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Abstract

Accurate survival prediction in head and neck
squamous cell carcinoma (HNSCC) is criti-
cal for guiding treatment stratification but
remains difficult due to small cohort sizes
and the suboptimal integration of multimodal
medical data. In particular, imaging fea-
tures are high-dimensional, while clinical co-
variates are low-dimensional, making effective
multimodal fusion non-trivial. To address
these limitations, we propose to leverage pre-
trained modality-specific medical image foun-
dation models (FMs), including those for CT
and PET, to improve image representation
learning under small-sample constraints. These
models can augment a multimodal fusion base-
line to enhance the structured fusion of imaging
and clinical features. Specifically, FM-derived
embeddings are passed through compact linear
projection heads and fused by direct concate-
nation immediately before the survival predic-
tion head. We systematically study the pro-
jection dimensionality and modality composi-
tion (CT-only, PET-only, CT+PET) and eval-
uate the performance using the average concor-
dance index (C-index) and time-dependent AU-
ROC under five-fold cross-validation. Prelim-
inary results demonstrate that image embed-
dings extracted from pretrained medical foun-
dation models consistently improve C-index
and time-dependent AUROC, and reduce their
fold-to-fold variance, with the CT+PET setting
providing the most robust gains. These find-
ings suggest that FM-based multimodal sur-
vival models can enhance risk stratification
and ultimately support personalized treatment
adaptation in HNSCC.
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Data and Code Availability We use the HECK-
TOR 2022 public training split (524 PET/CT
cases from 7 centers)! with co-registered PET/CT,
tumor masks in the CT frame, recurrence-free
survival (days), and 9 clinical covariates; eval-
uation follows the challenge protocol (C-index)
and our additional metric (time-dependent AU-
ROC)(Andrearczyk et al., 2023). The code will be
released to GitHub? soon.

Institutional Review Board (IRB) IRB is not
required for this work since we only use public data
and models for the study.

1. Introduction

Head and neck squamous cell carcinoma (HNSCC)
outcome prediction is clinically important yet diffi-
cult due to some restrictions such as small dataset size
and the challenge of multimodal data fusion (Li et al.,
2024). Prior end-to-end imaging pipelines can de-
grade under label scarcity, modality imbalance, and
variability of data acquisition, which limits their reli-
ability in realistic applications (Adeoye et al., 2023).
Foundation models (FMs) offer a potential alterna-
tive: large-scale pretraining produces transferable vi-
sual representations that can be reused without task-
specific fine-tuning, potentially improving stability
under limited and noisy data (Moor et al., 2023). Re-
cent FM studies also report improved cross-site gener-

1. https://hecktor.grand-challenge.org/
2. https://github.com/ZZHT666/DeepMTS-FM
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alization and robustness to scanner variation in small
dataset (Pai et al., 2024, 2025; Zhang et al., 2025).

Motivated by these ideas, we study an integration
of modality-specific FMs into a strong recurrence-free
survival prediction baseline. Concretely, we adopt
a DeepMTS-style architecture for HNSCC survival
prediction—i.e., a PET/CT segmentation backbone
whose tumor probability map is thresholded and used
to gate a cascaded survival network (CSN)—and
equip it with a DAFT block, a dynamic affine feature-
map transform that predicts channel-wise scale/shift
from the clinical vector to modulate the last CSN fea-
tures for image—tabular fusion (Pdlsterl et al., 2021);
modality-specific encoders (CT-FM, PET-FM) are
kept frozen to extract fixed embeddings without any
fine-tuning, which are passed through compact lin-
ear projection heads and late-fused by direct con-
catenation immediately upstream of the survival head
(Meng et al., 2021).

We evaluate this design with five-fold cross-
validation and assess performance using the aver-
age validation concordance index (C-index) and 1-
year time-dependent AUROC among all five folds.
In order to better understand how the FM embed-
dings influence survival prediction, we conduct an
ablation study examining (i) projection dimension-
ality and (ii) modality composition (CT-only, PET-
only, CT+PET). Beyond accuracy, the frozen-FM
late-concatenation setup reduces trainable parame-
ters and overfitting risk in low-data regimes. This
strategy not only benchmarks FM utility under sur-
vival endpoints but also propose a lightweight way for
incorporating stronger pretrained encoders as they
emerge, enabling a more scalable and generalizable
translation into clinical applications.

