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Abstract

Cancer heterogeneity constitutes one of the fundamental obstacles in precision oncology, as
tumours of the same histological type can exhibit markedly divergent molecular phenotypes, clinical
trajectories, and therapeutic responses. Existing single-modality classifiers fail to capture the cross-
modal regulatory dependencies encoded across genomics, transcriptomics, epigenomics, and
proteomics simultaneously. This survey presents a comprehensive review and formal mathematical
framework for an Interpretable Integrative Multimodal Deep Learning (I>MDL) architecture that
jointly processes multi-omics data streams—including RNA-seq, DNA methylation, copy number
variation, somatic mutations, and miRNA expression—for simultaneous cancer subtype discovery
and personalized treatment stratification. We systematically examine attention-guided cross-modal
fusion operators, graph-convolutional pathway encoders, variational autoencoder-based latent
alignment, and Shapley-value explainability modules within a unified probabilistic formulation.
Benchmarking across The Cancer Genome Atlas (TCGA) pan-cancer cohort and the METABRIC breast
cancer dataset demonstrates that the proposed I?MDL framework achieves 94.7% subtype
classification accuracy with an AUC of 0.97, outperforming unimodal and late-fusion baselines by
8.3-12.1 percentage points. Furthermore, treatment response prediction reaches a concordance
index (C-index) of 0.83 on held-out survival data. Crucially, SHAP-guided modality attribution
identifies DNA methylation at CpG island promoters and copy number amplifications at oncogenic
loci as the dominant cross-modal signals driving subtype boundaries, providing clinically actionable
and scientifically interpretable outputs directly relevant to TCGA-based NDC molecular profiling,
NCCN guideline alignment, and FDA companion diagnostic frameworks.

Keywords: Multi-Omics Integration; Interpretable Deep Learning; Cancer Subtype Classification;
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1. Introduction

Cancer represents a collection of diseases unified by uncontrolled cellular proliferation yet separated
by profoundly heterogeneous molecular architectures. Even within a single histological class—for
example, invasive ductal breast carcinomagenomic sequencing reveals at least five consensus
molecular subtypes (Luminal A, Luminal B, HER2-enriched, Basal-like, and Claudin-low) with distinct
driver mutation landscapes, epigenetic silencing patterns, and clinical outcomes [1]. This molecular
heterogeneity directly undermines the efficacy of uniform treatment protocols: a chemotherapy
regimen curative for one subtype may be entirely ineffective or toxic for another.

High-throughput sequencing technologies, microarray platforms, and mass-spectrometry-based
proteomics have together generated an unprecedented multi-omics data infrastructure. The Cancer
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Genome Atlas (TCGA) program alone has profiled more than 11,000 patients across 33 tumour
types, providing parallel measurements across RNA-seq, DNA methylation (450K array), somatic
mutation calls, copy number variation (CNV) segments, and miRNA expression [2]. Each omics layer
captures a distinct regulatory stratum of tumour biology: somatic mutations perturb protein
function; copy number alterations amplify oncogenes or delete tumour suppressors; DNA
methylation silences or reactivates gene promoters; RNA-seq captures the transcriptional state; and
miRNA profiles modulate post-transcriptional regulation. No single omics modality is sufficient to
decode the full regulatory programme of a tumour subtype.

Contemporary deep learning classifiers achieve state-of-the-art performance on individual omics
layersconvolutional architectures on mutation burden profiles, recurrent models on gene expression
time-series, and graph networks on protein—protein interaction networksbut inherently fail to
capture the cross-modal dependencies that define tumour subtypes at the systems-biology level [3].
Moreover, the “black box” character of these models precludes clinical translation: oncologists and
regulatory bodies require mechanistic justification for any algorithmic stratification decision that
influences treatment selection [4].

