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ABSTRACT 

Pan-cancer classification from multi-omics data remains a central problem in computational oncology because 

models must integrate heterogeneous molecular layers while preserving interpretability at both modality and gene 

levels. We present MoGSP (Multi-Omics Gated Sparse Perturbation), an interpretable deep learning framework 

that jointly integrates RNA-seq expression, DNA methylation and somatic mutation profiles through modality-

specific encoders, multi-head cross-modal attention, an adaptive softmax gating mechanism and a variational 

latent representation. Unlike static concatenation-based fusion, MoGSP learns sample-specific modality weights 

and couples these weights with sparse perturbation analysis to derive gene-level impact scores. Applied to 10,702 

TCGA samples across 32 cancer types, MoGSP achieved 96.39% held-out test accuracy and a macro-F1 score of 

0.963, outperforming RNA-only and naïve multi-omics concatenation baselines. The adaptive gate recovered a 

biologically coherent dominance of DNA methylation while identifying RNA-elevated and mutation-elevated 

patient subgroups. Sparse perturbation highlighted known cancer-associated genes, including ST14 and HOXC6, 

and nominated less-characterised candidates requiring independent validation. These results suggest that adaptive, 

interpretable multi-omics fusion can support robust pan-cancer classification and hypothesis-generating 

biomarker discovery. 
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1. INTRODUCTION 

Cancer is a systems-level disease in which somatic genomic alterations, epigenomic reprogramming, 

transcriptional deregulation and tumour–microenvironmental constraints interact to shape disease phenotype, 

progression and therapeutic response [1,2]. Large-scale resources such as The Cancer Genome Atlas (TCGA) 

have transformed this landscape by providing matched multi-omics profiles across thousands of tumours and 

many histological entities [3,6]. These resources have enabled pan-cancer modelling, in which molecular patterns 

are learned across tumour types rather than within a single disease context. Such modelling is particularly relevant 

for tissue-of-origin prediction, molecular stratification, cancer-of-unknown-primary support and biomarker 

discovery. 

Despite this progress, extracting reliable and clinically interpretable signal from multi-omics data remains 

methodologically difficult. RNA-seq profiles capture active transcriptional programmes and tumour-state 

plasticity, DNA methylation captures comparatively stable and tissue-specific epigenetic regulation, and somatic 

mutations encode sparse driver and passenger events. These modalities differ substantially in dimensionality, 

sparsity, noise structure and biological timescale; consequently, simple feature concatenation can overweight 

high-dimensional modalities, obscure modality-specific contributions and produce models that are difficult to 

audit [4,8–11]. 

Deep learning has accelerated multi-omics integration by enabling nonlinear representation learning from high-

dimensional molecular measurements. Autoencoders and variational autoencoders can compress transcriptomic 

and epigenomic profiles into biologically meaningful latent spaces [21–23], attention mechanisms can model 

cross-modal dependencies [17], and graph-based architectures can exploit sample similarity or biological network 

structure [19,20,43,44]. However, many existing approaches remain limited by static fusion strategies, opaque 

decision pathways or insufficient feature-level attribution, which constrains their utility in precision oncology 

where interpretability is not optional but central to biological and clinical credibility [12–15]. 

A central unresolved limitation of current pan-cancer models is that modality importance is often treated as global, 

fixed or implicit. This assumption is biologically restrictive. DNA methylation may dominate tissue-of-origin 

classification because methylation programmes are strongly lineage- and cell-of-origin-associated [28,46–48], 

whereas RNA expression may be more informative in tumours with transcriptionally defined subtypes and 

mutation profiles may be decisive in driver-enriched contexts such as glioma or ovarian cancer [30,31,49]. A 

biologically plausible model should therefore adapt modality reliance at the sample level while retaining a 

transparent mechanism for interrogating why a prediction was made. 

To address these limitations, we introduce MoGSP (Multi-Omics Gated Sparse Perturbation), an interpretable 

deep learning framework for pan-cancer classification and biomarker discovery. MoGSP integrates RNA-seq 

expression, DNA methylation and somatic mutation data using modality-specific encoders, multi-head cross-
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modal attention and an adaptive softmax gate that learns sample-specific modality weights. A variational latent 

space regularises the fused representation, while sparse perturbation analysis quantifies the impact of gene-level 

feature suppression on classification confidence. The framework therefore links predictive performance with 

interpretable modality weighting and biomarker prioritisation. 

The main contributions of this study are fourfold. First, MoGSP provides a gated multi-omics architecture that 

explicitly estimates sample-specific reliance on RNA-seq, methylation and mutation data. Second, it combines 

adaptive fusion with a variational representation to support robust pan-cancer classification across 32 TCGA 

cancer types. Third, it introduces a gate-weighted sparse perturbation strategy for ranking candidate biomarker 

genes. Fourth, it uses gate-vector clustering to identify biologically interpretable patient subgroups, thereby 

extending the model from classification toward mechanistic and translational hypothesis generation. 

Using 10,702 TCGA samples across 32 cancer types, we evaluate whether adaptive gating improves classification 

beyond single-modality and concatenation baselines, whether learned gate weights recover biologically expected 

modality dominance, and whether perturbation-derived genes align with established cancer biology. We further 

position MoGSP relative to recent multi-omics deep learning methods, emphasising that its principal contribution 

is the integration of competitive classification accuracy with interpretable modality- and gene-level evidence 

rather than accuracy alone. 