Compared with recent HNSCC outcome mod-
els, our contribution is a plug-and-play use of
modality-specific frozen CT/PET FMs on a strong
DeepMTS+DAFT survival baseline, yielding con-
sistent gains with far fewer trainable parameters
and lower fold-to-fold variance. For example, Ma
et al. propose TransRP and show that PET/CT
transformer features with clinical covariates im-
prove multi-outcome prediction in OPSCC, but their
pipeline is end-to-end and not FM-centric (Ma et al.,
2024). Tian et al. develop a large-scale multimodal
model (CT+WSI+clinical) with external validation
for HNSCC prognosis/RT response, again using end-
to-end learned features rather than frozen modality-
specific FMs (Tian et al., 2025). Wang et al. inte-
grate image and clinical text using cross-attention

for survival analysis in HNC, showing the value of
multimodal fusion but not leveraging medical FMs
for CT/PET (Wang et al., 2024). Meneghetti et al.
study FM-based multiple-instance learning primar-
ily on histopathology (WSI) for HNSCC outcomes
(Meneghetti et al., 2025); in contrast, we systemati-
cally map projection size and modality composition
for radiology CT/PET FMs and quantify the stabil-
ity benefits under small-sample regimes.

2. Method
2.1. Baseline Model

DeepMTS. We adopt DeepMTS as the survival
baseline due to its hybrid multi-task design that
jointly learns tumor segmentation and survival risk
from 3D PET/CT. Concretely, a segmentation back-
bone (3D U-Net style with residual blocks and skip
connections) acts as a hard-sharing encoder to fo-
cus feature extraction around primary tumors. The
Cascaded Survival Network (CSN; a modified 3D
DenseNet) receives PET/CT together with the pre-
dicted tumor probability map to capture prognostic
context around the tumor. Deep features from the
hard-sharing path and from the CSN are globally
averaged and passed to fully-connected layers (with
Cox partial log-likelihood for survival and Dice for
segmentation), concatenated with clinical covariates,
following the original formulation. This architecture
balances local tumor cues and global context and is a
strong baseline for PET/CT survival modeling (Meng
et al., 2021).

DAFT block and integration. To condition im-
age features on tabular clinical information for better
data fusion, we employ the Dynamic Affine Feature
Map Transform (DAFT). DAFT takes a high-level
convolutional feature tensor and a clinical covariate
vector, and learns per-channel scale/shift («, 8) via a
lightweight auxiliary MLP. The MLP pools the fea-
ture maps, concatenates the clinical inputs, and pro-
duces an affine modulation F! = a.F, + B.. Here,
F € ROXHXWXD jg the feature tensor, ¢ € {1,...,C}
indexes channels, and F, is the c-th channel map;
a., B are scalars applied per channel and broadcast
over spatial dimensions.

We insert a single DAFT module inside DeepMTS’s
CSN, placed after the last Dense block and before the
global average pooling (GAP). This location allows
DAFT to modulate the most semantic CSN represen-
tations using clinical context. The GAP-pooled CSN
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vector is then concatenated with the segmentation-
backbone vector (and, optionally, clinical inputs) be-
fore being fed to the survival head. This plug-in pre-
serves the original training scheme of DeepMT'S while
providing a principled image—tabular interaction with
minimal parameters (Polsterl et al., 2021).

2.2. Foundation Model

CT foundation model (CT-FM). We use the
public CT-FM encoder (Pai et al., 2025) (SegRes-
style 3D residual backbone) strictly in frozen
mode. FEach CT is preprocessed with intensities
in Hounsfield units clipped to [—1000,2000] and
min-max normalized to [0,1]. A single forward pass
yields a high-level volumetric feature map, which
we global-average-pool over (D', H',W') to obtain
a fixed 512-D CT embedding. This vector is then
passed through a linear projection and concatenated
immediately before the survival head.

