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Abstract

Automated radiological report generation has the potential to reduce reporting time and
inter-observer variability. In this work, we propose SGRNet (Spatially Guided Radiology
Network), a framework for generating structured radiology reports from contrast-enhanced
CT (CECT) images of head and neck cancers. Using a clinically informed template de-
signed to capture the anatomical complexity of this region, we reformulate free-text report
generation as a multi-label classification problem, where the input is a CECT scan and
the output is a binary label for each organ and sub-organ, indicating whether the tumor is
involved. To enable effective tumor localization, we incorporate two complementary spatial
priors: (1) automated organ segmentation and (2) weakly supervised tumor localization via
Gaussian heatmaps. The integration of these priors substantially improves the prediction
of tumor involvement, particularly in small and anatomically complex structures. We eval-
uate our method on a newly curated dataset of 184 paired CECT scans and corresponding
reports, demonstrating that spatially guided learning significantly enhances performance.
Our approach achieves a mean Average Precision (mAP) of 0.60, representing an 8.8%
relative improvement over the strongest CECT-only baseline. These results highlight the
potential of Al-assisted structured reporting to enable faster, more consistent, and clini-
cally actionable assessment of head and neck cancer. The code and dataset will be made
publicly available.

Keywords: Head and neck cancer, contrast-enhanced CT, structured radiology reports,
weak supervision, Gaussian heatmaps, organ segmentation, 3D deep learning

1. Introduction

Advances in medical imaging have revolutionized oncology, enabling earlier detection, more
precise staging, and enhanced treatment planning. However, the full clinical value of these
images depends on radiological reports, which translate complex visual information into
structured clinical knowledge. Despite improvements in imaging technology, radiological
reporting remains predominantly manual, requiring substantial time and cognitive effort
from radiologists. This gap between imaging capability and reporting capacity creates a
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critical bottleneck in clinical workflows, motivating the development of automated solutions
for radiology report generation.

This challenge is particularly pronounced in head and neck cancer, one of the most
anatomically complex disease sites in oncology. Head and neck cancer represents a signif-
icant global health burden, with 890,000 new cases and 450,000 deaths annually ((IARC),
2022). Accurate assessment requires careful evaluation of multiple anatomical subsites, in-
cluding mucosal surfaces, deep fascial spaces, and regional lymph nodes, all of which are
tightly packed. Radiological examinations of head and neck cancer are among the most
detailed, often taking an average of 24 minutes per scan (MacDonald et al., 2013), imposing
a substantial workload on clinicians. These challenges make head and neck cancer an ideal
target for automated report generation.

Multiple imaging modalities support the diagnosis and treatment planning of head and
neck cancer. PET/CT and hybrid MRI/PET scans provide complementary metabolic
and soft-tissue information, enabling the reliable localization of tumors. However, these
modalities are costly, time-intensive, and not universally available. In contrast, contrast-
enhanced computed tomography (CECT) is widely accessible and routinely acquired in clin-
ical practice. Yet, because CECT lacks direct metabolic information, tumour localisation
depends on radiologists manually identifying subtle tissue changes, a process prone to inter-
observer variability. Appendix A illustrates the differences between PET/CT, MRI/PET,
and CECT, highlighting how PET guidance enables precise localisation, whereas tumour
boundaries in CECT are visually subtle. This motivates the development of automated
methods capable of accurately interpreting CECT scans.

Automated radiology report generation has seen significant progress in anatomically sim-
pler domains. Most prior work focuses on 2D chest X-rays, leveraging large public datasets
such as CheXpert (Irvin et al., 2019) to generate reports. For 3D CT scans, datasets such as
CT-RATE (Hamamci et al., 2024b) exist, but they primarily cover less complex anatomical
regions. Models trained on these datasets often fail to generalize to head and neck cancer
due to small organ sizes, complex spatial relationships, and subtle tissue contrasts. Public
datasets for head and neck cancer are limited. Awvailable collections primarily consist of
PET/CT or PET/MRI scans, which provide rich anatomical and metabolic information
but often lack corresponding radiological reports, essential for supervised learning. Some
datasets include tumour segmentations, but voxel-level annotations alone are insufficient
for learning clinically meaningful textual descriptions. Obtaining accurate segmentations is
labor-intensive and costly, requiring expert radiologists and limiting the scalability of the
dataset.