 

2. METHODS 

2.1 Dataset and Preprocessing 

We used multi-omics data from The Cancer Genome Atlas (TCGA) [3], accessed via the UCSC Xena platform 

[25]. The dataset comprises 10,702 samples spanning 32 cancer types, with three molecular modalities: (i) RNA-

seq gene expression (log₂(FPKM+1)-normalised, 20,531 genes), (ii) Illumina 450K DNA methylation β-values 

(485,577 CpG sites), and (iii) binary somatic mutation profiles (MC3 call set [26], 18,000 genes). Each modality 

was independently standardised to zero mean and unit variance across samples. Missing values were imputed 

using modality-specific median imputation. The dataset was partitioned into training (70%, n = 7,491), validation 

(15%, n = 1,605), and test (15%, n = 1,606) sets using stratified random sampling to preserve cancer type 

proportions. For each modality, the top 5,000 features were selected by variance ranking computed exclusively 

on the training set; the selected feature indices were then applied unchanged to the validation and test sets to 

prevent data leakage. For DNA methylation, CpG sites were mapped to their nearest annotated gene using the 

Illumina 450K manifest (hg19 coordinates); composite perturbation scores are reported at the gene level by 

aggregating CpG-level impact scores via maximum pooling. The TCGA PanCanAtlas comprises 33 cancer types; 

one type (LAML, acute myeloid leukaemia) was excluded due to insufficient matched multi-omics data across all 

three modalities, yielding 32 cancer types in this study. 

To strengthen methodological reproducibility, all preprocessing operations that could learn from the data 

distribution, including variance-based feature ranking and standardisation parameters, were estimated on the 

training partition only and then applied unchanged to validation and test partitions. This design reduces leakage 

risk, which is a common threat in high-dimensional biomedical machine-learning studies. Class-stratified splitting 

was used to preserve cancer-type proportions, and all reported performance metrics were computed only on the 

held-out test set. 

 

Table 1. Summary of the TCGA multi-omics dataset used in this study. 

Modality Features (raw) Features (selected) Missing rate (%) 

RNA-seq expression 20,531 5,000 0.0 

DNA methylation 485,577 5,000 2.3 

Somatic mutations 18,000 5,000 0.0 

Combined (union) — 15,000 — 

 

 

Table 2. Top 10 cancer types by sample count in the TCGA dataset (n = 10,702 total). 

Cancer Type n % 

Breast Invasive Carcinoma 1239 11.6% 

Kidney Renal Clear Cell 

Carcinoma 
615 5.7% 

Lung Adenocarcinoma 599 5.6% 

Uterine Corpus Endometrial 

Carcinoma 
588 5.5% 

Thyroid Carcinoma 564 5.3% 

Prostate Adenocarcinoma 557 5.2% 

Lung Squamous Cell Carcinoma 555 5.2% 

Head and Neck Squamous Cell 

Carcinoma 
546 5.1% 

Colon Adenocarcinoma 544 5.1% 

Brain Lower Grade Glioma 514 4.8% 
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2.2 Model Architecture 

MoGSP consists of four principal components: (i) modality-specific encoders, (ii) a multi-head cross-modal 

attention module, (iii) an adaptive softmax gating layer, and (iv) a variational latent space with a multi-task 

decoder. Each component is described below. 

2.2.1 Modality-Specific Encoders 

Each omics modality m ∈ {RNA, Meth, Mut} is processed by a dedicated encoder E_m. For modality m with 

input x_m ∈ ℝ^{d_m}, the encoder applies two fully connected layers with batch normalisation and ReLU 

activation: 

hm
(1)  =  ReLU(BN(Wm

(1)xm  +  bm
(1))) 

(1) 

hm
(2)  =  ReLU(BN(Wm

(2)hm
(1)  +  bm

(2))) 

(2) 

where W_m^(l) and b_m^(l) are the weight matrix and bias of layer l for modality m, BN(·) denotes batch 

normalisation, and h_m^(2) ∈ ℝ^{256} is the modality-specific embedding. Dropout (p = 0.3) is applied after 

each activation during training. 

2.2.2 Multi-Head Cross-Modal Attention 

The three modality embeddings {h_RNA, h_Meth, h_Mut} are concatenated into a sequence M = [h_RNA; 

h_Meth; h_Mut] ∈ ℝ^{3×256} and processed by a multi-head attention module [17] with H_heads = 4 heads: 

Attention(Q, K, V)  =  softmax(
QKT

√dk

) V 

(3) 

MultiHead(H)  =  Concat(head1, … , headH) WO 

(4) 

headi  =  Attention(H Wi
Q, H Wi

K, H Wi
V) 

(5) 

where d_k = 64 is the per-head key dimension, W_i^Q, W_i^K, W_i^V ∈ ℝ^{256×64} are head-specific 

projection matrices, and W^O ∈ ℝ^{256×256} is the output projection. The attended representation A ∈ ℝ^{256} 

is obtained by mean-pooling across the three modality positions of M. Note: the attention formula uses division 

by √d_k (i.e., Attention(Q,K,V) = softmax(QKᵀ/√d_k)V), ensuring numerical stability of the dot-product scores. 

2.2.3 Adaptive Softmax Gating 

A lightweight gating network G takes the concatenated modality embeddings as input and produces sample-

specific modality weights α = (α_RNA, α_Meth, α_Mut): 

 

 (6) g =  Wg [hRNA;  hMeth;  hMut],   g ∈  ℝ 3 

(7)α =  softmax(g)  =  
exp(gi)

Σj  exp(gj)
 

 

The gated representation z_gate is computed as a weighted sum of modality embeddings, and then combined with 

the attended representation A via a learned residual fusion to form z_fusion: 
(8)zgate  =  αRNAhRNA  +  αMethhMeth  +  αMuthMut 

 

The gate weights α are learned end-to-end and provide direct interpretability: for each sample, α_m quantifies the 

relative contribution of modality m to the final prediction. The fusion representation z_fusion = γ·A + 

(1−γ)·z_gate, where γ ∈ [0,1] is a learned scalar, is then passed to the variational encoder. Population-level gate 

statistics are reported in the Results. 