PET foundation model (PET-FM). For PET,
we adopt the SegAnyPET image encoder (Zhang
et al, 2025) as a frozen 3D ViT: a 16% convo-
lutional patch embed followed by multi-head self-
attention blocks. PET volumes are percentile-clipped
(0.5-99.5) and min—-max normalized to [0,1], then
padded/cropped to 128x128x128. The encoder out-
puts a token sequence [N xC]; mean-token pooling
gives a global PET embedding (C = 768), which
we linearly project and concatenate with the CT-FM
projection upstream of the survival head.

The whole network structure of the model can be
viewed in Figure 1. In this figure, the detailed im-
plementation of CSN, segmentation backbone and
DAFT block is omitted. Please follow the work of
DeepMTS (Meng et al., 2021) and DAFT (Polsterl
et al., 2021) for more details.

3. Experiments and Results
3.1. Data Processing

We apply a concise, center-aligned pipeline to stan-
dardize PET/CT and masks:

e Spacing normalization. Resample CT, PET,
and mask to a common voxel size of 1x1x3mm
(linear interpolation for CT/PET; nearest-
neighbor for masks).
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Figure 1: Network structure of the overall model.

e Global crop sizing. On the resampled masks,
compute each case’s tumor bounding box around
the mask centroid. Aggregate per-axis maxima
across all cases to obtain a global minimal crop size
G. This crop size ensures that all tumor area are
included after cropping without losing important
information.

e Center-aligned cropping. For each case, align
the output grid to the case-specific center, then
extract a centered crop of size G. Apply constant
padding when needed (image volumes padded with
the per-volume minimum intensity; masks with 0).
Image direction/origin are preserved.

e Task-specific resizing. From the centered
crop, resize (size-only resampling; linear for
CT/PET, nearest-neighbor for masks) to certain
sizes: 80x80x48 for DeepMTS input, 128 x128x48
for CT-FM input and 128x128%x128 for PET-FM
input.

3.2. Experimental Setup

We use patient-level 5-fold stratified cross-validation
(stratified by event indicator and Recurrence-Free
Survival (RFS) quartiles). The objective function is
L = Lgice +2 Lcox, and the primary metric is C-index
and 1-year time-dependent AUROC on the validation
split. Optimization uses Adam (Ir 10~3) with 5-epoch
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warm-up and step decay (x0.3 every 25 epochs) for
at most 100 epochs. Regularization includes Expo-
nential Moving Average (EMA; 7=0.999) applied at
evaluation to stabilize the training curve (Morales-
Brotons et al., 2024). Within each fold we select the
checkpoint with the highest validation C-index and
highest 1-year time-dependent AUROC, the we re-
port mean+SD across folds.

3.3. Projection Dimensionality

We evaluate projecting the frozen FM embeddings
with a single linear head to lengths d € {64, 128,256}
and compare against each FM’s original size (CT:
512; PET: 768). Figure 2 shows 5-fold mean+SD
C-index and Figure 3 shows 5-fold mean+SD 1-year
AUROC .

CT-FM. For C-index, compressing CT feature
to:  d=64/128/256 obtain 0.599/0.647/0.621 (SD
0.066/0.047/0.158), while the original 512-d achieves
0.715+0.075. This suggests that CT encodes prog-
nostic detail that is lost under aggressive bottlenecks.
For 1-year AUROC, the native 512-d CT likewise per-
forms best at 0.710+0.083, while aggressive bottle-
necks underperform, mirroring the C-index pattern.

PET-FM. We can observe from C-index met-
ric that PET benefits from a moderate projec-
tion: d=128 reaches 0.736+0.060, surpassing both
d=64/256 (0.685/0.694) and the original 768-d
(0.700£0.058). The gain with d=128 is consistent
with projection acting as a regularizer that attenu-
ates PET noise/heterogeneity. The 1-year AUROC
shows the same preference for a mid-sized bottle-
neck: d=128 attains 0.7124+0.100, exceeding both
smaller/larger d and the native 768-d, consistent with
the C-index trend.