To address the lack of publicly available CECT head and neck datasets paired with
radiological reports, we curated a dataset of 184 head and neck cancer CECT scans, each
accompanied by reports authored by a radiologist. To make these reports suitable for
automated learning, we converted the free-text reports into a structured format using a
clinically validated schema (Gupta et al., 2025). This conversion ensures consistency across
reports, enhances clinical interpretability, and produces anatomically grounded labels cap-
turing organ- and sub-organ tumor involvement. Given that our dataset is still relatively
small to support full free-text report generation, this approach also simplifies the problem
by framing it as a multi-label classification task, making it more tractable for automated
learning. Learning accurate tumour representations from CECT remains challenging due
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to low contrast, variable tumour size, and complex anatomy. To address these challenges,
we propose SGRNet, a spatially guided learning framework that incorporates two comple-
mentary priors: automated organ-level segmentation masks and weakly supervised tumor
localization maps modeled as Gaussian heatmaps. Gaussian heatmaps are used because
obtaining voxel-level segmentations is labor-intensive and difficult to scale. These priors
are integrated through a spatial feature modulation mechanism, guiding the model to focus
on anatomically relevant regions during multi-label prediction. Finally, the predicted multi-
label outputs are mapped back into the structured schema to generate complete structured
reports. Using our approach, we achieve an 8.8% improvement in mean average precision
compared to the best baseline model, demonstrating the effectiveness of our method in
handling the visual complexity of CECT scans and the scarcity of structured annotated
data.

2. Related Work

Previous works in the area of radiological report generation have primarily focused on 2D
imaging, particularly chest X-rays, due to the availability of large paired image—text datasets
such as MIMIC-CXR (Johnson et al., 2019) (370,000+ radiographs), CheXpert (Irvin et al.,
2019) (224,000+ studies), and PadChest (Bustos et al., 2020) (160,000+ annotated images).
These datasets have enabled increasingly sophisticated image—text models, leading to both
free-text generation (Yuan et al., 2019) and structured prediction (Wu et al., 2024).
Despite their success, these approaches are limited to 2D data and do not directly extend
to volumetric 3D modalities such as CT or MRI, which are essential for capturing the
complex, 3D anatomical structures inherent to head and neck cancer.

Recent studies have begun to tackle automatic report generation for 3D imaging, driven
largely by the release of datasets like CT-RATE (Hamamci et al., 2024b), which con-
tains 25,692 non-contrast CT scans paired with free-text reports, predominantly of tho-
racic anatomy. Leveraging this dataset, (Hamamci et al., 2024a) introduced CT2Rep,
using a spatial encoder and transformer-based decoder, while (Chen et al., 2024) proposed
a ViT-based 3D encoder coupled with a transformer decoder. Although these methods
demonstrate the feasibility of 3D report generation, they focus mainly on chest CT and do
not address the anatomical complexity or reporting requirements of head and neck imaging.