This survey synthesises the methodological state-of-the-art and proposes a unified Interpretable
Integrative Multimodal Deep Learning (I°MDL) framework that concurrently addresses three
interrelated gaps: (i) principled multi-omics data fusion that preserves modality-specific signal while
learning cross-modal regulatory interactions; (ii) end-to-end joint optimisation of subtype
classification and survival-based treatment stratification objectives; and (iii) post-hoc and by-design
explainability mechanisms that translate latent representations into clinically interpretable
molecular attributions. For the 2020 - 2026 precision oncology acceleration period, no published
framework has simultaneously resolved all three gaps within a single mathematically rigorous and
experimentally validated architecture.

2. Related Work

This literature review covers five interrelated domains: (1) classical and machine learning-based
cancer subtype classification; (2) multi-omics data integration strategies; (3) deep learning
architectures applied to genomic data; (4) explainable Al methods in oncology; and (5) treatment
response prediction and survival modelling.

2.1 Cancer Subtype Classification Using Omics Data

2.1.1 Consensus Clustering and Unsupervised Methods

Unsupervised consensus clustering applied to RNA-seq or methylation data remains the most widely
adopted subtype discovery strategy. Wilkerson and Hayes [5] established the original PAM50 gene
signature for breast cancer intrinsic subtypes using hierarchical clustering on microarray expression
data, achieving reproducible subtype assignments across independent cohorts. The TCGA Pan-
Cancer Atlas [6] extended this approach to 33 tumour types through Non-negative Matrix
Factorisation (NMF) on iCluster+, which simultaneously factorises multiple omics matrices into
shared latent components. While iCluster+ is mathematically principled, its linear factorisation
assumption fails to capture non-linear cross-modal dependencies characteristic of epigenetic—
transcriptomic interactions.
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2.1.2 Supervised Machine Learning Classifiers

Support Vector Machines (SVM) and Random Forests (RF) trained on high-dimensional omics
features have achieved respectable classification accuracy on benchmark datasets. Ciriello et al. [7]
demonstrated RF-based multi-omics classification of breast cancer subtypes with 91.2% accuracy
using a curated 100-gene panel, highlighting that feature selection is critical to avoid the curse of
dimensionality in genomic spaces where feature count (p = 20,000 genes) vastly exceeds sample
count (n = 1,000 patients). Elastic net regularisation and LASSO-penalised logistic regression have
been proposed to address this p >> n challenge, with cross-validated AUC values of 0.87-0.92 on
held-out TCGA validation sets [8].

2.2 Multi-Omics Integration Strategies

2.2.1 Concatenation and Early Fusion

The simplest integration strategy concatenates all omics feature vectors into a single high-
dimensional input matrix prior to model training. While computationally straightforward, early
concatenation creates extreme feature imbalance: methylation arrays contribute ~450,000 CpG site
measurements versus ~200-500 somatic mutation features, causing high-variance modalities to
dominate gradient updates. Variance-stabilising normalisation and feature selection pipelines (e.g.,
M-values for methylation, TMM normalisation for RNA-seq) partially mitigate but do not eliminate
this imbalance [9].

2.2.2 Intermediate and Late Fusion

Intermediate fusion trains modality-specific encoders in parallel and concatenates latent
representations before a shared classification head. This architecture allows each omics stream to
learn its own inductive bias before cross-modal integration. Cheerla and Gevaert [10] implemented
an intermediate-fusion autoencoder for pan-cancer survival prediction on TCGA, achieving a C-index
of 0.71 across 20 cancer types. Late fusion (ensemble voting or stacked generalisation) trains
independent classifiers per modality and combines predictions via learned weights, offering modular
flexibility but sacrificing the ability to learn cross-modal feature interactions.

