskeleton and 

adhesion-related pathways improves the biological 

meaning of our proposed framework by linking graph- 

based gene representations to important molecular 

mechanisms of metastasis.  

Fig. 5. Model calibration analysis showing the effect of 

LLM integration. 

Fig. 6. Test Set Confusion Matrix for GCN+MLP Model 

with LLM- Derived Biological Features 

Figures 5–6 summarize the predictive 

performance, calibration accuracy, and baseline 

comparison of the proposed GCN+LLM fusion model. 

Figures 5 and 6 demonstrate that integrating LLM-

derived gene embeddings substantially improves 

calibration and diagnostic accuracy compared to omics-

only and Random Forest baselines. In Figure 5, the 

omics-only GCN deviates from the ideal diagonal, 

showing overconfidence at medium probabilities, 
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whereas the GCN+LLM model closely follows the 

perfect calibration line (ECE ≈ 0.018). Figure 6 The 

confusion matrix shows a well-balanced classification 

performance, correctly identifying 41 non-metastatic 

(M0) and 33 metastatic (M1) cases, with only one 

misclassification in each class. This reflects the model’s 

strong discriminative capability and robust 

generalization across tumor states. Therefore, it is clear 

that the incorporation of omics features with LLM-based 

gene embeddings significantly enhanced the biological 

meaning and context, while the simultaneous use of the 

PPI topology and semantics substantially improved the 

overall performance of phenotype classification and 

generalization.  

(a) Precision–Recall comparison across models

(b) ROC curve comparison across models

Fig. 7. Model performance comparison across baseline 

and proposed methods  

The Precision–Recall curves (Fig. 7 (a)) show 

that our model maintains higher precision across recall 

levels, indicating reliable metastasis detection even 

under class imbalance. The ROC curves (Fig. 7(b)) 

further confirm superior discriminative ability, where 

our framework achieves the highest AUC, 

outperforming both non-graph and graph-based 

baselines.  

(a)Error type distribution for metastasis prediction

(b) PPI subgraphs of  misclassified samples.

Fig. 8. Error distribution and PPI network connectivity 

of misclassified samples in the proposed model.  

Figures 8 (a) and 8 (b) present the error analysis 

and structural interpretation of the model’s predictive 

robustness. Figure (a) As we see in the figure, the 

misclassification errors are fairly balanced. Furthermore, 

one metastatic sample (TM) was predicted as primary 

(TP) and one primary sample (TP) was predicted as 

metastaticb (TM). Such symmetry shows that there was 

no model bias with equal sensitivity and specificity 

between the two tumor classes ensuring stable 

classification performance. Figure (b)PPI subgraphs as 

visualized for the two (misclassified) patient samples 

(ID 194 and 500). Correctly learnt/highly connected 

genes are coloured in green, while weakly 

connected/isolated genes are coloured in red. Both of the 

samples have sparse connectivity and fewer subgraphs 

than correctly classified cases, indicating that the lack of 

high- density networks and strong biological context 

may provide evidence for uncertainty in the model.  

3.4 Ablation Study 

To validate individual component contributions, 

we systematically removed key features from the full 
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model. Table 2 presents ablation results demonstrating 

that all components are critical for optimal performance 

Table 2. Ablation Study Results 

Model Configuration Accuracy F1 AUC 

Without LLM 0.6974 0.7013 0.7431 

Without PPI 0.6184 0.7010 0.7437 

Without Both 0.6447 0.5091 0.9611 

Full Model 0.9737 0.9706 0.9972 

To evaluate the contribution of each component, 

an ablation study was conducted by systematically 

removing the Large Language Model (LLM) 

embeddings and Protein–Protein Interaction (PPI) 

features from the full framework. The  results show that 

each component plays a crucial role in achieving optimal 

performance. When the LLM embeddings were 

excluded, model accuracy decreased from 0.9737 to 

0.6974, indicating that semantic gene representations 

substantially enhance predictive capability. Removing 

the PPI network led to an even greater drop in accuracy, 

from 0.9737 to 0.6184, emphasizing the importance of 

structural biological context. Notably, the full model 

combining both components achieved the highest 

performance (Accuracy = 0.9737, F1 = 0.9706, AUC = 

0.9972), surpassing either individual variant. These 

findings confirm that LLM-derived semantics and PPI 

topology provide complementary and non-redundant 

information, together enabling more accurate metastasis 

classification.  