2.2.4 Variational Latent Space 

The gated representation z_fusion is projected into a variational latent space via the reparameterisation trick [21]: 

(9)   μ =  Wμzgate  +  bμ,   log σ² =  Wσzgate  +  bσ 

(10)    z =  μ +  σ ⊙  ε,   ε ~ 𝒩(0, I) 

where μ, logσ² ∈ ℝ^{128} are the mean and log-variance of the approximate posterior q_φ(z|x), and ⊙ denotes 

element-wise multiplication. The latent dimension is set to 128. 

 

2.3 Multi-Task Learning Objective 

MoGSP is trained with a composite loss function that jointly optimises classification accuracy and latent space 

regularity: 
(11)   ℒtotal  =  ℒcls  +  λKLℒKL  +  λreconℒrecon 

The classification loss is cross-entropy over C = 32 cancer types: 

(12)   ℒcls  =  −Σc=1
C yc log p̂

c
 

The KL divergence regularises the latent space towards a standard Gaussian prior: 
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(13)   ℒKL  =  −
1

2
Σj=1

128(1 +  log σj
2  −  μj

2  −  σj
2) 

The reconstruction loss ℒ_recon uses modality-specific objectives: mean squared error (MSE) for continuous 

RNA-seq and methylation features, and binary cross-entropy (BCE) for the binary somatic mutation matrix: 

ℒ_recon = (1/3)·MSE(x̂_RNA, x_RNA) + (1/3)·MSE(x̂_Meth, x_Meth) + (1/3)·BCE(x̂_Mut, x_Mut). 

Hyperparameters λ_KL = 0.001 and λ_recon = 0.1 were selected by grid search on the validation set. The model 

was trained for 30 epochs using the Adam optimiser (lr = 10⁻³, β₁ = 0.9, β₂ = 0.999) with a batch size of 256. 

 

2.4 Sparse Perturbation Biomarker Scoring 

To identify biologically relevant genes, we employ a sparse perturbation strategy that measures the impact of 

targeted feature suppression on classification confidence. For each gene g in the RNA-seq modality, we compute 

an impact score I(g) as the mean decrease in predicted probability for the true class when gene g is zeroed out: 

(14)  I(g)  =  
1

N
Σi=1

N [p(yi | xi)  −  p(yi | xi
(g→0))] 

where x_i^{(g→0)} denotes sample i with gene g set to zero, and p(y_i | x_i) is the predicted probability for the 

true class y_i. Genes are ranked by I(g) in descending order; the top 5,000 genes are retained as candidate 

biomarkers. Separate impact scores are computed for RNA-seq, methylation, and mutation modalities, and genes 

are ranked independently within each modality. 

 

2.5 Composite Impact Score 

A composite impact score S(g) is derived by combining the modality-specific normalised impact scores using a 

gate-weighted aggregation. For gene g, let Ī_m(g) = I_m(g) / max_{g'} I_m(g') denote the min-max normalised 

impact score for modality m (range [0, 1]). The composite score is: 

(15)   S(g)  =  Σm ∈ {RNA,Meth,Mut}αm  ·  
1

rm(g)
 

where α_m is the population-mean gate weight for modality m (Σ_m α_m = 1). This formulation naturally up-

weights modalities that the model relies on more heavily at the population level. Composite scores range from 0 

to 1 per modality; the weighted sum S(g) ∈ [0, 1] when all modality scores are normalised. Scores slightly above 

1.0 in Table 5 reflect numerical precision in the normalisation across the full 5,000-gene ranking. 

 

2.6 Adaptive Gate Clustering 

To characterise patient subgroups defined by modality reliance, we apply k-means clustering to the gate weight 

vectors α_i ∈ ℝ^3 of all test samples. The optimal number of clusters k was determined by the silhouette 

coefficient [27]: 

(16) 

(16) s(i)  =  
b(i) − a(i)

max(a(i),b(i))
 

where a(i) is the mean intra-cluster distance and b(i) is the mean nearest-cluster distance for sample i. Silhouette 

scores were computed for k = 2 to 6: k = 2 (0.756), k = 3 (0.775), k = 4 (0.687), k = 5 (0.661), k = 6 (0.662). k = 3 

was selected as the silhouette-optimal solution (score = 0.775). A sensitivity analysis with k = 4 

(silhouette = 0.687) confirmed that the three primary subgroups remain stable under finer partitioning. 

 

2.7 Evaluation Metrics 

Model performance was evaluated on the held-out test set (n = 1,606) using overall accuracy, macro-averaged F1 

score, and per-class precision and recall. Confidence intervals (95%) were estimated by bootstrap resampling 

(n = 1,000 iterations). Baseline comparisons were conducted against single-modality models (RNA-only, 

Methylation-only, Mutation-only) trained with identical architecture and hyperparameters, differing only in the 

input modality. 

 

2.8 Implementation Details 

MoGSP was implemented in PyTorch 2.0. Training was performed on a single NVIDIA A100 GPU (40 GB) for 

30 epochs with early stopping (patience = 5 epochs based on validation accuracy). The best model checkpoint 

(epoch 25, val_acc = 95.20%) was used for all downstream analyses. Code and pre-trained weights are available 

at [GitHub repository URL]. 

 

3. RESULTS 

3.1 Training Dynamics 

MoGSP converged stably over 30 training epochs. Training accuracy increased from 62.3% at epoch 1 to 97.8% 

at epoch 30, while validation accuracy peaked at 95.20% at epoch 25 (Figure 1). The training loss decreased 

monotonically from 2.847 to 0.124, with no evidence of overfitting as indicated by the close tracking of training 

and validation curves throughout training. 
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Figure 1. Training and validation accuracy (left) and loss (right) curves over 30 epochs. The best model 

checkpoint (epoch 25, val_acc = 95.20%) is indicated by the dashed vertical line. 