CT-FM+PET-FM. In C-index metric, late con-
catenation is strongest with a mid-sized bottle-
neck: d=256 yields 0.743+0.067, outperforming
d=64/128 (0.735/0.712) and the original variant
(0.691). Larger d improves complementarity without
overfitting, whereas using original dimension appears
over-parameterized for our dataset size. Across all
settings, the ablation confirms that projection helps
PET and multimodal fusion but not CT alone. Con-
sistently on 1-year AUROC, the late-fused d=256
variant achieves 0.744+0.094, aligning with the C-
index winner.

wem CT-FM  mes PET-FM  mmm CT+PET

0.694 0743

0.736 0.712

C-index (5-fold mean + SD)

128 256
Projection dimension d

Figure 2: Projection dimension ablation. Grouped
bars show 5-fold mean+SD C-index across
d € {64,128,256, Orig} for CT-FM, PET-
FM, and late-fused CT4+PET. The dashed
line/band denote the baseline mean and
+SD.

wew CT-FM  mew PETFM  mmm CT+PET

0.720 0.691
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0.8 0.676 0.695

0.625

1-year AUROC (5-fold mean + SD)

Projection dimension d

Figure 3: Projection dimension ablation. Grouped
bars show 5-fold mean+SD 1-year AUROC
across d € {64, 128,256, Orig} for CT-FM,
PET-FM, and late-fused CT+PET. The
dashed line/band denote the baseline mean
and £SD.
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Table 1: Overall comparison across two metrics (5-fold). Best projection per configuration is used (CT:

d=512; PET: d=128; CT+PET: d=256).

Method C-index 1 1-year AUROC 1
mean+SD A vs. Base mean+SD A vs. Base

DeepMTS+DAFT (baseline) 0.616 £ 0.082 - 0.671 £0.158 -

+ CT-FM (d=512) 0.715+0.075 +0.099 0.710 + 0.083 +0.039

+ PET-FM (d=128) 0.736 + 0.060 +0.120 0.712 + 0.100 +0.041

+ CTH+PET (d=256) 0.743 £+ 0.067 +0.127 0.744 4+ 0.094 +0.073

3.4. Overall Comparison

Using the best d per configuration (Table 1),
every FM-augmented model improves upon the
DeepMTS+DAFT baseline (0.616+0.082). CT-FM
(512-d) already delivers a sizable gain (+0.099)
with reduced variance (0.075). PET-FM at d=128
further improves (+0.120; SD 0.060), indicating
that frozen PET embeddings provide noise-tolerant
signal once modestly regularized. The late-fused
CT+PET at d=256 attains the best overall C-index
(0.743+0.067, 4+0.127), and the lowest variance
among multimodal variants. Because encoders are
frozen, training cost and hyperparameter footprint
remain minimal—the only added learnables are the
lightweight projection layers (when used) and the sur-
vival head—while robustness improves under hetero-
geneous PET/CT quality. On l-year AUROC, the
ordering is the same (CT+PET d=256 > PET d=128
> CT 512-d > baseline), corroborating the C-index
ranking.

4. Conclusion and Discussion

Conclusion. We introduced a plug-and-play way
to strengthen HNSCC survival prediction by injecting
frozen PET/CT foundation-model (FM) embeddings
into a DeepMTS+DAFT baseline (Meng et al., 2021;
Polsterl et al., 2021). With simple linear projections
and late concatenation, all FM variants improved
or matched the baseline while reducing fold-to-fold
variance. PET-FM delivered a larger standalone im-
provements than CT-FM, and the best, most stable
performance was obtained when fusing PET and CT
features together (Pai et al., 2025; Zhang et al., 2025).
This indicates that foundation model have the abil-

ity to improve the average model performance while
increasing robustness.

