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Abstract. Accurate cancer prognosis prediction from multimodal data
is critical for personalized treatment planning, yet remains challenging
due to modality-specific technical noise and heterogeneous prognostic
characteristics. In particular, whole slide images (WSIs) and mRNA ex-
pression profiles exhibit an overlooked asymmetry: WSIs provide stable
but weak prognostic cues, whereas mRNA data offer strong prognos-
tic relevance at the cost of high technical variability. This discrepancy
between technical uncertainty and prognostic importance is not explic-
itly modeled by existing multimodal survival models, leading to fragile
cross-modal fusion. We introduce the Noise-Aware Disentangled Multi-
modal Survival Network (NADMSurv), a framework that formalizes im-
portance—uncertainty asymmetry as a guiding principle for multimodal
representation learning. An importance—uncertainty dual-track module
jointly performs feature pre-selection and patient-level noise quantifica-
tion to encode heterogeneous prognostic patterns. A noise-aware disen-
tanglement mechanism then separates multimodal representations into
shared representations and modality-specific representations. To model
high-order patient correlations, hypergraph neural networks are employed,
and subjective logic is introduced to generate opinions with uncertainty
quantification, ultimately achieving evidence-level fusion through cross-
attention and consensus operators. Multi-cohort evaluation on TCGA
datasets demonstrates consistent improvements in C-index over state-of-
the-art methods. By analyzing modality-specific technical noise charac-
teristics and disentangling the importance—uncertainty asymmetry, NADM-
Surv establishes a principled paradigm for robust multimodal survival
prediction. Code and sufficient information are available at: https:
//github.com/imicjs/NADMSurv.
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1 Introduction

Cancer poses a major global disease burden, with the International Agency for
Research on Cancer (IARC) reporting nearly 20 million new cases in 2022 [II2].
While traditional assessment based on tumor staging remains standard, it cannot
fully reflect tumor biological heterogeneity [I5/8], necessitating accurate prognos-
tic models for effective clinical decision-making.

While transcriptome-based models identify molecular subtypes, their clinical
use is limited by high costs [9T7]. WSIs provide rich morphological information
yet exhibit limited prognostic power [6/12]. Consequently, multimodal fusion
has gained attention, with methods such as HFBSurv [14] and MMsurv [26]
employing advanced fusion strategies for survival prediction.

However, existing methods remain limited to direct feature concatenation,
rarely disentangling shared and modality-specific representations [3/4]. More
critically, they overlook the modality intrinsic importance—uncertainty asymme-
try: WSIs exhibit high technical stability but limited prognostic power, whereas
mRNA contains strong signals yet suffers from high technical noise [23/20)].

To this end, we propose the Noise-Aware Disentangled Multimodal Survival
Network (NADMSurv), explicitly modeling this asymmetry via an importance—
uncertainty dual-track module for feature pre-selection and noise quantifica-
tion, a noise-aware disentanglement mechanism separating shared and modality-
specific representations, and hypergraph neural networks with subjective logic
for evidence-level fusion. 5-fold cross-validation C-index results on five TCGA
cohorts demonstrate state-of-the-art performance.

2 Methodology

2.1 Importance—uncertainty dual-track module

WSI Feature Pre-screening WSIs are Macenko-normalized, Otsu-segmented,
and cropped into 256 x 256 patches (N < 3,000), encoded by ResNet50 into
F € RV*x2048 Patches are clustered into M = 3 pseudo-bags with MIL attention-
based selection [26].

Uncertainty is quantified via entropy u; = — Zﬁl pijlog p;j, where ¢ and
j index patches and pseudo-bags, respectively, and p;; is the soft-assignment
probability of patch ¢ to bag j. Within each bag, an MIL attention scorer ranks
patches by importance; the top-20% are retained as candidates and split by the
median entropy into high- and low-uncertainty subsets, from which 4 patches
each are selected, yielding 24 key patches per patient.
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Fig. 1. Overview of the NADMSurv. (a) Collection of multi-modal data (WSI and
mRNA) from five TCGA cancer cohorts; (b) mRNA feature pre-screening; (c) Patient-
level technical noise importance—uncertainty quantification (Poisson-binomial hier-
archical model for mRNA; wavelet decomposition for WSI); (d) WSI feature pre-
screening; (e) Noise-aware disentanglement mechanism.

mRNA Feature Pre-screening Low-variance filtering with threshold 0.5 and
univariate Cox regression at P < 0.01 select top 1,000 genes by absolute hazard
ratio. Uncertainty is quantified by the standard error of the Cox coefficient,

SEg, =+/[I (B:)~ Vi, where i indexes the gene and regression coefficient 3;, and

[1(B;)~ Y denotes the i-th diagonal element of the inverse Fisher information
matrix, representing Var(g;).
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Low-SE genes provide stable cross-patient consensus anchors, while high-SE
genes capture genuine tumor subtype heterogeneity and individualized signals.
The 200 lowest-SE and 200 highest-SE genes are retained, yielding 400 genes
total.