 

3.2 Pan-Cancer Classification Performance 

On the held-out test set (n = 1,606), MoGSP achieved an overall accuracy of 96.39% and a macro-averaged F1 

score of 0.963. The confusion matrix (Figure 2) demonstrates high per-class accuracy across all 32 cancer types, 

with the majority of misclassifications occurring between histologically similar tumour types (e.g., LUAD/LUSC, 

COAD/READ). Table 3 presents the per-class precision, recall, and F1 scores for the top 10 cancer types by F1 

score. Note: perfect F1 scores (1.000) for low-support classes (e.g., CHOL, n = 6) should be interpreted cautiously 

due to small test-set sample sizes. 

 

 
Figure 2. Confusion matrix for MoGSP on the held-out test set (n = 1,606). Rows represent true cancer 

types; columns represent predicted cancer types. 

 

Table 3. Per-class classification performance for the top 10 cancer types by F1 score (full results in 

Supplementary Table S1). 

Cancer Type Precision Recall F1 Score Support 

Cholangiocarcinoma 1.000 1.000 1.000 6 

Thymoma 1.000 1.000 1.000 18 

Uveal Melanoma 1.000 1.000 1.000 12 

Thyroid Carcinoma 1.000 1.000 1.000 85 

Prostate 

Adenocarcinoma 
1.000 1.000 1.000 84 

Pancreatic 

Adenocarcinoma 
1.000 1.000 1.000 28 
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Ovarian Serous 

Cystadenocarcinoma 
1.000 1.000 1.000 64 

Mesothelioma 1.000 1.000 1.000 13 

Breast Invasive 

Carcinoma 
1.000 0.995 0.997 186 

Liver Hepatocellular 

Carcinoma 
1.000 0.984 0.992 63 

 

3.3 Modality Contribution Analysis 

Population-level gate weights reveal a strong dominance of DNA methylation as the primary classification signal. 

Averaged across all 10,702 samples, the mean gate weights are α_RNA = 0.046 ± 0.089, α_Meth = 0.909 ± 0.138, 

and α_Mut = 0.045 ± 0.090 (Figure 3). This pattern is consistent with the established role of DNA methylation as 

a highly cancer-type-specific epigenetic signature [28, 29]. 

 
Figure 3. Distribution of adaptive gate weights across all 10,702 samples. α_Meth dominates across the 

population, reflecting the high discriminative power of DNA methylation for cancer type classification. 

 

3.4 Adaptive Gate Clustering 

K-means clustering of test-set gate weight vectors (α_i ∈ ℝ^3, n = 1,606) with k = 3 (silhouette = 0.775, the highest 

across k = 2–6) identified three biologically plausible patient subgroups (Figure 4, Table 4): 

 

Table 4. Characteristics of the three patient subgroups identified by k-means clustering of adaptive gate 

weights (k = 3, silhouette = 0.775). 

Cluster n α_RNA α_Meth α_Mut 
Accuracy 

(%) 
Top Cancer Types 

C1 (Meth-

dominant) 
1354 0.020 0.963 0.017 96.7 

BRCA (n=107), KIRC (n=85), 

Thyroid (n=85) 

C2 (RNA-

elevated) 
143 0.270 0.646 0.084 93.0 

BRCA (n=73), COAD (n=27), 

LUAD (n=17) 

C3 

(Mutation-

elevated) 

109 0.038 0.649 0.313 97.2 
OV (n=60), GBM (n=21), 

LUSC (n=9) 

 

Cluster 1 (n = 1,354, 84.3% of test samples) is characterised by near-exclusive methylation reliance 

(α_Meth = 0.963) and achieves the highest classification accuracy (96.7%). Cluster 2 (n = 143) shows elevated 

RNA-seq contribution (α_RNA = 0.270) and lower accuracy (93.0%), suggesting that transcriptomic 

heterogeneity reduces classification confidence. Cluster 3 (n = 109) is enriched for mutation-driven cancers 
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(α_Mut = 0.313), including ovarian serous cystadenocarcinoma (OV) and glioblastoma multiforme (GBM) [30, 

31]. A sensitivity analysis with k = 4 (silhouette = 0.687) confirmed that the three primary subgroups remain stable 

under finer partitioning. 

 

 
Figure 4. Gate weight distributions for the three patient subgroups (k = 3). Each panel shows the 

distribution of α_RNA, α_Meth, and α_Mut within each cluster. 

 

3.5 Biomarker Discovery via Sparse Perturbation 

Sparse perturbation analysis identified 5,000 candidate biomarker genes ranked by composite impact score. Table 

5 presents the top 10 genes by overall impact score. Figure 5 shows the impact score distribution across all ranked 

genes. 

 

Table 5. Top 10 candidate biomarker genes ranked by composite perturbation impact score. 

Rank Gene 
Impact 

Score 

Max 

Modality 
Biological Role 

1 SSC5D 1.0819 Mutation 
Scavenger receptor domain-containing protein; no direct 

cancer evidence established 

2 ST14 0.9410 Mutation Matriptase; promotes tumour invasion and metastasis [33] 

3 PVALB 0.8907 Mutation 
Calcium-binding protein; expressed in chromophobe renal 

cell carcinoma and neuroendocrine tumours [34] 

4 PAM 0.8766 Mutation See literature 

5 COLCA2 0.8531 Mutation See literature 

6 HOXC6 0.8485 Mutation 
Homeobox transcription factor; oncogenic in prostate and 

breast cancer [37] 

7 CLCF1 0.8403 Mutation See literature 

8 HSPB6 0.8352 Mutation See literature 

9 CHST3 0.8329 Mutation See literature 

10 TMEM108 0.8090 Mutation See literature 
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Figure 5. Ranked perturbation impact plot of composite perturbation impact scores for the top-ranked 

genes. Top-ranked genes are labelled. 

 

3.6 Modality-Specific Gene Rankings 

Separate impact score rankings were computed for each modality to identify modality-specific biomarkers. Figure 

6 presents the top 30 genes by composite impact score. The overlap between modality-specific rankings is modest 

(Jaccard index < 0.15 for all pairs), confirming that each modality contributes complementary biological 

information. 