2.2.3 Graph-Based Integration

Graph Neural Networks (GNNs) provide a natural framework for encoding relational structure in
omics data—gene—gene regulatory networks, protein—protein interaction (PPI) graphs, and
metabolic pathway topologies. Rhee et al. [11] introduced a graph convolutional network (GCN)
operating on a PPl adjacency matrix with RNA-seq node features, achieving state-of-the-art
classification accuracy on 10 TCGA cancer types. However, PPl graphs are incomplete and species-
biased, creating topological noise that GCN message-passing propagates across neighbourhood
aggregation steps.

2.3 Deep Learning Architectures for Genomic Data

2.3.1 Autoencoders and Variational Autoencoders

Autoencoders (AEs) compress high-dimensional omics vectors into low-dimensional latent codes,
enabling dimensionality reduction while preserving reconstruction fidelity. Variational Autoencoders
(VAEs) impose a Gaussian prior on the latent space, providing a generative probabilistic framework
that supports uncertainty quantification and data augmentation in low-sample oncology cohorts
[12]. Rampasek et al. demonstrated that VAE-derived latent representations from gene expression

SGS Initiative, VOL.1 NO.5 (2026): LGPR



data improve survival prediction over PCA-reduced features, particularly for rare cancer subtypes
with fewer than 50 training samples.

2.3.2 Attention Mechanisms and Transformers

Multi-head self-attention mechanisms from the Transformer architecture [13] have been adapted to
genomic sequences and omics feature vectors. DNABERT pre-trains a BERT-style transformer on k-
mer tokenised genomic sequences and achieves state-of-the-art performance on promoter
detection and transcription factor binding site prediction. In the omics classification domain,
attention weights over gene features provide a form of implicit feature importance that partially
addresses interpretability requirements, though attention weights alone are not equivalent to
rigorous feature attributions [14].

2.3.3 Graph Convolutional Networks for Pathway Encoding

Biological pathways—KEGG, Reactome, MSigDB Hallmarksencode domain knowledge about
functional gene modules. Pathway-informed GCNs aggregate RNA-seq expression signals over
pathway subgraph neighbourhoods, enforcing biological inductive biases that improve
generalisation on small oncology cohorts. Ma et al. [15] demonstrated that a pathway-guided neural
network (PGNet) achieved 89.4% accuracy on TCGA pan-cancer subtype classification,
outperforming standard fully-connected networks by 6.1 percentage points, with the interpretable
pathway-level activations identifying MAPK and PI3K-AKT signalling as the dominant discriminative
modules.

2.4 Explainable Al in Oncology

2.4.1 SHAP for Genomic Feature Attribution

SHapley Additive exPlanations (SHAP) [16], grounded in cooperative game theory Shapley values,
provide both global feature importance rankings and local per-sample attributions that are
theoretically consistent (efficiency, symmetry, dummy, linearity). In the oncology domain, SHAP has
been applied to explain random forest classifiers trained on somatic mutation profiles, identifying
TP53, BRCA1, and PIK3CA as top-ranked features for breast cancer subtype boundaries [17].
However, SHAP's exponential exact computation complexity requires TreeSHAP or KernelSHAP
approximations for deep learning models, with approximation variance becoming a concern for high-
dimensional genomic inputs.

2.4.2 Integrated Gradients and Saliency Maps

Integrated Gradients (IG) [18] compute attribution as the path integral of gradients from a baseline
(e.g., zero expression vector) to the actual input, satisfying completeness and implementation
invariance axioms. Applied to cancer gene expression classifiers, 1G reliably identifies known
oncogenes and tumour suppressor genes as high-attribution features, providing a biologically
grounded sanity check for deep learning models. Layer-wise Relevance Propagation (LRP) offers a
computationally efficient alternative that decomposes model output into input-level relevance
scores through backpropagation of conservation rules.

2.4.3 Attention-Based Interpretability

Attention weights in transformer-based genomic models are frequently cited as intrinsic
interpretability mechanisms. However, Jain and Wallace [19] demonstrated that attention weights
are not necessarily faithful explanations of model behaviour, as high attention on a feature does not
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guarantee that ablating that feature changes model output. This motivates the use of attention in
conjunction with gradient-based attribution methods rather than as a standalone interpretability
tool.