3.5 Significance and Specific Contributions 

Existing graph-based cancer metastasis 

prediction models, such as MetaGXplore, effectively 

integrate pan-cancer multi- omics data with protein–

protein interaction (PPI) networks but lack the 

incorporation of biological semantics, limiting both 

interpretability and predictive robustness. To overcome 

these limitations, we propose model, that extends 

traditional graph learning by integrating semantic 

embeddings derived from biomedical Large Language 

Models (LLMs). This integration allows our proposed 

model to simultaneously capture molecular-level 

variations from omics data and contextual biological 

knowledge extracted from scientific literature. Each 

gene is represented as a 388-dimensional vector that 

fuses four omics modalities (mRNA expression, DNA 

methylation, somatic mutations, and copy number 

alterations) with 384- dimensional LLM-based semantic 

embeddings. The hybrid GCN–MLP architecture 

enables joint reasoning over biological network 

topology and semantic relationships, improving both 

interpretability and metastasis prediction accuracy. 

Empirical evaluations on 752 patient samples from 11 

TCGA cancer types demonstrate that our proposed 

model achieves superior performance compared to 

existing approaches. Ablation studies confirm that both 

LLM-derived semantics and PPI topology contribute 

significantly to model performance, validating the 

complementary nature of semantic and structural 

biological information. Overall, our model advances 

graph- based cancer modeling by embedding literature-

informed semantics into the multi-omics learning 

process, offering a more biologically meaningful and 

generalizable framework for metastasis prediction. 

A central question of this study is: What does 

the 384- dimensional semantic embedding contribute to 

metastasis prediction beyond conventional multi-omics 

data? The embeddings, derived from biomedical Large 

Language Models (LLMs), encode literature-informed 

biological semantics such as co-functionality, pathway 

co-mention, regulatory context, and disease relevance—

relationships often invisible in raw omics features. 

When combined with multi-omics data, these 

embeddings link genes with similar biological roles 

even in the presence of noise or sparsity, refine weak 

omics signals through semantic proximity, and enable 

cross-cancer generalization by incorporating corpus-

level biological knowledge. Distinguishing between 

primary tumors (TP/M0) and metastatic tumors 

(TM/M1), SEMO-GCN exploits the synergy between 

semantic embeddings and PPI topology to uncover 

biologically meaningful patterns. Specifically, 

metastasis prediction is driven by hub-enriched gene 

clusters exhibiting regulatory importance, hub-centric 

signal propagation that amplifies dispersed molecular 

changes, and integrative multi-omics patterns 

contextualized by semantic neighborhoods. Together, 

these effects explain the ablation outcomes: removing 

either semantics or topology markedly degrades 

performance, whereas their combination yields a robust 

and biologically interpretable distinction between TP 

and TM.  

4. Conclusion and Future work

Metastasis of cancer remains a significant 

challenge in oncology and accounts for the majority of 

cancer-related fatalities globally. Traditional methods 

for predicting metastasis often fail to incorporate 

complex multi-omics data and to understand the 

intricate molecular interactions that promote tumor 

growth. In this study, we created a new framework that 

combines multi-omics data like mRNA expression, 

DNA methylation, gene mutation, and copy number 

alteration (CNA) with Graph Convolutional Networks 

(GCNs) and gene embeddings from large language 

models (LLM) to make pan-cancer metastasis prediction 

more accurate.The proposed model integrates 

molecular-level omics characteristics with LLM- 

derived semantic representations of genes. This lets it 

see both topological and contextual biological 
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relationships, which gives a fuller picture of how tumors 

act.  

The proposed graph-based GCN (Omics + LLM) 

model is a lot better than all of the non-graph baselines, 

like Transformer, MLP, and Random Forest, when you 

compare them. It has a 97.37% accuracy, a 97.06% F1-

score, and a 99.72% AUC, which is a big improvement 

over older methods. This shows that adding CNA 

features to other omics types, as well as PPI- network 

topology and LLM-based embeddings, makes it easier 

to understand and predict biological processes. Adding 

more omics types (like proteomics and metabolomics) 

and real-time clinical data to this framework will make 

it better in the future.This will help find problems early 

and give each patient the best care.Another important 

goal will be to make it easier to apply what we’ve 

learned to different datasets and groups of people. 

Finally, we’ll look into how to use biomedical LLMs 

with attention and reinforcement learning systems to 

model how genes interact with each other over time and 

make predictions about metastasis that are even more 

useful in the clinic. 
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