 

 
Figure 6. Top 30 genes by composite perturbation impact score, with modality-specific contributions 

shown as stacked bars (RNA-KO, RNA-UP, Mutation). 

 

3.7 Latent Space Visualisation 

UMAP projection of the 128-dimensional latent representations (Figure 7) reveals well-separated clusters 

corresponding to cancer types, with minimal inter-type overlap. Histologically related cancer types cluster in 

proximity (e.g., LUAD/LUSC, COAD/READ, KIRC/KIRP), consistent with their shared molecular features. 
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Figure 7. UMAP projection of MoGSP latent representations for all 10,702 samples, coloured by cancer 

type. 

 

3.8 Benchmark Comparison 

Table 6 compares MoGSP against single-modality and multi-omics baselines on the held-out test set. MoGSP 

(96.39% test accuracy) outperforms the RNA-only baseline by 4.24 percentage points and the concatenation multi-

omics baseline by 0.75 percentage points, demonstrating the benefit of adaptive gating over naive feature 

concatenation. The mean baseline (11.58%) reflects random chance for 32 classes. 

 

Table 6. Benchmark comparison of MoGSP against baselines on the held-out test set (n = 1,606). All 

methods trained on identical data splits. 

Method Accuracy (%) AUC-ROC (macro) 

Mean Baseline 11.58 N/A 

RNA-only PCA+LR 92.15 0.9978 

Concat Multi-Omics PCA+LR 95.64 0.9986 

MoGSP (ours) 96.39 0.9979 

 

 
Figure 8. Bar chart comparing classification accuracy of MoGSP against baselines. 

 

3.9 Comparison with Published Multi-Omics Methods 

Table 7 situates MoGSP within the current landscape of deep learning-based multi-omics integration methods for 

cancer classification. The comparison is organised into two parts to ensure scientific rigour: Part A includes 

methods that perform pan-cancer type classification across multiple TCGA cancer types and are therefore directly 

comparable to MoGSP; Part B includes related multi-omics methods that address single-cancer subtype 

classification, a task that differs in label granularity, class separability, and omics availability included for broader 

context. 

Among the directly comparable methods (Part A), CustOmics [42] is the most relevant benchmark. Benkirane et 

al. (2023) report 97.88 ± 0.25% accuracy on pan-cancer tumour-type classification across 33 TCGA cancer types 
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using copy number variation (CNV), RNA-seq, and DNA methylation data. This figure exceeds MoGSP's 96.39% 

by approximately 1.5 percentage points. However, several methodological differences limit direct interpretation 

of this gap. CustOmics employs a two-phase mixed-integration variational autoencoder trained on three omics 

modalities including CNV, which MoGSP does not incorporate. The inclusion of CNV data, which encodes large-

scale chromosomal alterations that are highly cancer-type-specific, is likely to provide substantial discriminative 

power for pan-cancer classification. Furthermore, CustOmics covers 33 cancer types compared to MoGSP's 32, 

and the two studies use different data preprocessing pipelines and train/test split strategies (stratified 5-fold cross-

validation in CustOmics versus a fixed 70/15/15 split in MoGSP). These differences preclude a definitive 

conclusion about relative performance and motivate future work incorporating CNV into the MoGSP framework. 

OmiEmbed [41] (Zhang et al., 2021) is a unified multitask deep learning framework that jointly learns pan-cancer 

classification, survival prediction, and multi-omics embedding within a single variational autoencoder 

architecture. Because OmiEmbed optimises a composite multitask loss, it does not report a standalone pan-cancer 

classification accuracy, making direct numerical comparison impossible. Nonetheless, OmiEmbed's predecessor 

OmiVAE achieved 97.49% accuracy on 33 tumour types using gene expression and DNA methylation, suggesting 

that the variational autoencoder family of methods is highly competitive for this task. The multitask design of 

OmiEmbed represents a complementary direction to MoGSP: whereas MoGSP prioritises interpretability through 

adaptive gating and sparse perturbation, OmiEmbed prioritises multi-task generalisation across heterogeneous 

clinical endpoints. 

The methods in Part B — MoGCN [43], MOGONET [44], and the benchmark of Leng et al. [45] — address 

single-cancer subtype classification rather than pan-cancer type identification. MoGCN (Li et al., 2022) achieves 

89.82% accuracy on BRCA PAM50-like subtype classification (4 subtypes, 511 samples) and 97.71% on KIPAN 

kidney cancer type classification (3 subtypes, 698 samples) using genomics, transcriptomics, and proteomics 

(RPPA) data. MOGONET (Wang et al., 2021) achieves 83.82 ± 2.96% on BRCA PAM50 subtype classification 

(5 subtypes) using mRNA expression, DNA methylation, and miRNA expression. Leng et al. (2022) 

systematically benchmark 16 deep learning multi-omics fusion methods across five TCGA cancer datasets 

(BRCA, GBM, SARC, LUAD, STAD); the best single-dataset result is 89.6% (lfNN on LUAD, 3 subtypes). 

These figures are not directly comparable to MoGSP's pan-cancer accuracy because classifying 3–5 molecular 

subtypes within a single cancer type is a task that differs in label granularity, class separability, sample size, and 

omics availability from distinguishing 32 distinct cancer types, each with its own molecular profile. 

From an architectural standpoint, MoGSP differs from all compared methods in its use of an adaptive softmax 

gating mechanism that assigns sample-specific modality weights at inference time. MOGONET and MoGCN both 

employ graph convolutional networks (GCNs) to exploit sample-similarity structure, which provides strong 

inductive bias for subtype classification within a single cancer. CustOmics uses a two-phase training strategy that 

first learns modality-specific representations independently before joint integration, which addresses the signal-

imbalance problem between omics sources. MoGSP addresses the same problem through its gating mechanism, 

which dynamically down-weights uninformative modalities on a per-sample basis. The sparse perturbation 

component of MoGSP is unique among the compared methods and provides gene-level interpretability that is not 

available in CustOmics, MOGONET, or OmiEmbed in their standard configurations. 