WSI Patient-Level Technical Noise Quantification For each patient, we
evaluate technical noise from K < 3,000 patches. Histological spatial continuity
manifests as energy in the low-frequency approximation subband cAs, whereas
technical artifacts introduce abrupt transitions captured by high-frequency detail
subbands c¢Ha, ¢Va, and ¢Dy under two-level wavelet decomposition [20].
Per-patch noise intensity is defined as n; = Eurp/Eiot, where Eyp = |[cHa||%+
lcVa||% + |[cD2||% and Eyor = Eur + ||cAz2||%. Here i € {1,..., K} indexes the
256 x 256 patch; cAs, cHs, cVa, cDs are the approximation, horizontal, vertical,

and diagonal subband coefficients. The patient-level stability score is 5%)51 =

1-— % Zfil n; € [0,1], where j € {1,..., N} indexes the patient; higher values
indicate lower overall noise and more reliable morphological features. Uncer-
tainty is quantified by the coefficient of variation (CV) of per-patch noise lev-
els. Median-based stratification of both importance and uncertainty yields four
pseudo-labels for noise-aware supervision.

mRNA Patient-Level Technical Noise Quantification Technical noise
in mRNA sequencing arises from capture efficiency variation and batch effects
[21122]. We employ a Poisson-binomial hierarchical model [24]: (i) Poisson layer
xij | Aij ~ Poisson(\;;) for true transcriptional abundance; (ii) Binomial layer
Yij | Aij, i ~ Binomial(\;;, ;) with capture efficiency m; € [0, 1], where y;;
denotes the read count after sequencing capture dropout; (iii) Beta layer m; ~
Beta(a, 5;).

Parameters are estimated via iterative EM. The E-step yields posterior mean
i = (o + Zjvzl Xij)/ (o + Bi + Zj\le Aij) and variance Var(m;) = a;8;/((a; +
Bi)?(c;+B;+1)). The M-step updates Beta priors via moment estimation as &; =
ﬁ,(ﬁ'Z(l —fri)/Var(m) — 1) and Bi = (1 —ﬁi)(fri(l—fri)/\/ar(m) — 1), iterating until
the change in 7; falls below 107°. Gene importance is w; = 1 — |#; — 0.5 (closer
to 1 indicates weaker noise), with uncertainty measured by posterior variance.

i 3 3 s anld) — 1 G Tij .
The patient-level noise score is noise; zna = & Doizq T (1 —w;), where
x;; is the raw count of gene 4 in patient j.

2.2 Noise-Aware Disentangled Mechanism

The WSI of size 24 x 2048 and mRNA of dimension 400 encoders output 1024-
dim features. For each patient, four discrete noise pseudo-labels are generated
by cohort-level median binarization of the WSI stability score sgz)sp the mRNA
noise score noiseg;{N A and their corresponding uncertainty scores. These labels
are mapped to continuous vectors el?) € R3? via a learnable embedding matrix
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E € R**32, FiLM modulation [I6] is inserted at an intermediate layer of each
encoder, after the second Transformer block for WSI and after the second MLP
block for mRNA. Concretely, applying MLP, and MLPg to el yields 49 and

B and the FiLM transform is defined as 4%) @ h + ). Let zéﬂ)c denote the
final noise-conditioned encoder output. This noise-conditioned scaling modulates
feature responses according to the learned embedding, with sample-specific gains
determined by the pseudo-label-driven FiLM parameters, thereby bridging noise
quantification and representation disentanglement. Let 24 = FiLM(h(9), ()
denote the noise-conditioned encoder feature. Features are then projected into
256-dim common (z.) and private (z,) subspaces via z. = MLPgommon (Zenc) and
zp = MLPprivate(%enc)- Let B denote a mini-batch of patients. Four weighted
losses optimize disentanglement:

Alignment Loss enforces bimodal z. convergence:

1 WSIL,(j5),, mRNA,(j WSL, (4 mRNA,(j 2
Lalign = 8] ;w (D +(9) Hzc @) _ o »(J)HQ (1)

where wWS' = [0.0,1.0,0.5,0.0] and w™RNA = [0.0,0.0,1.0,1.0] for labels 0
(high-noise stable), 1 (high-noise unstable), 2 (low-noise stable), and 3 (low-
noise unstable).