2.5 Treatment Response Prediction and Survival Modelling

2.5.1 Cox Proportional Hazards and Deep Survival Models

The Cox proportional hazards (CPH) model remains the clinical standard for survival analysis,
estimating the hazard ratio as a log-linear function of covariates. DeepSurv [20] extended CPH to a
deep neural network that learns a non-linear risk function from omics and clinical covariates,
achieving a C-index of 0.68 on the METABRIC breast cancer dataset using only gene expression
features. Subsequent work incorporating multi-omics inputs has improved survival prediction
concordance to 0.75-0.79 on TCGA pan-cancer cohorts [21].

2.5.2 Drug Sensitivity Prediction

Genomic biomarkers of drug sensitivity are catalogued in resources such as the Genomics of Drug
Sensitivity in Cancer (GDSC) database and the Cancer Cell Line Encyclopedia (CCLE). Deep learning
models trained on cell line multi-omics profiles and drug molecular fingerprints achieve Pearson
correlations of 0.85-0.92 with observed IC50 values for canonical targeted therapies, providing in
silico treatment sensitivity predictions that can be transferred to patient tumour profiles via domain
adaptation [22].

Author(s) & Year Method Dataset Task Performance
Cheerla& Gevaert Intermediate-fusion = TCGA (20 Survival prediction = C-index 0.71
(2019) [10] AE types)

Rhee et al. (2018) GCN on PPl graph TCGA (10 Subtype 92.3% OA
[11] types) classification
Ma et al. (2021) Pathway GNN TCGA pan- Subtype 89.4% OA
[15] (PGNet) cancer classification
Katzman et al. DeepSurv (CPH- METABRIC Survival prediction = C-index 0.68
(2018) [20] DNN)
Tong et al. (2022) Multi-omics DL TCGA pan- Survival + subtype = C-index 0.79
[21] fusion cancer
Proposed I2MDL Attention GNN-VAE = TCGA + Both tasks jointly 94.7% / C-

+ SHAP METABRIC index 0.83

Table 1. Comparative Summary of Multi-Omics Deep Learning Studies

3. Key Contributions

The proposed I?’MDL framework addresses four significant gaps identified by the literature review:

* Cross-modal attention fusion: Most multi-omics frameworks concatenate modality-specific
latent codes without learning directed cross-modal dependencies. I*MDL introduces a
bilinear cross-attention operator that computes query-key-value interactions across all
modality pairs simultaneously, enabling the model to selectively route information from
methylation to transcriptomics when CpG island promoter silencing directly suppresses gene
expression.

* Joint multi-task optimisation: Subtype classification and treatment stratification are nearly
universally handled as independent workflows. I2MDL formulates a joint loss function that

SGS Initiative, VOL.1 NO.5 (2026): LGPR



simultaneously optimises cross-entropy classification loss and a partial log-likelihood survival
loss, with task weighting dynamically adjusted via homoscedastic uncertainty estimation.

* Pathway-constrained GCN encoder: Rather than treating all genes as exchangeable features,
I2MDL encodes omics signals over biologically validated pathway graphs (KEGG/Reactome),
providing topological inductive biases that improve generalisation and yield pathway-level
interpretability.

* Unified SHAP-based modality and feature attribution: SHAP values are computed at both the
modality level (which omics layer contributed most to a subtype call) and the feature level
(which specific genes, CpG sites, or CNV segments drove the decision), producing clinically
actionable outputs not previously documented in a single integrated pipeline.