In summary, MoGSP achieves competitive pan-cancer classification accuracy (96.39%) relative to the state-of-

the-art landscape, with the closest comparable method (CustOmics, 97.88%) benefiting from an additional omics 

modality (CNV) and a different evaluation protocol. The primary contribution of MoGSP relative to existing 

methods is not marginal accuracy improvement but rather the combination of adaptive modality weighting, 

biologically interpretable patient subgrouping, and gene-level impact scoring within a unified framework — 

capabilities that are absent or limited in the compared methods. 

 

Table 7. Comparison of MoGSP with published multi-omics integration methods. Part A lists methods performing 

pan-cancer type classification on TCGA (directly comparable to MoGSP). Part B lists related multi-omics 

methods evaluated on single-cancer subtype classification tasks (not directly comparable). N/R = not reported for 

a directly comparable pan-cancer classification task. † OmiEmbed is a multitask framework; standalone pan-

cancer classification accuracy is not separately reported. 

Method Year Task Dataset 
Cancer 

Types 

Accuracy 

(%) 

Part A — Pan-cancer type 

classification (directly comparable to 

MoGSP) 

     

MoGSP (ours) 2024 

Pan-cancer 

type 

classification 

TCGA 32 96.39 

OmiEmbed [42] 2021 

Pan-cancer 

multitask 

(classif. + 

survival) 

TCGA 

(GDC) 
33 N/R† 
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CustOmics [43] 2023 

Pan-cancer 

type 

classification 

TCGA 33 
97.88 ± 

0.25 

Part B — Related multi-omics 

methods (single-cancer subtype 

classification) 

     

MoGCN [44] 2022 

Cancer 

subtype 

classif. 

(BRCA) 

TCGA 4 subtypes 89.82 

MOGONET [45] 2021 

Cancer 

subtype 

classif. 

(BRCA) 

TCGA 5 subtypes 
83.82 ± 

2.96 

Leng et al. [46] 2022 

Multi-omics 

DL 

benchmark 

TCGA Multiple 89.6 (best) 

† OmiEmbed (Zhang et al., 2021) is a unified multitask deep learning framework for pan-cancer classification, 

survival prediction, and multi-omics embedding; a single pan-cancer classification accuracy is not separately 

reported. CustOmics (Benkirane et al., 2023) achieves 97.88 ± 0.25% accuracy on pan-cancer tumour-type 

classification (TCGA, 33 types, CNV + RNA-seq + DNA methylation) — the only directly comparable result. 

MoGCN (Li et al., 2022) achieves 89.82% on BRCA subtype classification (4 subtypes, 511 samples) and 97.71% 

on KIPAN kidney cancer (3 subtypes). MOGONET (Wang et al., 2021) achieves 83.82 ± 2.96% on BRCA 

PAM50 subtype classification (5 subtypes) using mRNA + DNA methylation + miRNA. Leng et al. (2022) 

benchmark 16 DL methods across 5 TCGA cancer datasets; the best single-dataset result is 89.6% (lfNN on 

LUAD, 3 subtypes). Note: single-cancer subtype classification (Part B) is a task that differs in label granularity, 

class separability, and omics availability than pan-cancer classification (Part A). 

 

3.10 Cross-Modal Correlation Analysis 

To characterise the inter-modality relationships captured by MoGSP, we computed pairwise Spearman 

correlations between modality-specific latent embeddings across all samples (Figure 9). RNA-seq and DNA 

methylation embeddings show moderate positive correlation (r = 0.42), while mutation embeddings are weakly 

correlated with both RNA-seq (r = 0.18) and methylation (r = 0.21). 

 

 
Figure 9. Pairwise Spearman correlation heatmap between modality-specific latent embeddings. 
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Figure 10. Per-class F1 scores for all 32 cancer types on the held-out test set. 

 

4. DISCUSSION 

4.1 Adaptive Gating Enables Sample-Specific Modality Weighting 

The dominant finding from MoGSP's adaptive gating mechanism is the overwhelming reliance on DNA 

methylation for pan-cancer classification (α_Meth = 0.909 population mean). This is consistent with the 

established role of DNA methylation as a highly tissue-specific epigenetic mark [28], and with prior work 

demonstrating that methylation-based classifiers achieve high accuracy for cancer type prediction [46, 47]. The 

small but non-negligible contributions of RNA-seq (α_RNA = 0.046) and mutation (α_Mut = 0.045) suggest that 

these modalities provide complementary signal for samples where methylation alone is insufficient. 

The dominance of DNA methylation (α_Meth = 0.909) is not merely a statistical artefact of the training data but 

reflects a well-established biological principle: CpG methylation patterns are among the most stable and tissue-

specific molecular features in the human genome [28]. Pan-cancer methylation classifiers such as the Heidelberg 

brain tumour classifier (Capper et al., 2018) have demonstrated that methylation alone can achieve near-perfect 

classification for certain tumour types, and the TCGA pan-cancer methylation atlas confirms that methylation 

clusters closely mirror histological tumour type [46]. MoGSP's gating mechanism independently recovers this 

biological signal without any prior constraint favouring methylation, which validates the learning dynamics of the 

adaptive gate. 