Adversarial Loss [7] ensures z. is uninformative for noise prediction:

WSL(j) mMRNA,(j) _
Ladv = % Z L ’ +2w ’ lcE (p (@j | GRL(Zgj))) ayj) (2)
J

where j indexes the patient; y; is the discrete noise pseudo-label of patient.
Separation Loss maximizes cosine distance between bimodal z,:

sep sep

1 . ) . .
Loep = & EJ: wWSL() ymRNA, () (oo (Z;Nsuw, Z;nRNA,o)) (3)

where w?WS! = [1.0,0.0,0.5,1.0] and w2ENA = [1.0, 1.0, 0.0,0.0].

sep sep
Reconstruction Loss preserves modality-specific information:

Erecon = HDeCWSI(ZI\)NSI) - hhigh”i + ||DeCmRNA(Z[r)nRNA) - meNAHz (4)

The total loss is: £tota1 = )\alignﬂalign + )\advﬁadv + )\sepﬁsep + )\recon‘crecon-

2.3 Evidential Hypergraph Fusion

The disentangled representations are processed by Hypergraph Neural Networks
(HGNN) [5] with Subjective Logic fusion, combining cross-attention and eviden-
tial consensus.

Hypergraphs are constructed via K-nearest neighbors, with convolution per-
forming node-hyperedge-node message passing [I0JI8]. Three parallel HGNNs
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Fig. 2. Architecture of evidential hypergraph fusion: The disentangled representations
(shared Zcommon, WSI-private Z;,N SI, and mRNA-private Z;,?“RNA) are processed by
parallel HGNN via K-nearest neighbor construction. Subjective Logic converts HGNN
outputs into evidential opinions.

process the common (z.), WSI-private (z)'™'), and mRNA-private (z mRNA) rep-
resentations via K-NN hypergraphs.

Subjective Logic [I1] maps risk scores to opinions w = (b, u,a) comprising
belief b, uncertainty u, and base rate a. Evidence is derived via sigmoid eigx =
(1), esafe = 1 — o(r) with total evidence F = eisk + €safe + € (€ = 0.1), yielding
belief masses byisk = €risk/E and bsate = €safe/E. The uncertainty u is estimated
by each HGNN from the variance of its risk scores with base rate, and clamped

0 [0.1,0.5]. The expected risk integrates both belief and uncertainty: E[r] =
brisk +u - a.

Private representations are fused via cross-attention, z. as Query, private
features as Key/Value, yielding zg,seqa. Final risk prediction integrates cross-
attention weights with evidential beliefs, where private contributions are mod-
ulated by attention «,, and certainty (1 — w;): ranal = 0.5 - MLP(Zfuged) +
0.3 be(l —ue)+>°,,0.1 - byt (1 — up,). The model is trained via Cox partial
log-likelihood.

3 Experiments

3.1 Dataset

Following, we conducted extensive experiments on five cancer types from The
Cancer Genome Atlas (TCGA) including Breast Invasive Carcinoma (BRCA),
Lung Adenocarcinoma (LUAD), Stomach Adenocarcinoma (STAD), Brain Lower
Grade Glioma (LGG), and Kidney Renal Clear Cell Carcinoma (KIRC). We
utilized hematoxylin and eosin (H&E) stained formalin-fixed paraffin-embedded
(FFPE) whole slide images (WSIs) and mRNA expression profiles as the multi-
modal inputs of our model.
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Table 1. Performance comparison of different methods across five cancer types.

