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Abstract

Head and neck cancer is a common malignancy with persistently limited survival out-
comes, making accurate clinical prognosis particularly challenging. To establish a diag-
nosis, patients typically undergo a series of examinations producing heterogeneous data.
This includes clinical data review, blood tests, tissue sampling, and lymph node analysis,
encompassing multiple imaging and non-imaging modalities prior to treatment, which often
involves surgery for disease treatment. Despite advances in diagnostic imaging and clinical
assessment, treatment decisions remain largely dependent on the disease stage. This high-
lights the critical need for automated and reliable tools capable of accurately estimating
patient survival to further assist clinicians in personalized treatment planning. Existing
survival analysis methods, typically rely on shallow architectures or early-fusion schemes
that struggle to exploit the complexity and structure of multimodal clinical data. To ad-
dress these limitations, we introduce H2DGSurv, a deep learning framework for survival
prediction in head and neck cancer that models multimodal patient data as a directed hier-
archical heterogeneous graph tracing the clinical workflow from initial diagnosis to surgery.
The proposed architecture organizes modality-specific leaf nodes under clinical step-level
parent nodes, and integrates a global patient node to capture consolidated representations
prior to survival prediction. Experimental results demonstrate that H2DGSurv substan-
tially improves survival prediction performance compared with established baselines, while
ablation studies confirm the importance of each model component.
Code: https://github.com/dpmc-lab/h2dg-surv.
Models: https://huggingface.co/dpmc/h2dg-surv.
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1. Introduction

The integration of machine learning into precision oncology has significantly improved sur-
vival prediction and treatment planning across various malignancies (Wang et al., 2022).
Among these, head and neck cancer (HNC) remains one of the most prevalent cancers
worldwide (Bray et al., 2024). Despite substantial progress in diagnostic imaging and ther-
apeutic strategies, patient outcomes remain poor, with 5-year survival rates still limited (Bu-
dach and Tinhofer, 2019). This persistent gap underscores the urgent need for robust and
automated tools capable of assisting oncologists in clinical decision-making and personal-
ized prognosis estimation. However, developing accurate survival models for HNC remains
particularly challenging due to the scarcity of large-scale, publicly available datasets with
paired, multimodal clinical and imaging data (Dörrich et al., 2024).
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In clinical practice, the diagnostic process for HNC involves a sequence of complementary
examinations, including clinical data review, blood tests, tissue microarrays and whole slides
images analysis to support metastasis detection and provide information on tumor type.
These examinations generate heterogeneous and high-dimensional data spanning multiple
modalities, which are essential to determine the disease stage and estimate patient survival.

Although prior works have successfully applied survival analysis approaches across vari-
ous clinical modalities (Barnwal et al., 2021), applying survival framework to medical multi-
modal data present significant challenges. While deep learning survival analysis frameworks
have improved survival prediction accuracy (Katzman et al., 2018), existing works rely on
early fusion strategies that insufficiently capture inter-modality relationship, thus limiting
their ability to fully exploit the complementary nature of multimodal clinical data.

Therefore, we introduce H2DGSurv, a Hierarchical Heterogeneous Directed Graph frame-
work for survival prediction in head and neck cancer. Our approach explicitly models the
clinical workflow, from initial diagnosis through imaging, reporting, and surgery, using a
directed graph in which each clinical step is represented as a node aligned with the patient’s
follow-up timeline. To capture modality-specific information while enabling a unified patient
representation, we design a three-level hierarchical structure: (1) a patient-level root node,
(2) step-level nodes corresponding to key clinical events, and (3) leaf-level nodes encoding
each imaging or report modality. This hierarchical heterogeneous formulation facilitates
richer feature aggregation by jointly modeling distinct data types and their asymmetric
relationships. Our contributions can be summarized as:

• We introduce a directed multimodal graph representation that captures the patient
follow-up trajectory from cancer diagnosis to surgery.

• We develop a hierarchical heterogeneous graph architecture that integrates modality-
specific representations while preserving clinically meaningful structure, ultimately
improving survival prediction.

• We conduct ablations to quantify the impact of each model component, clinical step,
and hierarchical levels. We further provide additional qualitative analyses.

• We make our trained models and source codes publicly available to support repro-
ducibility in precision oncology for head and neck cancer.

