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Abstract. Effective survival analysis necessitates integrating holistic
but heterogeneous hospital data, yet limited cohort sizes render purely
data-driven fusion susceptible to learning spurious correlations. Exist-
ing methods fail to escape the data-driven paradigm as they rely on
rigid architectural designs enforcing fixed interaction networks that limit
modality scalability or incorporate medical knowledge as an additional
input rather than leveraging it for explicit multimodal fusion guidance.
To bridge these gaps, we propose the Medical Knowledge Guided Sur-
vival Analysis (MKGSurv) as a general multimodal framework. We in-
troduce a Correlation-Aware Graph ATtention Network (CA-GAT) that
utilizes medical priors derived from Large Language Models (LLMs) to
steer cross-disciplinary interaction. We also design a Correlation-Guided
Alignment (CGA) loss to regularize the latent space by explicitly align-
ing the learned features with quantified relevance score. Experiments
and human studies on four TCGA cohorts and an in-house dataset show
the effectiveness of MKGSurv. The code and model weights are publicly
available at: https://github.com/guanjinquan/MKGSurv.
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1 Introduction

Tumor survival analysis is a crucial task in oncology, enabling precise risk strat-
ification and personalized care [10]. Survival outcomes are determined by di-
verse factors spanning histopathology, genomic, clinical, and treatment data [12].
Specifically, genomics reflect molecular aberrations, histopathology reveals cellu-
lar morphology and tissue architecture, clinical data indicate physiological sta-
tus, and treatment records define the initial intervention and resulting residual
tumor status. Integrating these heterogeneous data facilitates a holistic under-
standing of tumor progression, enabling robust survival prediction [24].

* J. Guan & Q. Chen contributed equally. Corresponding authors: J. Chen & Y. Xie.
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Fig. 1. (a) Traditional data-driven fusion. (b) Knowledge-guided fusion: leverages med-
ical knowledge to derive explicit, quantitative cross-modal knowledge that steer multi-
modal integration. (c¢) Clinical evaluation by two clinicians of 4 and 20 years’ experience
on 100 randomly sampled patients (20 patients per cohort) confirms that the majority
achieved approval or good ratings, while a subset was recognized as expert-level.

Deep learning has emerged as a promising method for modeling these com-
plex survival patterns using medical data [14]. Early studies typically relied on
a single modality, such as histopathology [27] or genomics [32]. However, uni-
modal modeling often fails to capture the full determinants of patient survival [2].
Many studies have explored multimodal survival analysis by integrating het-
erogeneous data to leverage complementary prognostic signals. Representative
methods such as SurvPath [11], DIMAF [4], and MoME [30] focus on integrating
histopathology with genomic profiles, whereas methods like CancerIDP [22] and
AUTOSurv [13] combine genomic data with clinical variables. However, they are
restricted to fixed modality combinations and therefore limit their scalability to
the holistic and diverse data available in real-world clinical practice. To this
end, multimodal fusion frameworks, ranging from general fusion methods such
as FusionMamba [28] to survival-oriented models such as HGCN [8], HEAL-
Net [7], and I2MoE [29], have improved cross-modal interaction to capture more
informative predictive features from heterogeneous data.

Despite architectural advancements, they rely on implicit inter-modal cor-
relations learned in a data-driven manner to facilitate feature interactions, as
shown in Fig. 1(a). As modality coverage expands, limited cohort sizes render
purely data-driven fusion incapable of fully characterizing high-level semantic
and biological synergies across heterogeneous modalities, fostering spurious cor-
relations that impede effective fusion. With the rapid progress of large language
models (LLMs), recent studies have begun to inject medical knowledge into sur-
vival analysis, yet they have not considered knowledge-guided general fusion over
holistic data. For instance, KEMM |[33] restricts knowledge injection to auxiliary
inputs only for specific modalities without explicit cross-modal guidance. Con-
sequently, these approaches remain constrained by data-driven fusion paradigms
and cannot fully exploit knowledge informed cross-modal integration.