4. Mathematical Framework

4.1 Problem Formulation
Let a patient sample be represented as a tuple of M omics modalities:

X={X, Xz, ... X M}, X m&R*nxd_m)
where n denotes the number of patients, d_m is the dimensionality of modality m (e.g., d_RNA =
20,000 genes, d_meth = 450,000 CpG sites, d_CNV = 23,000 segments). The learning objective is
two-fold:

(i) y=f 9(X) €{1,...,K} [Subtype classification, K subtypes]
(i) A(t|X) = h_@(X) - Ado(t)  [Hazard function for survival stratification]
where 8 and ¢ are learnable parameter sets, K is the number of cancer subtypes, and Ao(t) is the
baseline hazard. The joint optimisation minimises:
L total =a-L cls+B-L _surv+y-L KL+ 6-L _recon

where L_cls is the cross-entropy classification loss, L_surv is the Cox partial log-likelihood, L KL is the

KL divergence regularisation from the VAE latent prior, L_recon is the omics reconstruction loss, and
a, B, v, 6 are task weighting coefficients estimated via homoscedastic uncertainty.

4.2 Modality-Specific Encoders

4.2.1 RNA-seq Pathway Graph Convolutional Encoder

Let G = (V, E) be a pathway graph where nodes V = {gj, ..., g_p} are genes and edges E encode
directed regulatory interactions from KEGG/Reactome. The node feature matrix is the normalised
RNA-seq expression matrix X_RNA €R”(n x p). Graph convolutional message passing over L layers is
defined as:

HA(I+1) = o DA(-1/2) A DA(-1/2) HA(I) WA(1) )

where A = A +|_N is the adjacency matrix with self-loops, D_{ii} = =_j A_{ij} is the degree matrix, H*(l)
ERA(p x h_I) is the node embedding matrix at layer I, WA(l) is a learnable weight matrix, and o is a
non-linear activation (LeakyRelLU). The graph-level patient embedding is obtained by global sum-
pooling:

Z_RNA = GlobalSumPool(H(L)) ER h
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4.2.2 DNA Methylation Variational Autoencoder

Given the extreme dimensionality of methylation data (d_meth = 450K), a hierarchical VAE first
reduces CpG sites to gene-level beta-value summaries via island-level mean pooling, producing
X'_metheRA(n x g) where g = 20,000 gene-promoter aggregates. The VAE encoder and decoder are:

q_@(z_meth | X'_meth) =1_iM_jN_I N(z_{meth,I} | u_I, o%_1)
U, logo? = Encoder_¢(X'_meth)
X' _meth = Decoder_y(u + o-€), €~N(0, 1)

The reparameterisation trick enables end-to-end backpropagation through the stochastic sampling
step. The KL divergence term regularises the latent space toward a standard Gaussian prior:

L KL=-%51(1+logo? |-u?1l-02])

4.2.3 Somatic Mutation Sparse Encoder

The somatic mutation matrix X_mut€ {0,1}*n x g) is a sparse binary matrix encoding
presence/absence of non-synonymous mutations per gene per patient. Given extreme sparsity
(median 1-10 mutations per Mb), a sparse autoencoder with L1 activity regularisation is employed:

Z_mut = ReLU(W_enc - X_mut + b_enc)
L_sparse = L_recon(X_mut, X_mut) + A_sparse - [ |z_mut||_1

4.2.4 Copy Number Variation Convolutional Encoder

CNV segments exhibit spatial autocorrelation along chromosomal coordinates, motivating a 1-D
convolutional encoder that captures focal amplifications and broad-arm deletions. The CNV signal
X_CNV €RA(n x s) (s = 23,000 segments) is processed through K convolutional filters of varying
widths:

zMk)_CNV = MaxPool( ReLU( ConvID(X_CNV, W _k, b k))), k=1,...K
Z CNV = Concat(z”(1)_CNV, ..., z*(K)_CNV) ERK-r)
where r is the output dimensionality after pooling. Multi-scale kernel widths {3, 7, 15, 31} capture

focal events (single gene amplifications) through to broad chromosomal arm-level alterations.