Methods Modality BRCA LUAD STAD LGG KIRC

P. G. (n=925) (n=425) (n=311) (n=430) (n=493)
MLP v 0.6415+0.0669 0.6363+0.0878 0.6181+0.0689  0.8007+0.0683  0.6566::0.0631
SNN v 0.6768+0.0688 0.6196:0.0429  0.6262+0.0463  0.7869+0.0567  0.6662:0.0334
TransMIL v 0.6211£0.0346  0.5758:£0.0383  0.5634::0.0571  0.6659:0.0679  0.624140.0355
AttentionMIL v 0.5626£0.0750  0.5644+0.0525  0.5383:£0.0483  0.6434-£0.0722  0.601240.0486
DeepSet v 0.546240.0663  0.5441+0.0457  0.5276+0.0406  0.6194:£0.0786  0.6222+0.0373
CMTA v v 0.7268+0.0618 0.6436+0.0613 0.6178+0.0550  0.7486:£0.0640  0.6156:0.0557
GPDBN v v 0.6783£0.0200 0.6110+0.0574 0.6367£0.0185  0.8024:4:0.0760  0.6707£0.0569
HFBSurv v v 0.7062+0.0327 0.6503+0.0636  0.6347+0.0293  0.6971+0.0241  0.5823+0.0305
MMSurv v v 0.736040.0739 0.6443+0.0442 0.6182+0.0677 0.8137+0.0380  0.6536:£0.0395
Ours(NADMSurv) v v 0.7470:+0.0910 0.6788+0.0588 0.6420+0.0547 0.832240.0430 0.6959:0.0674

Bold indicates the best, underlined indicates the second best. “P.” indicates
pathological images, “G.” indicates genomic profiles.

3.2 Comparison with State-of-the-art Methods

We compared NADMSurv against nine methods (TABLE , including MLP
and SNN [I3] for mRNA-based prediction, TransMIL [19], AttentionMIL and
DeepSet [27] for WSI-based prediction, and CMTA [28], GPDBN |[25], HFB-
Surv [14] and MMSurv [26] for multimodal fusion. Evaluated via 5-fold cross-
validation using C-index, NADMSurv achieves superior performance across all
cohorts. Multimodal methods consistently outperform unimodal baselines, un-
derscoring the value of integrating both modalities.

Table 2. Ablation study results of NADMSurv across five cancer types.

Method BRCA LUAD STAD LGG KIRC
(n=925) (n=425) (n=311) (n=430) (n=493)
Baseline(mRNA) 0.6040+0.0288  0.5524+0.0601  0.5709+0.0477  0.7884+0.0435  0.617240.0324
Baseline(WSI) 0.5788+0.0993  0.5335£0.0410  0.5673£0.0541  0.565840.0367  0.533740.0232
Baseline(mRNA+WSI) 0.62144+0.0442  0.574740.0446  0.580140.0268  0.645140.0624  0.617740.0490
With Modulel 0.7006+0.0868  0.6196+0.0471  0.6203£0.0582  0.7973+0.0426  0.628240.0980
With Module2 0.6705+0.0637  0.6507+£0.0569  0.5934+0.0794  0.8187+0.0455  0.642740.0496

Ours(NADMSurv) 0.7470+0.0910 0.6788+0.0588 0.6420+0.0547 0.8322+0.0430 0.6959+0.0674

Bold indicates the best, underlined indicates the second best.

3.3 Ablation Study

We established three baselines: unimodal mRNA /WSI and a simple concatena-
tion fusion (TABLE [2)). Results show that Baseline(mRNA) consistently out-
performs Baseline(WSI). Separately introducing the Noise-aware Disentangle-
ment module (Module 1) and the Evidential Hypergraph Fusion module (Mod-
ule 2) both achieved performance gains compared to the baseline models. The
complete NADMSurv achieved optimal performance across all cohorts, verifying
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Fig. 3. Kaplan-Meier survival curves for risk stratification based on NADMSurv across
five cancer types.

that noise-aware disentanglement combined with evidential fusion effectively ex-
cavates complementary prognostic information while resolving inter-modal con-
flicts.

3.4 Risk Stratification

To further validate the clinical efficacy of the model, we stratified patients into
high-risk and low-risk groups based on the median of predicted risk scores and
generated Kaplan-Meier survival curves to evaluate inter-group survival differ-
ences (Fig. . Across five cancer cohorts including BRCA (p = 1.16 x 1078),
LUAD (p = 6.72 x 107%), STAD (p = 6.64 x 107%), LGG (p = 4.93 x 1079),
and KIRC (p = 7.02 x 10719), the high-risk group exhibited significantly lower
survival probabilities compared to the low-risk group, with all Log-rank test
p-values less than 0.001. These results demonstrate that NADMSurv enables
clinically actionable risk stratification for personalized treatment.

4 Conclusion

This study proposes NADMSurv,which models the importance—uncertainty asym-
metry between WSIs and mRNA. The importance—uncertainty dual-track mod-

ule jointly performs feature pre-selection and patient-level noise quantification,

while noise-aware disentanglement separates multimodal representations into

shared and modality-specific components, and Subjective Logic enables eviden-

tial fusion. Experiments on five TCGA cohorts validate robust prognostic pre-

diction.
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