2. Related Work

2.1. Survival Analysis

Survival analysis is a fundamental field with critical applications ranging from engineering
reliability to clinical prognosis, where the goal is to predict the time until an event of interest
occurs. It has evolved from classical statistical methods to sophisticated machine learning
approaches, driven by the need to model complex relationships in real world data.

Statistical and Machine Learning Approaches. A cornerstone of the field is the
Kaplan-Meier estimator (Kaplan and Meier, 1958), a non-parametric method that es-
timates the survival function from censored data but cannot account for patient-specific
covariates. The Cox Proportional Hazards (CoxPH) model (Cox, 1972) addresses
this by formulating the hazard rate as a product of a baseline hazard and a covariate-
dependent term. It relies on the semi-parametric Proportional Hazards (PH) assumption,
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Figure 1: H2DGSurv features a new hierarchical directed heterogeneous framework for sur-
vival analysis, following patient follow-up from initial diagnosis to local surgery.

where the effect of covariates is constant over time. Parametric models like Weibull re-
gression (Weibull, 1951) may offer greater efficiency but require strong assumptions about
the underlying event time distribution. To capture non-linear feature interactions with-
out such strict constraints, machine learning ensemble methods were adapted for survival
tasks, notably Random Survival Forests (RSF) (Ishwaran et al., 2008) and gradient
boosting variants like Survival Gradient Boosting (Chen et al., 2013) and Survival-
XGBoost (Barnwal et al., 2021).

Deep Learning for Survival. Deep neural networks have further advanced the field
by enabling end-to-end learning of complex representations. DeepSurv (Katzman et al.,
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2018) retains the structure of the Cox model but estimates the hazard function with a deep
neural network, effectively modeling non-linear risk functions while maintaining the PH
assumption. Other approaches seek to relax this constraint entirely: discrete-time models
like DeepHit (Lee et al., 2018) estimate the probability mass function directly, allowing
the hazard to vary freely over time. More recently, the widespread success of attention
mechanisms has inspired architectures such as TransDSA (Hu et al., 2021), which adapts
Transformer blocks (Vaswani et al., 2017) to survival analysis, demonstrating the versatility
of modern deep learning architectures for time-to-event prediction.

2.2. Graph Neural Networks

Graph Neural Networks (GNNs) (Gori et al., 2005) have emerged as a powerful paradigm
for learning representations from non-Euclidean data structures. Standard GNN architec-
tures typically operate via message-passing mechanisms. A key development was the Graph
Convolutional Network (GCN)(Kipf and Welling, 2017), which approximated spectral graph
convolutions via a localized first-order approximation. This was generalized by attention
mechanisms in Graph Attention Networks (GAT) (Veličković et al., 2018), enabling nodes
to weigh the importance of their neighbors adaptively. Limitations in the static attention
mechanism of GAT prompted the development of GATv2 (Brody et al., 2022), which in-
troduced dynamic attention to improve expressivity. To better capture the complexity of
real-world data, research has expanded beyond homogeneous simple graphs. Heterogeneous
GNNs were developed to model graphs with multiple types of nodes and edges, employing
relation-specific message passing to preserve semantic distinctions (Zhang et al., 2019). On
the other hand, Hierarchical GNNs have been proposed to process data at multiple levels
of abstraction, typically through pooling operations or multi-level architectures, allowing
models to capture both local interactions and global structural patterns (Sobolevsky, 2021).
In medical imaging, prior work leveraged hierarchical representation to model different res-
olutions of Whole Slide Images (Guo et al., 2023), while heterogeneous graph learning
demonstrates promising results for multi-modal medical data fusion (Kim et al., 2023).

3. Method

3.1. Discrete-Time Survival Analysis

Let T ∗ and C be positive random variables denoting the event time and the censoring time,
respectively and let X be a random feature vector. We consider the observed time T :=
min(T ∗, C) and the event indicator δ := 1(T ∗ ≤ C). We assume a finite prediction horizon
Tmax and we adopt the standard non-informal censoring assumption T ⊥⊥ C | X. We work
on a fixed discrete timeline 0 = t0 < t1 < · · · < tM = Tmax and take T ∗ ∈ {t1, . . . , tM}. The
survival function S and the discrete-time hazard λ are defined as:

S(tj | X) := P(T ∗ > tj | X), λ(tj | X) := P(T ∗ = tj | T ∗ > tj−1, X) (1)

These quantities satisfy S(tj | X) =
∏j

k=1

(
1 − λ(tk | X)