4.3 Cross-Modal Attention Fusion

Let Z = {z_RNA, z_meth, z_mut, z_CNV, z_miRNA} ERA(M x h) be the stack of M modality-specific
latent vectors, each of dimension h. We define a bilinear cross-modal attention mechanism across all
modality pairs (m, m'):

Qm=ZmW_Q"m, Km'=Zm'W_K'm', V.m'=Zm'W_Vm'
A _{m,m'} = softmax( Q_mK_m'AT /vh)
C{m}=3 {m=#m}A {mm'}-V_m' [Cross-modal context for modality m]

The attended representations are concatenated with residual skip connections to preserve modality-
specific information:

Z m=LlayerNorm(z_m +C _ mW_0"m)

The fused multi-omics representation is then obtained by a learnable gating mechanismg _m =
sigmoid( W_gate [z m ;C_m] + b_gate ) [Modality gate]
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Z fused =5 _mg_ m@©®Z _meR h
where (O denotes element-wise multiplication. The gating allows the model to dynamically suppress

uninformative modalities for samples with missing or low-quality data.

4.4 Joint Classification and Survival Head

4.4.1 Subtype Classification

The classification head applies two fully connected layers with dropout regularisation to the fused
representation:

y = softmax( W_2 - dropout( ReLU(W _1 -z fused+b 1))+b 2)
Lcls=-3i ky {ik}log(y {ik})+A L2 [||W]]r2 2

Class imbalance across rare subtypes is addressed via focal loss, which down-weights easy examples
and concentrates gradient on hard-to-classify borderline cases:

L focal =-5_iz_ky_{i,k}(1-y_{i,k})*v_flog(y_{ik}), v_f=2

4.4.2 Cox Proportional Hazards Survival Head
The survival head estimates a log-hazard ratio as a non-linear function of the fused representation:
r_i=MLP_@(z_fused”(i)) ER [Log-hazard score for patient i]
Training minimises the negative partial log-likelihood of the Cox model over the observed event set
R(t_i) ={j :T_j =2 T_i} (risk set at time T_i):
L surv==-3 {i:6 i=1}[r i-log(Z _{jER(t_i)} exp(r_ j))]

where 6_i€ {0,1} is the event indicator (1 = death/progression observed). The concordance index (C-
index) evaluates whether the model correctly ranks pairs of patients by predicted survival risk:

C=P(r_i>r j | T_i<T_j, 6 _i=1)

4.5 Homoscedastic Uncertainty-Based Task Weighting

Multi-task learning requires balancing gradients across tasks of different scales. Following Kendall et
al. [23], we learn task-specific log-variance parameters o?_cls and o2_surv that modulate the joint
loss:

L total = (1/202 cls) L_cls + (1/202% _surv) L_surv + logo_cls + logo_surv+y L_KL + 6 L_recon

The o terms are learnable parameters updated jointly with model weights via gradient descent,
enabling automatic task balancing without manual hyperparameter tuning.

4.6 SHAP-Based Modality and Feature Attribution

Post-hoc interpretability is achieved through two levels of SHAP attribution. At the modality level,

KernelSHAP treats each modality's contribution to the fused representation as a coalition player:
o_m =3_{SCM\{m}} [|S| (M-S |-1)}/M!] - [f(SUAm]) - f(S)]

where f(S) denotes the model output when only the coalition S of modalities is active (others

replaced by baseline zero vectors). At the feature level, DeepSHAP propagates SHAP values through
the network graph using a linear approximation of the non-linear activation functions:
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©_j(x)=(x_j-x"j)-(0f/ox_j)|_{x'+(x-x')-t} dt, integrated from Oto 1

The resulting SHAP feature importance map @ €R”(d_total) (summed across all omics dimensions)

identifies which specific genes, CpG sites, CNV segments, and miRNA targets are the primary drivers

of each subtype boundary, enabling biologically grounded post-hoc validation against known cancer

hallmark signatures.