To bridge these gaps, we propose a novel Medical Knowledge-Guided Survival
Analysis (MKGSurv) framework that advances multimodal survival modeling
beyond purely data-driven fusion. MKGSurv organizes holistic patient data into
four disciplines based on clinical data provenance and incorporates interdisci-
plinary relationships and prognostic insights derived from LLMs as knowledge
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Fig. 2. Pipeline for medical knowledge generation. An LLM analyses multidisciplinary
reports to generate knowledge of interdisciplinary correlation and prognostic insights.

to enable more informed multimodal integration (Fig. 1(b)), with clinician eval-
uation supporting its clinical validity (Fig. 1(c)). Leveraging this knowledge,
MKGSurv guides multimodal representation learning at both the structural and
objective levels. For structure, we introduce a Correlation-Aware Graph ATten-
tion (CA-GAT) module, in which multimodal features are modeled as nodes,
while LLM-derived descriptions are encoded as edges to explicitly guide cross-
modal message passing and facilitate knowledge-informed interactions. For ob-
jective, we propose a Correlation-Guided Alignment (CGA) loss to regularize
the latent representation by encouraging consistency between the learned inter-
disciplinary feature correlation and quantitative disciplinary relevance scores.
The contributions of this work are summarized as follows:

e We propose MKGSurv, a novel multimodal survival analysis framework
that systematically integrates holistic hospital data and incorporates inter-
disciplinary knowledge to support structured multimodal modeling.

e We leverage the LLM to derive descriptions and quantified relevance scores,
and develop a CA-GAT together with a CGA loss to respectively steer cross-
disciplinary interaction and align multidisciplinary latent representations.

e We conducted extensive experiments on four TCGA cohorts and an in-house
dataset, demonstrating MKGSurv’s state-of-the-art performance, with hu-
man evaluation confirming the clinical validity of LLM-derived knowledge.

2 Methodology

We study the task of multimodal survival analysis. In this work, we organize
holistic patient data into four disciplines, namely Pathology (P), Genomics (G),
Clinical (C'), and Treatment (7). Each discipline may comprise heterogeneous
modalities, including images, genomic sequences, text or tabular variables. We
denote the multimodal patient data as M = {P,G,C,T}, and define a multi-
modal fusion model F(M) — Risk to predict patient-specific survival risk.

2.1 Medical Knowledge Generation

We leverage the rich knowledge of LLMs to generate interdisciplinary correlations
and prognostic insights as medical priors, as shown in Fig. 2. First, we transform
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raw patient data into textual reports. For pathology, we use diagnostic pathology
reports. For genomics, we concatenate gene names ranked by their expression
levels in descending order. Textual and tabular variables from the clinical and
treatment disciplines are directly serialized into descriptive statements. We as-
semble these inputs into a comprehensive patient report for LLM analysis. Then,
conditioned on the patient context, the LLM assesses correlation strengths and
produces three outputs for all discipline pairs: (1) quantitative relevance scores
that measure pairwise cross-disciplinary correlations, (2) structured textual ex-
planations describing interdisciplinary relationships, and (3) survival-oriented
reasoning that articulates risk-related clinical insights.

2.2 Embeddings Extraction

Following prior studies [4,11,20], we employ modality-specific methods to extract
embeddings X; € RVi*P where discipline i € M = {P,G,C, T} and N; denotes
the number of features. We project all embeddings to a unified dimension D =
512 using distinct two-layer MLP projectors with widths 1024 and 512.

We construct discipline-level embeddings as follows. (1) For pathology, we
collect histopathology images along with pathology reports and tissue tabular
records. Each slide is segmented into non-overlapping 256 x 256 patches. Patch
embeddings are extracted using UNI [1] and aggregated via PANTHER |[21] into
Npimg = 128 patient-specific cluster-level prototypes. These image prototypes
are concatenated with ClinicalBERT-encoded pathology-report embeddings and
MLP-projected tissue tabular embeddings to form Xp € R¥»*P  (2) For ge-
nomics, we map transcriptomic profiles to Ny = 50 Hallmark pathway [11] fea-
tures and obtain Xg € RNo*P_ (3) For clinical data, we retain demographic
and diagnostic variables and exclude follow-up variables to ensure all inputs
are available before the first discharge. The clinical text is encoded by a frozen
ClinicalBERT [9]. The tabular variables and textual features are projected and
concatenated to obtain X¢o € RNVe*P_ (4) For treatment, we use surgical notes
and tabular therapeutic records restricted to the initial regimen during the in-
dex hospitalization. The surgical notes are encoded by a frozen ClinicalBERT [9].
The resulting textual features and tabular variables are projected and concate-
nated to construct Xy € RV+*P_ (5) For LLM-derived descriptions, we encode
descriptions separately using frozen Clinical BERT [9] and concatenate their em-
beddings to get E; ; € RN<*P for discipline pair {i, j}.