For head and neck cancer specifically, publicly available datasets are more limited. Most
existing resources, particularly those on TCIA (Clark, Kenneth and Vendt, 2013), are based
on PET/CT. While PET/CT is effective for tumor localization, it requires radioactive trac-
ers, making the procedure costly and time-consuming. For instance, a recent multicenter
dataset by (Saeed and Hassan, 2025) comprises 1,123 PET /CT studies with expert segmen-
tations of primary tumors (GTVp) and involved lymph nodes (GTVn), along with clinical
metadata such as TNM staging and HPV status. While these datasets are invaluable for
segmentation and outcome prediction, they do not include contrast-enhanced CT (CECT)
imaging paired with radiology reports, thereby limiting research on automated report gen-
eration from the more accessible CECT modality. Similarly, while (Walter et al., 2024)
trained a nn-UNet model to segment 71 H&N structures, the resulting segmentations serve
only as anatomical priors in our work, and the study (Walter et al., 2024) focuses purely
on segmentation rather than the multi-label structured report generation task.
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Weak supervision has emerged as a promising approach to alleviate the annotation bur-
den in medical imaging. Techniques using point annotations, Gaussian blobs, and heatmaps
have improved segmentation performance with minimal manual effort. For instance, (Roth
et al., 2021) converted extreme points on object boundaries into Gaussian blobs to guide 3D
medical segmentation, (Qu et al., 2020) expanded sparse point annotations in histopathol-
ogy into Gaussian masks, and (Zhong et al., 2024) used radiologists’ gaze points to generate
heatmaps as spatial priors. To our knowledge, the integration of Gaussian heatmaps as a
spatial prior for tumor localization has not been applied to the automatic generation of
structured radiological reports, representing an opportunity to improve CECT-based head
and neck workflows.

3. Dataset

We present a multicentric dataset of 184 contrast-enhanced CT (CECT) scans of patients
with head and neck cancer. This cohort was curated from two sources: 49 scans from the
publicly available ACRIN-HNSCC study (Kinahan et al., 2019) and 135 scans collected at
the All India Institute of Medical Sciences (AIIMS), New Delhi. Data curation involved
filtering the original 260 ACRIN-HNSCC patients to select usable CECT series and assess
scan quality. All data samples were fully de-identified prior to use to ensure patient privacy
and compliance with ethical standards. The dataset exhibits substantial heterogeneity in
acquisition protocols, reflecting real-world clinical variability across the two centers. Tumors
span common head and neck sub-sites, including the supraglottis, transglottis, nasopharynx,
and oropharynx, ensuring broad clinical relevance. Scans were acquired on multiple devices,
including SIEMENS SOMATOM Definition AS, GE MEDICAL SYSTEMS BrightSpeed,
and Philips Brilliance 16, with tube voltages (kVp) ranging from 100 to 120. Slice thickness
varied between 0.5mm and 1.5mm. We summarize the core imaging parameters in Table 3.

The annotation process was two-fold to achieve a fully structured dataset. Scans from
the AIIMS dataset (N = 135) were initially paired with their corresponding original free-
text radiology reports (average length, 275 words). For the ACRIN-HNSCC scans (N =
49), which lacked corresponding reports, our expert radiologist generated new structured
reports using the standardized template to ensure consistency across the entire dataset. The
ATIMS free-text reports were subsequently converted into this same structured format via
the procedure detailed in (Gupta et al., 2025). Furthermore, a crucial subset of the AIIMS
cohort (N = 39) was separately annotated with weak bounding-box cuboids centered on
the primary tumor; these were used exclusively to train our weak tumor localization prior
(Section 4.3.2) and were excluded from the main classification training to prevent data
leakage. The resulting core modeling dataset, comprising 145 scans (184 total, minus the
39 scans reserved for weak supervision), was used for all training and validation purposes. It
was split via stratified five-fold cross-validation to ensure balanced representation of tumor
sub-sites.

4. Method

To address the problem of radiological report generation for head and neck cancers, we first
reformulate the task as a structured report generation problem. Rather than producing
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lengthy free-text descriptions, we utilize a standardized template that organizes findings
into predefined fields corresponding to clinically relevant organs and their respective sub-
organs. This reformulation converts the task into a multi-label classification problem, where
the objective is to predict, for each anatomical structure, whether it is involved or affected
by the tumor. We begin by establishing baseline models for this structured prediction
task using only the raw CECT volumes as input. We then seek to improve upon these
baselines by incorporating spatial priors derived from anatomical and tumor localization.
Specifically, we propose SGRNet (detailed in Section 4.3) that integrates these two priors,
organ segmentation maps, and weakly supervised Gaussian tumor heatmaps, allowing the
model to focus explicitly on clinically relevant anatomical regions and achieve substantial
improvements in prediction.