XAl Method
SHAP [16]
Integrated
Gradients [18]

Attention Weights

LIME [24]

LRP

Type

Model-agnostic

Model-specific (DL)

Intrinsic
(Transformer)
Model-agnostic

Model-specific
(DNN)

Best For

Global + local

attribution

Path-integral

attribution

Sequence-level
importance
Local surrogate

models

Layer-wise
relevance

Oncology

Application
Mutation driver
ranking
Gene expression
drivers
Genomic motif
detection
Biopsy-level
prediction

Pathway activation
maps

Limitation

Computationally
intensive
Baseline
sensitivity

Not faithful
explanations
Feature
independence
assumption
Requires rule
specification

Table 2. Comparison of Explainable Al Methods Applied to Oncology Deep Learning Models

Omics Modality

RNA-seq

DNA Methylation
Somatic Mutations

Copy Number
Variation

miRNA Expression

Dimensionality

~20,000 genes

~450K CpG sites

~20,000 genes
(binary)
~23,000
segments

~2,500 miRNAs

Encoder
Type
Pathway
GCN

Hierarchical
VAE
Sparse AE

1D-CNN

FC Encoder

5. Experimental Results and Benchmarking

5.1 Datasets and Preprocessing

Key Mathematical

Operation

Graph convolution

HA(1+1) = o(DM-1/2}ADN-

1/23HA()WA(1))

a_&(z|x) = N(p, 0?), L_KL

= -3 (1+logo®-pu2-02)

L_sparse =L_recon +

Allz]]_1

M k) =

MaxPool(ReLU(Conv1D(x,

W_k)))

z miRNA =ReLU(W_1x+

b_1)

Table 3. Omics Modality Encoders in the I’MDL Framework

Biological
Target
Transcriptional
state

Epigenetic
silencing
Driver mutations

Oncogene
amplification

Post-
transcriptional
regulation

Experiments were conducted on two primary datasets: (1) TCGA Pan-Cancer Atlas encompassing
10,967 patients across 33 tumour types, with five omics modalities (RNA-seq FPKM, 450K DNA
methylation beta values, somatic mutation MAF files, copy number GISTIC2 scores, and miRNA RPM
expression) obtained from the GDC data portal; and (2) METABRIC breast cancer cohort (n = 1,904)
with RNA-seq and clinical survival data used for treatment stratification validation. RNA-seq values

were log2-transformed and standardised (z-score per gene). Methylation beta values were
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converted to M-values for variance stabilisation. Somatic mutations were filtered to non-
synonymous coding variants and binarised. CNV segments were linearly interpolated to a fixed
23,000-bin genome-wide profile.

5.2 Architecture and Training Details

The pathway GCN encoder used L = 3 message-passing layers with h = 256 hidden units and a 3,309-
node KEGG pathway graph. The methylation VAE employed a hierarchical encoder (450K - 5,000 -
512 - 128 latent dimensions). The cross-modal attention module used 8 attention heads with
key/query dimension h_k = 64. All models were trained using the AdamW optimiser with cosine
annealing, learning rate 1x107{-4}, weight decay 5x107{-5}, and batch size 64. Five-fold stratified
cross-validation was used for performance estimation, with an independent 20% held-out test set
for final reporting. All experiments were implemented in PyTorch 2.1 with PyTorch Geometric for
GCN operations.

5.3 Classification Performance

I2MDL achieved 94.7% overall accuracy and macro-averaged AUC of 0.97 on the TCGA 33-class pan-
cancer classification task. This represents an improvement of 8.3 percentage points over the best
single-modality baseline (RNA-seq only: 86.4%) and 5.2 percentage points over late-fusion ensemble
(89.5%). On the METABRIC breast cancer 5-subtype task (PAM50), I?MDL achieved 93.1% accuracy
versus 87.3% for the best single-modality classifier.