2.3 MKGSurv Framework

Our framework sequentially deploys Intra-Discipline, Inter-Discipline, and Fu-
sion modules as shown in Fig. 3. This clinically motivated design leverages intra-
discipline consistency while modeling complex cross-disciplinary interactions.
First, we introduce an Intra-Discipline Module that performs local fusion
among features within each discipline. For embeddings X; € {Xp, X¢, X, X1},
we apply a shared transformer encoder block [25] to propagate information
within the same discipline, thereby improving representation consistency. This
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Fig. 3. Overview of MKGSurv. It processes multidisciplinary data via intra- and inter-
discipline modules, employing CGA loss to regularize embeddings for survival analysis.

produces fine-grained embeddings F; € RY:*P that encode intra-discipline in-
teractions and facilitate effective subsequent cross-disciplinary fusion.

Secondly, in the Inter-Discipline Module, we propose a Correlation-Aware
Graph Attention (CA-GAT) to model dependencies across disciplines. Inspired
by [5,26], we define a graph where the disciplinary features F; € {Fp, Fg, Fc, Fr}
serve as node feature and LLM-generated medical knowledge E; ; serves as the
initial edge features between disciplines ¢ and j. In each CA-GAT layer, edge
features first attend to node features to align textual knowledge with multi-
modal representations. Let F(Q, K,V) = FFN(Cross-Attn(Q, K,V)) denote a
cross-attention block with a feed-forward network, edge update is defined as:

B = }'(Q — EY), K =V = Conat (Fi(l), Fj(l))) : (1)
where Concat denotes the concatenation operation, [ means the I-th CA-GAT
layer. Subsequently, the updated edge feature guides knowledge conditioned mes-
sage passing from node j to node 7 is defined as F';.;, computing by:

- 1+1 1
Fiej = F(Q=EV K =v=F"). (2)
We then aggregate features from neighboring nodes and update the i-th node:
F,L-(H_l) = ./T"(Q = Fi(l), K=V= ConcatjE{PKj,C,T}&j#i (FA'“_j)) . (3)

This interaction ensures that disciplinary features are mutually refined by both
domain-specific knowledge and cross-disciplinary information.

Finally, the updated features from all disciplines are concatenated and pro-
cessed by a transformer encoder block, and then mean pooling is used to aggre-
gate the embeddings into a unified representation Zy,seq. Notably, our frame-
work can dynamically address missing modalities via attention masking.
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2.4 Training Objective

The model is optimized with a joint objective that combines the Cox partial like-
lihood loss [3] and our proposed Correlation-Guided Alignment (CGA) loss. We
adopt the Cox loss, denoted as L.,;, to learn survival risk prediction from the
fused representation Zsyseq. We also introduce LLM-derived relevance scores as
medical priors and use them to regularize the latent feature space. Specifically,
the CGA Loss, denoted as L.4,, encourages the learned multimodal represen-
tations to adhere to medically meaningful relationships. We apply a patient-
wise softmax to the LLM-derived relevance scores over all valid disciplinary
pairs to obtain the target distribution Sppm = {Spec, SpeT.-s Scer}- Let
Siodel = {€08(0pg.c), cos(0pgr)..., cos(Bcgr)} denote the pairwise cosine simi-
larities between the discipline-pooled embeddings produced by the model. The
CGA Loss minimizes the Kullback-Leibler (KL) divergence [16] between the
LLM prior and the model-induced distribution over cross-disciplinary relation-
ships:

Lega = Drr(Siim || Softmax(Sygede /7)) , (4)

where 7 represents a learnable temperature parameter. By aligning these two
distributions, L.4, pulls disciplines with strong medical relevance closer in the
latent space to promote supportive evidence integration. Simultaneously, it also
distinguishes weakly correlated disciplines to preserve possible complementary
information. The overall training objective is Liotai = Leow + A Lega-