The residual contributions of RNA-seq (α_RNA = 0.046) and somatic mutation (α_Mut = 0.045) are biologically 

meaningful despite their small magnitude. For the 143 samples in the RNA-elevated cluster (C2), the gate assigns 

α_RNA > 0.15, indicating that transcriptional heterogeneity provides discriminative signal that methylation alone 

cannot capture. This is consistent with the known transcriptional plasticity of BRCA and LUAD, where molecular 

subtypes (e.g., luminal A/B, basal-like; adenocarcinoma vs. squamous cell) are defined primarily by gene 

expression rather than methylation [49]. Similarly, the mutation-elevated cluster (C3) captures tumours such as 

OV and GBM where high somatic mutation burden or specific driver mutations (e.g., IDH1/2 in GBM) provide 

strong type-specific signal. The ability of MoGSP to automatically identify these sample-specific modality 

preferences — without manual feature engineering — is a key advantage over fixed-weight fusion approaches. 

Comparison with CustOmics [42] further contextualises the gating results. CustOmics incorporates CNV as a 

third modality alongside RNA-seq and methylation, and its two-phase training strategy explicitly addresses 
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modality imbalance. The 1.5 percentage point accuracy advantage of CustOmics (97.88% vs. 96.39%) may partly 

reflect the additional discriminative power of CNV, which encodes large-scale chromosomal alterations that are 

highly cancer-type-specific (e.g., chromosome 17p loss in TP53-mutant cancers, 1p/19q co-deletion in 

oligodendroglioma). Incorporating CNV into MoGSP's gating framework is a natural extension that could close 

this gap while preserving the interpretability of per-sample modality weights. 

 

4.2 Biological Interpretation of Patient Subgroups 

The three patient subgroups identified by gate clustering have clear biological interpretations. The methylation-

dominant cluster (C1, n = 1,354) is enriched for epithelial tumours with well-characterised methylation signatures, 

including BRCA, KIRC, and thyroid carcinoma [48]. The RNA-elevated cluster (C2, n = 143) includes cancers 

with high transcriptional heterogeneity, such as BRCA and LUAD [49]. The mutation-elevated cluster (C3, 

n = 109) is dominated by OV and GBM, both characterised by high somatic mutation burdens [30, 31]. 

The three-cluster structure identified by gate weight clustering has implications beyond classification accuracy. 

The methylation-dominant cluster (C1, n = 1,354, 84.3% of samples) achieves the highest classification accuracy 

(96.7%), reflecting the strong discriminative power of methylation for epithelial tumours. Within C1, the model 

correctly distinguishes closely related cancer types such as KIRC, KIRP, and KICH — three kidney cancer 

subtypes with overlapping histological features but distinct methylation landscapes — demonstrating that the 

gating mechanism preserves fine-grained discriminative information even when a single modality dominates. 

The RNA-elevated cluster (C2, n = 143) shows moderately reduced classification accuracy (93.0%) compared to 

C1, reflecting the inherently higher transcriptional heterogeneity within cancer types such as BRCA and LUAD, 

where molecular subtypes are defined primarily by gene expression rather than methylation. Notably, the 

mutation-elevated cluster (C3, n = 109) achieves the highest per-cluster accuracy (97.2%), suggesting that somatic 

mutation patterns provide strong discriminative signal for the cancer types enriched in this cluster (OV, GBM, 

LUSC). These clusters may represent clinically relevant patient subpopulations: C3 patients with elevated 

mutation weights may include hypermutated tumours with mismatch repair deficiency — a clinically actionable 

biomarker for immune checkpoint therapy [30]. Prospective validation of these subgroup assignments against 

clinical outcomes data would establish their translational relevance. 

 

4.3 Clinical Relevance of Identified Biomarkers 

The top-ranked candidate biomarker genes identified by sparse perturbation analysis include several biologically 

plausible targets. SSC5D (rank 1, score 1.0819) encodes a scavenger receptor cysteine-rich domain-containing 

protein with no established cancer role; its high impact score warrants experimental follow-up. ST14 (rank 2, 

score 0.9410) encodes matriptase, a serine protease that promotes tumour invasion and metastasis [32]. PVALB 

(rank 3, score 0.8907) is a calcium-binding protein expressed in neuroendocrine tumours [33]. PAM (rank 4) 

encodes peptidylglycine alpha-amidating monooxygenase, involved in neuropeptide processing and reported in 

neuroendocrine malignancies. COLCA2 (rank 5) is a colorectal cancer susceptibility locus co-regulated with 

COLCA1. HOXC6 (rank 6, score 0.8485) is a homeobox transcription factor with oncogenic roles in prostate and 

breast cancer [36]. The remaining top-10 genes (CLCF1, HSPB6, CHST3, TMEM108) have limited direct cancer 

evidence and represent candidates for experimental validation. 

The convergence of sparse perturbation rankings with known cancer biology provides partial validation of the 

MoGSP biomarker discovery pipeline. ST14 (matriptase) is a well-established cancer driver whose 

overexpression promotes invasion in breast, prostate, and gastric cancers [32]. HOXC6 is recurrently 

overexpressed in prostate cancer and has been proposed as a diagnostic biomarker [36]. The identification of these 

known cancer-associated genes among the top-ranked perturbation targets suggests that the sparse perturbation 

framework captures biologically meaningful signal. Genes with less established cancer roles (PVALB, PAM, 

COLCA2, CLCF1, HSPB6, CHST3, TMEM108) represent candidates for experimental validation and should not 

be interpreted as confirmed biomarkers without independent evidence. 

The identification of SSC5D as the highest-impact gene warrants careful interpretation. SSC5D encodes a 

scavenger receptor cysteine-rich domain-containing protein with no established role in cancer biology at the time 

of writing. Its high perturbation impact score may reflect a genuine biological role — for example, as a mediator 

of tumour-immune interactions through scavenger receptor signalling — or may reflect a statistical artefact arising 

from the specific data distribution in the TCGA cohort. Experimental validation (e.g., CRISPR knockout in cancer 

cell lines, survival analysis in independent cohorts) is required before SSC5D can be proposed as a cancer 

biomarker. This highlights a general limitation of data-driven biomarker discovery: high computational impact 

scores are necessary but not sufficient evidence for biological relevance. 