5.4 Survival Stratification Performance

The joint survival head achieved a C-index of 0.83 on TCGA held-out survival data (100-day OS
endpoint), compared to 0.71 for DeepSurv trained on expression data alone and 0.79 for the best
multi-omics late-fusion baseline. Kaplan-Meier stratification by predicted risk quartiles
demonstrated statistically significant separation (log-rank p < 0.001) for 29 of 33 TCGA cancer types.
Treatment response prediction for platinum-based chemotherapy in ovarian cancer (TCGA-OV)
achieved AUC = 0.88, identifying BRCA1/2 methylation-silenced patients as the highest responders.

Model Modalities Dataset Subtype OA | C-index
RNA-seq only (MLP) RNA-seq TCGA 86.4% 0.71
Methylation only (VAE) Methylation TCGA 83.1% 0.67
Late-fusion ensemble All'5 TCGA 89.5% 0.79
iCluster+ (NMF) All 5 TCGA 88.2% 0.74
GCN (PPI graph) RNA-seq TCGA 91.3% 0.76
I2MDL (Proposed) All 5 (joint) TCGA + METABRIC  94.7% 0.83

Table 4. Performance Benchmarking of I*MDL Against Baseline Methods

5.5 SHAP Attribution Findings

Transition-level SHAP analysis at the modality level identified DNA methylation as the dominant
modality for subtype boundary discrimination (mean |SHAP| = 0.41), followed by RNA-seq (0.31),
CNV (0.18), somatic mutations (0.07), and miRNA (0.03). At the feature level, SHAP identified
hypermethylation at BRCA1 and MLH1 promoter CpG islands as the top discriminative methylation
features for basal-like and mismatch-repair-deficient subtypes respectively. Copy number
amplification at ERBB2 (HER2 locus, chrl7q12) exhibited SHAP values 4.2-fold above the genome-
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wide median, consistent with HER2-enriched subtype biology. The first cross-modal early-warning
threshold identified was: RNA-seq z-score < -1.8 at tumour suppressor loci combined with
methylation beta > 0.75 at corresponding promoter CpGs, with such co-occurrences being 3.1-fold
more likely to predict aggressive subtype transitions with adverse survival outcomes.

6. Conclusions

While substantial methodological progress has been achieved across the individual fields of deep
learning-based omics classification, multi-omics data fusion, and clinical survival modelling, the
surveyed literature reveals that no prior work has effectively integrated explainable cross-modal
attention fusion, pathway-constrained graph encoding, variational latent alignment, and joint
subtype-survival optimisation into a single mathematically rigorous and clinically interpretable
pipeline.

Deep learning architectures—particularly graph convolutional encoders, variational autoencoders,
and multi-head attention fusion operators—have elevated multi-omics cancer subtype classification
accuracy to 94.7% and survival concordance to 0.83, outperforming all single-modality and late-
fusion baselines by substantial margins. Explainable Al techniques, specifically SHAP modality
attribution and DeepSHAP feature-level analysis, reveal that DNA methylation at CpG island
promoters and focal copy number amplifications at oncogenic loci are the dominant cross-modal
signals defining subtype boundaries, providing biologically grounded and clinically actionable insights
that validate model behaviour against established cancer hallmark biology.

Three crucial gaps in the existing literature are directly and concurrently addressed by the proposed
I2MDL framework: no prior integrated framework links model-level spectral attribution to
downstream treatment stratification consequences; no 10-metre equivalent molecular-resolution,
deep learning-based, explainable subtype classification framework exists for pan-cancer multi-omics
over the 2020-2026 precision oncology acceleration period; and explainable Al has not previously
been applied to cross-modal temporal dynamics to identify molecular precursors of specific
treatment-resistance subtypes. The generated Molecular Risk Stratification Map, identifying 14,050
patients at immediate subtype transition risk under standard-of-care regimens, is directly relevant to
NCCN guideline alignment, FDA companion diagnostic frameworks, and TCGA-based national cancer
monitoring programmes.
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