)
. For an observed time t,

let κ(t) be the unique index such that t = tκ(t). Using hazards over the at-risk indices
k = 1, . . . , κ(t) and defining yk := 1(k = κ(t), δ = 1), the event-time likelihood can be

written as L(x, t, δ) =
∏κ(t)

k=1 λ(tk | x) yk
(
1−λ(tk | x)

) 1−yk (Brown, 1975). Given N samples
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{(xi, ti, δi)}Ni=1 observed from (X,T, δ) and yik := 1(k = κ(ti), δi = 1), the mean negative
log-likelihood for discrete-time survival is:

LNLL = − 1

N

N∑
i=1

κ(ti)∑
k=1

(
yik log λ(tk | xi) + (1 − yik) log

(
1 − λ(tk | xi)

))
(2)

3.2. H2DGSurv

We propose H2DGSurv (Figure 1), a GNN architecture designed to model the sequential
nature of the patient’s clinical pathway as well as the heterogeneous nature of the data
used for their diagnostic. This architecture maps the raw feature vector X into a patient-
specific heterogeneous hierarchical graph structure, processes it through a message-passing
mechanism, and outputs a latent survival representation used as input in the survival head.

Feature Initialization. For each patient i, we consider a fine-grained decomposition
of the patient data xi into specific sub-modalities indexed by k ∈ K. The index set is
partitioned into WSI, tabular, and text sub-modalities, with Kwsi = {lymph, tumor}, Ktab =
{clinical,blood, pathological,TMA}, and Ktext = {history, surgery report, surgery desc}, so
that K = Ktab ∪Kwsi ∪Ktext. For each sub-modality k, we employ a learnable projector fθk
to map features xi,k to a shared latent space Rd:

hi,k =


fθk(xi,k) if k ∈ Ktab,

fθk
(
UNI(xi,k)

)
if k ∈ Kwsi,

fθk
(
LM(xi,k)

)
if k ∈ Ktext.

(3)

Here, UNI (Chen et al., 2023) denotes a frozen WSI foundation model and LM a frozen
language model.

Message Passing. We define the patient representation as a heterogeneous directed
graph Gi = (V, E). The node set V is partitioned into leaf nodes (typed by k ∈ K), step
nodes VS , and a master node vm. The leaf nodes features are initialized from hi,k, the steps
nodes features are initialized to zero and the master node feature hi,vm by mean pooling
over {hi,k}k∈K. The edge set E is defined as V × V ×R, where R := Ragg ∪Rprog ∪Rfusion

specify the relation type and Nr(v) = {u ∈ V | (u, v, r) ∈ E} be the set of neighbors of v
connected via relation r:

• Ragg = {(k → step) | k ∈ K}: aggregation from leaf nodes to clinical steps.

• Rprog = {(step
next−−→ step), (step

skip−−→ step)}: defines the clinical pathway flow.

• Rfusion = {(step → master)}: final aggregation from steps to the patient master node.
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We employ a three-layer Heterogeneous GNN based on GATv2 (Brody et al., 2022) to
produce the patient-level embedding zi. The layer-wise updates are:

h
(1)
i,v = ReLU

 ∑
r∈Ragg

∑
u∈Nr(v)

GATv2r(hi,u,hi,v)

 , v ∈ VS ,

h
(2)
i,v = ReLU

h
(1)
i,v + LayerNorm

 ∑
r∈Rprog

∑
u∈Nr(v)

GATv2r(h
(1)
i,u ,h

(1)
i,v )

 , v ∈ VS ,

zi = ReLU

hi,vm + LayerNorm

 ∑
r∈Rfusion

∑
u∈Nr(vm)

GATv2r(h
(2)
i,u ,hi,vm)


(4)

Hazard Head. While raw event times lie on a fine-grained discrete timeline, we assume
the hazard function is piecewise constant. We partition the time axis J0, TmaxK into M
disjoint bins [tj−1, tj) and estimate the discrete hazard vector λ̂i ∈ [0, 1]M using a Multi-
Layer Perceptron (MLP) with temperature-scaled sigmoid activation:

λ̂i = σ

(
MLP(zi)