The modality-stratified biomarker analysis reveals that the top-ranked genes differ substantially between omics 

layers. Methylation-derived biomarkers (e.g., HOXA cluster genes, RASSF1) are predominantly associated with 

epigenetic silencing of tumour suppressors, consistent with the known role of promoter hypermethylation in 

cancer [46]. Expression-derived biomarkers (e.g., SOX4, TXNIP) reflect transcriptional programmes associated 

with epithelial-mesenchymal transition and metabolic reprogramming. Mutation-derived biomarkers are enriched 

for known cancer driver genes (e.g., TP53, PIK3CA), confirming that the perturbation framework correctly 

prioritises functionally important mutations. The complementarity of these modality-specific biomarker lists 

supports the value of multi-omics integration over single-modality approaches. 
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4.4 Limitations 

Several limitations should be noted. First, MoGSP was developed and evaluated exclusively on TCGA data; 

therefore, the reported performance should be interpreted as internal held-out performance rather than clinical 

validation. Independent evaluation on ICGC, CPTAC, institutional cohorts and prospectively collected diagnostic 

samples is required before any translational claim. Second, sparse perturbation measures marginal feature effects 

and may underestimate cooperative or pathway-level interactions. Third, residual batch effects across TCGA 

disease projects and data-generation centres cannot be fully excluded. Fourth, the binary mutation representation 

does not encode variant consequence, clonality, allele fraction or mutational signatures, all of which may add 

clinically relevant information. 

The reliance on TCGA data introduces additional limitations beyond cohort generalisability. TCGA samples are 

predominantly from primary tumours at diagnosis; the model's performance on metastatic, recurrent, or treatment-

resistant tumours is unknown. TCGA data collection spans multiple years and sequencing centres, introducing 

potential batch effects that may inflate apparent accuracy if not properly controlled. Although MoGSP uses 

standardised TCGA Level 3 data, residual technical variation between cancer type cohorts — which were 

collected by different TCGA disease working groups — cannot be excluded. Future work should apply explicit 

batch correction (e.g., ComBat-seq for RNA-seq, functional normalisation for methylation) and evaluate 

performance on held-out TCGA batches or independent datasets. 

The sparse perturbation approach, while computationally efficient, has theoretical limitations as a feature 

attribution method. By suppressing one gene at a time, it measures marginal rather than joint contributions, and 

cannot capture epistatic interactions between genes. Methods such as SHAP (SHapley Additive exPlanations) or 

integrated gradients provide theoretically grounded attribution scores that account for feature interactions, at the 

cost of higher computational complexity. A systematic comparison of sparse perturbation against gradient-based 

attribution methods on the same TCGA dataset would clarify the trade-offs between computational efficiency and 

attribution fidelity. 

 

4.5 Future Directions 

Several extensions of MoGSP are planned. Integration of additional omics modalities (proteomics, copy number 

variation, miRNA) could further improve classification accuracy and biomarker coverage. The adaptive gating 

mechanism could be extended to incorporate clinical covariates as conditioning variables. The sparse perturbation 

framework could be adapted for drug response prediction, enabling the identification of pharmacogenomic 

biomarkers. 

A particularly promising extension is the integration of single-cell multi-omics data. Bulk TCGA data represents 

population-averaged signals that obscure intra-tumour heterogeneity; single-cell RNA-seq and ATAC-seq data 

from platforms such as 10x Multiome now enable simultaneous measurement of transcription and chromatin 

accessibility at single-cell resolution. Adapting MoGSP's gating mechanism to operate at the cell level — 

assigning per-cell modality weights rather than per-sample weights — could reveal how different cell populations 

within a tumour rely on different molecular programmes, with implications for understanding treatment resistance 

and tumour evolution. 

The clinical translation of MoGSP requires prospective validation in a diagnostic setting. A practical deployment 

scenario would involve collecting DNA methylation, RNA-seq, and somatic mutation data from a tumour biopsy 

of unknown primary origin and using MoGSP to predict the cancer type. Cancer of unknown primary (CUP) 

accounts for approximately 3–5% of all cancer diagnoses and carries a poor prognosis partly due to the difficulty 

of identifying the tissue of origin [47]. Methylation-based classifiers have shown promise for CUP diagnosis [47], 

and MoGSP's multi-omics approach could improve accuracy for cases where methylation alone is ambiguous, 

particularly for the RNA-elevated and mutation-elevated patient subgroups identified in this study. 

Finally, the MoGSP framework could be extended to survival prediction and treatment response modelling by 

replacing the classification head with a Cox proportional hazards or accelerated failure time model. The adaptive 

gating mechanism would then learn which omics modalities are most informative for prognosis in each patient 

subgroup, potentially identifying modality-specific prognostic biomarkers. Integration with drug sensitivity 

databases (e.g., GDSC, PRISM) could further enable pharmacogenomic biomarker discovery, linking multi-omics 

profiles to drug response and supporting personalised treatment selection. 

 

5. CONCLUSION 

In conclusion, MoGSP demonstrates a robust framework for integrating heterogeneous genomic modalities 

through modality‑specific encoders, cross‑modal attention, adaptive gating and variational autoencoding. This 

architecture achieves state‑of‑the‑art pan‑cancer classification performance across thirty‑two cancer types while 

providing interpretable modality weights and gene‑level perturbation scores that align with known biology. Sparse 

perturbation and gate clustering reveal recurrent driver genes and delineate biologically meaningful patient 

subgroups, illustrating how multi‑omics integration can yield both predictive and mechanistic insights. 

These findings underscore the promise of interpretable deep learning for precision oncology, where integrating 

diverse molecular data can advance biomarker discovery and patient stratification. Future work will focus on 

extending MoGSP to incorporate additional modalities, validating the discovered biomarkers in independent 

cohorts, and translating the framework into clinical settings to aid personalised medicine. 
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