3 Experiments

3.1 Experimental Settings

We evaluated our approach on four public cancer cohorts from The Cancer
Genome Atlas ' (TCGA) and one in-house cohort. The public cohorts include
Lung Adenocarcinoma (LUAD, n=438), Lung Squamous Cell Carcinoma (LUSC,
n=452), Breast Invasive Carcinoma (BRCA, n=868), and Kidney Renal Clear
Cell Carcinoma (KIRC, n=340). The in-house cohort consisted of 1,325 patients
with Oral Squamous Cell Carcinoma and was approved by the institutional ethics
committee (Approval No. SYSKY-2024-440-01). As genomic data were unavail-
able for the in-house cohort due to electronic system limitations, we treated this
as a missing modality scenario. Prediction target was overall survival (OS) for
the TCGA cohorts and tumor recurrence-free survival for the in-house cohort.
We compared our framework against three categories of models: (1) unimodal
baselines (pathology or genomics); (2) pathology-gene specific methods; and (3)
general multimodal fusion models. Models utilized identical feature encoders and
prediction head while keeping core fusion mechanism for fairness. Performance
was evaluated by the concordance index (C-Index) [6]. During training, we op-
timized all models using AdamW [18] with an initial learning rate of 5 x 1075,
cosine annealing, and a weight decay of 1 x 10~ for 60 epochs on an NVIDIA

! https://portal.gdc.cancer.gov
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Table 1. Performance comparison on five datasets under tumor-specific (P+G) and
holistic fusion (P+G+C+T) settings. Results are reported as 5-fold mean=std.

Setting Model LUAD LUSC BRCA KIRC In House Mean
P PANTHER 0.5540+0.0461 0.5315£0.0554 0.6319+0.0237 0.6733+£0.0804 0.7842+0.0834 -
G MLP 0.566940.0530 0.5198+0.0212 0.6399+0.0613 0.688040.0836 - -
SurvPath (CVPR’24) 0.6188+0.0763 0.5856+0.0519 0.6512+0.0572 0.7132+0.0813 - 0.6422
O MOME (MICCATI'24) 0.6031+0.0387 0.5749+0.0641 0.6647+0.0555 0.6979+0.0791 - 0.6352
g‘_ DIMAF (MICCATI’25) 0.6033-+0.0405 0.566740.0614 0.6473+0.0525 0.7048-0.0650 - 0.6305
MKGSurv (Ours) 0.6348+0.0612 0.5893+0.0582 0.6580+0.0626 0.704440.0979 - 0.6466
w  Transformer 0.61174+0.0240 0.6016£0.0307 0.6566+0.0405 0.7335£0.0786 0.8053+0.0650 0.6817
;5 HGCN (TMI'23) 0.651340.0482 0.6363+0.0429 0.7163+0.0737 0.79104+0.0517 0.8193+0.0761 0.7228
+ I2MoE (ICML25) 0.617140.0462 0.6367+0.0421 0.7200£0.0486 0.783940.0384 0.8237£0.0675 0.7163
82 HealNet (NeurIPS’24) 0.6643+£0.0492 0.669440.0402 0.7316+0.0823 0.7954-+0.0363 0.8227+0.0790 0.7367
A MKGSurv (Ours) 0.6880+0.0544 0.6729+0.0417 0.7361+0.0587 0.8083+0.0198 0.8296+0.0551 0.7470

Table 2. Ablation study on the framework architecture components.

Intra-Discipline Inter-Discipline

Module Module LUAD LUSC BRCA KIRC In House Mean
X X 0.6162+0.0715 0.64164+0.0299 0.6941£0.0167 0.7635+0.0466 0.81364+0.0744 0.7058
X v 0.6569+0.0544 0.657940.0385 0.7328+0.0414 0.8028+0.0262 0.816140.0777 0.7313
v X 0.6505+0.0410 0.6604+£0.0421 0.7123+£0.0673 0.7650+£0.0450 0.8232£0.0698 0.7223
' v 0.6880+0.0544 0.6729+0.0417 0.7361+0.0587 0.8083+0.0198 0.8296+0.0551 0.7470

Table 3. Ablation study on medical knowledge guidance and CGA loss.