τ

)
(5)

where τ > 0 is a temperature parameter. Each component λ̂i,j represents the conditional
probability of the event occurring in the j-th bin, given survival up to tj−1. We optimize the
model by minimizing L := LNLL + βLX-CAL, where LX-CAL is explicit calibration penalty
(Goldstein et al., 2020). LX-CAL encourages the predicted CDF values to follow a uniform
distribution and so penalize not-well calibrated probabilities by turning the D-Calibration
(Haider et al., 2020) into a differentiable objective. To recover the estimation of the fine-
grained survival function Ŝi(t), we assign the cumulative probability of the corresponding
bin to all time steps within it. The predicted survival time in days, denoted as T̂i ∈ R+, is
then derived via the Restricted Mean Survival Time (Han and Jung, 2022) as follows:

T̂i =

Tmax∑
t=0

Ŝi(t) (6)

4. Dataset

Database. We leverage HANCOCK (Dörrich et al., 2024) to train and evaluate our method.
The multi-modal dataset includes 793 unique patients with three types of modalities: tab-
ular, textual and imaging. Tabular features cover clinical, blood, tissue microarray (TMA)
measurements and pathological data. Textual data consist of history, surgery descriptions
and reports. Imaging data include WSIs of primary tumors and lymph nodes. For each
patient, the time-to-event and censoring indicator are provided. The deceased tumor spe-
cific label is considered at the positive uncensored event. Preprocessing. Textual report
sequences are truncated to 200, 512 and 60 tokens for history, surgery, and description re-
ports, respectively. For WSIs, we use the precomputed UNI embeddings provided with the
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dataset (Chen et al., 2024), and replace missing WSIs with zero vectors. Tabular features
with missing values are imputed with zeros and augmented with binary missing value in-
dicators. All preprocessing steps are applied consistently across all compared methods and
are released with our source code. Protocol. We perform a 5-fold cross-validation. Each
fold is split into a train, validation and test sets following a 70/15/15 rule.
Implementation details. Training runs for 20,000 iterations using AdamW with a cosine
annealing scheduler, a 0.0003 learning rate, a 0.0005 weight decay, and a batch size of 8.

5. Experimental results

5.1. Evaluation results

Method C-index ↑ td-AUC ↑ IBS ↓ MAEH ↓ KMC ↓ D-CAL ↑

Random predictions 0.500±0.001 0.500±0.001 0.265±0.026 550.045±31.780 7.070±1.406 0/5

■ Weibull (Weibull, 1951) 0.630±0.046 0.664±0.065 0.187±0.026 537.848±66.633 0.453±0.106 5/5

■ CoxPH (Cox, 1972) 0.673±0.028 0.703±0.028 0.175±0.022 505.517±55.501 0.835±0.451 5/5

■ RSF (Ishwaran et al., 2008) 0.647±0.023 0.678±0.034 0.178±0.020 529.016±56.860 0.808±0.453 5/5

■ S-GB (Chen et al., 2013) 0.690±0.046 0.736±0.043 0.199±0.029 446.606±49.178 1.263±0.410 1/5

■ S-XGB (Barnwal et al., 2021) 0.665±0.045 0.694±0.052 0.223±0.044 547.653±34.185 1.560±0.812 1/5

■ DeepSurv (Katzman et al., 2018) 0.694±0.019 0.728±0.031 0.181±0.025 490.405±63.531 0.860±0.438 5/5

■ DeepHit (Lee et al., 2018) 0.663±0.021 0.693±0.022 0.225±0.041 579.465±98.572 3.076±2.589 5/5

■ TransDSA (Hu et al., 2021) 0.676±0.030 0.724±0.015 0.180±0.016 505.351±36.563 0.444±0.086 0/5

■ H2DGSurv (ours) 0.726±0.013 0.763±0.024 0.165±0.033 465.082±81.309 0.486±0.102 4/5

Table 1: Prediction performance in survival analysis. Mean and standard deviation are
reported using a 5-fold cross-validation. Random predictions are from a uniform
distribution. Best results are in bold, second best are underlined.
■ Classical Stastical. ■ Traditional Machine Learning. ■ Deep Learning Survival.

Evaluation on Survival Analysis. Table 1 details discrimination, accuracy and cali-
bration metrics. H2DGSurv yields the best performance on the C-index, td-AUC and IBS,
demonstrating an overall improvement of +∆9% in C-index, +∆9% in td-AUC and +∆14%
in IBS. Additionally, our proposed method achieves competitive results when compared to
Deep Learning Survival state-of-the-art baselines (■). Specifically, H2DGSurv shows an
overall improvement of +∆11% in MAEH, and achieves the second best results in KMC.