Discussion. Following these results, we explore
possible explanations for why PET-FM features out-
perform CT-FM features. One possible explanation
is that the amount of information carried varies be-
tween modalities. PET carries metabolic signal that
is directly related to tumor activity and outcome,
while CT mainly encodes morphology. This view
is supported by a head-to-head radiomics compari-
son in HNSCC showing that PET-derived features—
particularly intensity /heterogeneity descriptors of in-
tratumoral metabolism—provide more stable and
generalizable prediction of local tumor control than
CT-derived features; CT models often lost discrim-
ination and tended to be optimistic on validation,
whereas PET models retained performance (Bogow-
icz et al., 2017). After resampling, interpolation,
and normalization, high-frequency CT textures are
weakened; in our ablation study, projecting to d=256
regularizes CT-FM more than PET-FM, which is
consistent with CT having less diagnostic informa-
tion and ability. Finally, other factors, such as
train—validation split and preprocessing methods may
also affect the quality of the extracted CT features.

Future work. We will probe three axes—models,
data, and evaluation. On the model side, we plan
to swap in diverse CT/PET foundation backbones
and vary insertion points (with light fine-tuning), and
to compare fusion schemes beyond late concatena-
tion, including gated addition, cross-attention, and
DAFT-conditioned adapters at different CSN depths.
On the data side, we aim to enlarge the cohort and
test robustness with center/site-stratified and leave-
one-site-out splits, as well as controlled noise/blur
and slice-thickness perturbations. Finally, we will
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broaden evaluation to integrated Brier score, calibra-
tion, and decision-curve analysis to better assess clin-
ical utility.
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Appendix A. Dataset and Processing
Details

This appendix will indicates more details of the
dataset and how we do the data processing.

Clinical variables and labels. HECKTOR’22
provides nine covariates used for conditioning: age,
gender, weight, tobacco, alcohol, performance status,
HPV status, chemotherapy and surgery. We stan-
dardize continuous variables within each training fold
(z-score) and one-hot encode categorical ones; miss-
ing entries default to fold medians. Survival labels
are recurrence-free time (days) with censoring flags,
following the challenge protocol (C-index evaluation).

Details beyond the main pipeline. When de-
termining the global minimal crop G, we enforce
even side lengths per axis to keep the crop center
voxel-aligned across all cases. The tumor center is
computed from the mask centroid on the native grid
with a fallback to the bounding-box center; after
initial resampling to 1x1x3 mm, we refine the cen-
ter on the resampled mask before extracting the G-
sized, center-aligned crop. For FM inputs, we ap-
ply modality-specific intensity normalization that is
not used elsewhere in the paper: CT volumes are

(¢) Mask

Figure 4: One representative case. Each panel shows before (left) and after (right). Standardizing to
1x1x3mm and a global tumor-centered crop preserves full tumor coverage, focuses the field of
view on lesion context, and reduces input size for faster training/inference.
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HU-clipped to [-1000, 2000] then min-max scaled to
[0,1]; PET volumes use per-volume percentile clip-
ping (0.5-99.5) followed by min—max scaling. A GPU
path mirrors SimpleI TK resampling via grid_sample
(aligning output origins to the physical tumor cen-
ter), which preserves geometry while reducing wall-
clock time. This design preserves tumor coverage, fo-
cuses the field-of-view on disease, and reduces mem-
ory/compute.

Figure 3 shows the comparison a slice of CT, PET,
and mask before and after processing for one of the
patients.

Appendix B. Training Detalils

Below is the detailed settings and hyperparameters
of the training.

Setting Value

Cross-validation 5-fold stratified

Input volume size 80x80x48

Loss LDice +2 LCox

Optimizer Adam

Learning rate 1x1073; 5-epoch warm-up

LR schedule Step decay x0.3/25 epochs
Epochs 100 epochs

Training Steps 50 steps

Validation Steps 8 steps

Batch sizes Train 8; Val/Test 16

EMA Decay 0.999

Weight decay Classifier 0.1; DenseNet 1x10~*
Early stopping Patience 40 on validation C-index
Checkpoint Best validation C-index

Seed 42
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