CA-GAT Edge CGA Loss LUAD LUSC BRCA KIRC In House Mean
X v 0.6309+0.0742  0.5937+0.0520 0.69424+0.0646 0.7462+0.0689 0.8232+0.0581 0.6976

v X 0.6632+0.0549  0.6496+0.0458 0.707440.0310 0.7750+0.0610 0.8069+0.0913 0.7204
Random Random  0.5873+0.0527 0.564340.0620 0.6364+0.0335 0.6558+0.0995 0.7978+0.0912 0.6483
Random X 0.6328+0.0455 0.6339+0.0342  0.697240.0920 0.7489+0.0751 0.8129+0.0841 0.7051

v v 0.6880+0.0544 0.6729+0.0417 0.7361+0.0587 0.8083+0.0198 0.8296+0.0551 0.7470

RTX 3090 GPU. For MKGSurv, we used three CA-GAT layers and set the CGA
loss weight to A = 7. Following [7], we employed GeGLU [19] activation in the
model. We used the Kimi-K2 [23] to generate medical knowledge. All datasets
were evaluated using 5-fold cross-validation with a 6:2:2 train-val-test split.

3.2 Comparison with SOTA Methods

Table 1 compares the performance of methods under three configurations. Over-
all, unimodal baselines (P or G) consistently underperform multimodal ap-
proaches, indicating that complementary cross-modality information is crucial
for accurate survival prediction. In the P4G setting, MKGSurv achieves the best
C-index on LUAD and LUSC, while remaining competitive on BRCA and KIRC.
MKGSurv attains the highest average C-index of 0.6466 across the four TCGA
cohorts, slightly outperforming the second-best SurvPath (0.6422). These re-
sults suggest that the proposed knowledge-guided fusion effectively exploits the
synergy between pathology and genomics. Performance improvements are more
evident in the P+G+C+T setting, where information from multiple disciplines
is jointly integrated. MKGSurv achieves the highest C-index, yielding the best
overall mean C-index of 0.7470. This corresponds to an absolute improvement
over the strongest baseline, HealNet (0.7367). A one-sided one-sample t-test fur-
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ther confirms that MKGSurv significantly outperforms the second-best method
HealNet (p = 0.0402 < 0.05). Overall, these results support the benefit of incor-
porating medical knowledge into multimodal fusion and indicate that MKGSurv
generalizes across different cancer types and data configurations.

3.3 Ablation Studies

We validate the core architectural components of MKGSurv in Table 2. Remov-
ing the Intra-Discipline Module reduces the overall C-Index to 0.7313, while
removing the Inter-Discipline Module causes a larger drop to 0.7223. Disabling
both modules yields the lowest performance of 0.7058, supporting the neces-
sity of hierarchical within-discipline modeling and cross-disciplinary interaction
learning. Table 3 analyzes the contributions of knowledge guidance and the CGA
loss. Randomly initializing both edge features and supervision yields the lowest
C-index, confirming that performance gains stem from informative knowledge
rather than noise. In the absence of edge guidance, CA-GAT reverts to unguided
node-level cross-attention and achieves a C-index of 0.6976 using only the CGA
loss. Conversely, utilizing guided edges without CGA loss reaches 0.7204. No-
tably, randomly initialized edges without CGA loss achieve only 0.7051, still
below LLM-guided edges without CGA loss, indicating that the gain comes
from informative LLM priors rather than the structure alone. The integration
of both components achieves optimal performance, demonstrating the comple-
mentary benefits of explicit edge guidance and latent alignment. We further
analyze the sensitivity to key hyperparameters and LLM-derived knowledge.
Fig. 4A-B shows that performance is stable over a reasonable range of differ-
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ent hyperparameters. Fig. 4C demonstrates robustness across LLMs [17, 23, 31],
with Kimi-K2 exhibiting the best performance and confirming that integrating
disciplinary correlation and survival risk descriptions is essential for effective in-
teraction. Clinician evaluation validates the reliability of knowledge in Fig. 1C
and Fig. 4D visualizes the distribution of average relevance scores for discipline
pairs and shows consistent rankings across LLMs, with Kendall [15]’s W > 0.60.

4 Conclusion

In this work, we present MKGSurv, a general multimodal fusion framework of
holistic data for tumor survival analysis that leverages LLM-derived medical
priors to bridge gaps among heterogeneous data in limited cohorts. By integrat-
ing the proposed CA-GAT and CGA loss, our approach explicitly steers cross-
disciplinary interactions to align with established medical knowledge, thereby
mitigating the susceptibility of purely data-driven fusion to spurious correla-
tions. Extensive validation on four TCGA cohorts and an in-house dataset con-
firms that MKGSurv achieves state-of-the-art prognostic accuracy and robust-
ness. Ultimately, this work offers a reliable, knowledge-guided fusion paradigm
for translating complex hospital data into effective clinical decision support.
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