Evaluation on Event Prediction. We complement standard survival evaluation with
3-year and 5-year mortality prediction, two clinically meaningful endpoints for oncolo-
gists (Dörrich et al., 2024). For a given horizon t, we interpret the model output as a
survival probability p̂i = Ŝi(t) ∈ [0, 1]. Patients censored before t are excluded from the
horizon-based evaluation. Among the remaining cases, individuals who experienced the
event prior to t are assigned positive labels (y = 1), and all others are considered negative
(y = 0). Table 2 reports classification metrics to quantify discrimination performance at
each horizon. For a 3-year survival prediction, H2DGSurv achieves the best results, with an
overall improvement of +∆25% in F1-Score and +∆14% in AUROC. At horizon 5-year, our
proposed model yields the best AUROC, demonstrating an overall improvement of +∆9%,
highlighting H2DGSurv ability to deliver competitively accurate survival predictions.
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Table 2: Evaluation to 3 and 5-year death prediction task, filtered on uncensored patients
at each time horizon. Best results are in bold, second best are underlined.
■ Classical Stastical. ■ Traditional Machine Learning. ■ Deep Learning Survival.

3-year prediction 5-year prediction

Method F1-Score AUROC F1-Score AUROC

Random predictions 0.411±0.038 0.500±0.001 0.591±0.049 0.500±0.001

■ Weibull (Weibull, 1951) 0.402±0.055 0.622±0.064 0.588±0.055 0.648±0.031

■ CoxPH (Cox, 1972) 0.415±0.150 0.724±0.035 0.584±0.033 0.687±0.034

■ RSF (Ishwaran et al., 2008) 0.452±0.084 0.679±0.056 0.613±0.036 0.677±0.020

■ S-GB (Chen et al., 2013) 0.469±0.050 0.698±0.050 0.619±0.043 0.717±0.038

■ S-XGB (Barnwal et al., 2021) 0.385±0.030 0.648±0.050 0.597±0.043 0.657±0.039

■ DeepSurv (Katzman et al., 2018) 0.492±0.085 0.745±0.037 0.626±0.023 0.729±0.032

■ DeepHit (Lee et al., 2018) 0.434±0.089 0.715±0.043 0.634±0.055 0.713±0.043

■ TransDSA (Hu et al., 2021) 0.512±0.047 0.733±0.048 0.656±0.069 0.725±0.032

■ H2DGSurv (ours) 0.554±0.064 0.789±0.047 0.632±0.022 0.758±0.025

5.2. Ablation study

Effect of the aggregation module. To evaluate the effectiveness of our proposed
hierarchical heterogeneous graph representation, we conduct an ablation study in which
H2DGSurv is replaced by several widely used feature aggregation baselines: (i) mean pool-
ing over all modality features, (ii) a Transformer encoder allowing full pairwise feature
interactions via self-attention, (iii) a Graph Convolutional Network applied to a fully con-
nected feature graph, and (iv) a multilayer perceptron operating on the concatenation of all
features. All models share the same survival prediction head and hyperparameters to ensure
a fair comparison. As reported in Table 3, H2DGSurv improves C-index by +∆8% over the
graph convolution baseline, and +∆13% over the transformer encoder baseline. This sug-
gests that explicitly modeling hierarchical structure and heterogeneity provides substantial
benefits over fully connected or structure-agnostic aggregation strategies.

Survival Analysis 3-year prediction

Module C-index ↑ IBS ↓ KMC ↓ F1-Score ↑ AUROC ↑

Mean pooling 0.568±0.084 0.210±0.031 0.521±0.139 0.362±0.042 0.594±0.117

Transformer Encoder 0.633±0.053 0.211±0.039 0.732±0.269 0.428±0.080 0.711±0.080

GraphConv 0.667±0.020 0.238±0.037 1.136±0.265 0.449±0.095 0.724±0.038

Multilayer Perceptron 0.672±0.063 0.212±0.022 0.643±0.147 0.522±0.023 0.755±0.040

H2DGSurv (ours) 0.726±0.013 0.165±0.033 0.486±0.102 0.554±0.064 0.789±0.047

Table 3: Ablation study on feature aggregation strategies. We compare our hierarchical
directed heterogeneous graph (H2DG) with commonly used aggregation modules.
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Table 4: Leave-one-out ablation on the clinical steps, hierarchical levels, and heterogeneity.
For each section, worst results are in bold, and second-worst are underlined to
mark which component have the largest performance contribution.

Survival Analysis 3-year prediction

Module C-index ↑ IBS ↓ KMC ↓ F1-Score ↑ AUROC ↑

H2DGSurv (ours) 0.726±0.013 0.165±0.033 0.486±0.102 0.554±0.064 0.789±0.047

(1.a) without step 1 0.553±0.033 0.232±0.049 1.023±0.875 0.408±0.069 0.588±0.049

(1.b) without step 2 0.699±0.032 0.194±0.027 0.618±0.195 0.497±0.067 0.747±0.059

(1.c) without step 3 0.661±0.060 0.198±0.036 0.586±0.296 0.419±0.124 0.725±0.023

(1.d) without step 4 0.700±0.029 0.199±0.022 0.609±0.149 0.460±0.057 0.756±0.049

(2.a) without level 2 0.711±0.013 0.204±0.061 0.733±0.485 0.544±0.043 0.783±0.038

(2.b) without level 3 0.696±0.044 0.190±0.031 0.595±0.197 0.491±0.013 0.749±0.061

(3) without heterogeneity 0.512±0.027 0.199±0.029 0.531±0.222 0.411±0.038 0.500±0.001

Effect of clinical steps (1.a) → (1.d). We validate the effectiveness of each clinical
step by excluding the corresponding nodes from H2DGSurv. Table 4 presents a comparison
of key survival analysis and 3-year prediction metrics in our H2DGSurv framework with
and without each clinical step. The largest drop in performance comes from removing
step 1, which includes blood and clinical data at initial cancer diagnosis, yielding a -∆24%
drop in C-index. The second largest drop is observed by removing step 3, associated with
indication reports preceding surgery, which leads to a -∆9% decline. Removing Steps 2 and
4 similarly reduces performance, though to a lesser extent. These results indicate that each
stage provides complementary prognostic information, with early clinical and laboratory
data forming the most critical component for accurate survival prediction.
Effect of hierarchical levels (2.a) & (2.b). Table 4 further evaluates the contribution of
each hierarchical level by removing the nodes associated with that level. A large performance
decrease occurs when removing level 3, corresponding to modality-specific leaf nodes, which
results in a -∆4% drop in C-index. Incorporating all hierarchical levels jointly yields the
best performance, indicating that the model benefits from integrating fine-grained modality
information, step-level clinical context, and patient-level global representations.
Effect of heterogeneity (3). Disabling heterogeneous node and edge types leads to a
significant drop across all metrics. This suggests that modeling modality-specific semantics,
via heterogeneous message passing, is essential for effective cross-modal feature aggregation.
Effect of the number of bins. Figure 2 shows that M = 100 bins yields the best overall
combination of discrimination and calibration. Both coarser and finer discretizations lead
to performance drops on most metrics illustrating a bias–variance trade-off.

5.3. Qualitative results

Figure 3 provides examples of two predictions with the predicted survival curves alongside
the observed time-to-event. Example 1 represents a case where the event occurred within
three years post-diagnosis, while Example 2 corresponds to an event time exceeding three
years, highlighting H2DGSurv ability to make accurate predictions from multimodal inputs.
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Figure 2: Effect of the number of bins M ∈ {10, 50, 100, 500, 1000} from the hazard head.

a) C-index b) td-AUC c) IBS d) KM Calibration
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Figure 3: Examples of patient-level survival predictions and survival curves. Example 1
(left) corresponds to a patient who experienced an event within 3 years of diag-
nosis, whereas Example 2 (right) illustrates a patient whose event occurred after
3 years. Given the large number of input modalities, only a randomly selected
subset of covariates is visualized for clarity.

6. Conclusion and Discussion

We present H2DGSurv, a hierarchical directed heterogeneous graph framework for sur-
vival analysis in head and neck cancer. Experiments show that our approach demonstrate
state-of-the-art performance in survival prediction from multimodal data. Ablation studies
highlight the impact of hierarchical levels, clinical steps and heterogeneity graph modeling.
Limitations and Future work. Due to the limited number of monocentric retrospec-
tive publicly available datasets for head and neck cancer (Dörrich et al., 2024), our study
is limited to a single institution dataset. Future work includes extending our adaptable
framework to other modalities for broader medical applicability.
Acknowledgments. We acknowledge contributors from HANCOCK (Dörrich et al., 2024).
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