4.1. Conversion of Free-Text Radiological Reports to Structured Reports

Free-text radiological reports are converted into structured labels using the prompting strat-
egy of (Gupta et al., 2025), where GPT-4 is guided to populate a predefined hierarchical
template. A two-step prompting process is used to generate and refine reports, with unsup-
ported fields marked as “Missing”. All structured reports are reviewed by expert radiolo-
gists and used as ground-truth labels. This process reformulates the task as a multi-label
classification problem over anatomical structures.

4.2. Baselines

We evaluate two standard 3D convolutional baselines: DenseNet121 (Huang et al., 2017) and
EfficientNet-B0O (Tan and Le, 2019), implemented in MONAI (Cardoso et al., 2022). Both
models operate on preprocessed CECT volumes and use global average pooling followed by
a sigmoid-based multi-label classification head.

We also evaluate CT-FM (Pai et al., 2025), a foundation model that generates global
CT volume embeddings, which are then adapted using a lightweight multilayer perceptron
and a sigmoid classification head. All baselines use only CECT volumes as input, without
organ segmentation masks or Gaussian tumour priors, enabling fair comparison with our
proposed method.

4.3. Overview of SGRNet

We propose SGRNet (Spatially Guided Radiology Network), a multi-branch 3D architec-
ture that integrates anatomical and tumor-related spatial priors to guide the generation of
structured reports from contrast-enhanced CT (CECT) scans. The model takes as input
the raw CECT volume, which is used to generate automated organ segmentation masks
via a pre-trained nn-UNet model, as well as Gaussian heatmaps providing weak tumour
localisation. Each input is encoded through a dedicated 3D encoder to produce latent fea-
ture maps. The organ and tumour features are combined to generate a spatial modulation
map, acting as a soft gating mechanism on the CECT features and emphasising regions
consistent with anatomical and pathological priors. The modulated CECT features are
then fused with the prior feature maps and passed through a 3D convolutional fusion block
followed by a multilayer perceptron to produce multi-label predictions. These predictions
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Figure 1: Architecture of the SGRNet. The tumour heatmap and the organ segmentation
stream modulate the CECT stream via spatial feature modulation, allowing the
network to emphasise tumour-salient regions while preserving global anatomical
context.

are subsequently used to populate the structured reporting template, completing the auto-
mated structured report generation process. In the following, we describe each component
in detail.

4.3.1. AUTOMATED ORGAN SEGMENTATION (ORGSEG)

Organ segmentation masks are generated using TotalSegmentator, which is based on a pre-
trained nn-UNet (Isensee et al., 2021) with publicly available weights from (Walter et al.,
2024). From the full set of 71 anatomical structures, we select 21 regions relevant to head
and neck cancer (see Appendix E). The resulting integer label map

S e {0,...,21}PxHxW

represents the segmented volume, where D, H, and W denote the depth, height, and width
of the input CECT scan, respectively, and 0 denotes the background.

To avoid creating a high-dimensional one-hot encoded volume (i.e., one channel per
segmentation class), we embed the single-channel label map into a low-dimensional space
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using an embedding function:
E.mp(S) = Embed(S) € RéexPxHXW

where d. is the embedding dimension. This approach allows the network to operate on
a single-channel input with values ranging from 0 to 21 while learning compact semantic
representations for each anatomical region. The embedded volume is then processed by the
segmentation encoder (E,cq) to produce the anatomical prior feature map:

fseg = Eseg(Eemb(S)) S RCSEngthw’

where Cyey is the number of output channels and d, h,w are the downsampled spatial di-
mensions of the encoded feature map. This feature map is subsequently used in the fusion
stage to guide the model’s attention to relevant anatomical structures.

4.3.2. WEAK TUMOUR LOCALISATION VIA (GAUSSIAN HEATMAPS
(CUBOIDPRED+GAUSPRED)

A nn-UNet model is pre-trained on the dataset introduced in (Saeed and Hassan, 2025)
using only the CT channel of the PET/CT scans, and subsequently fine-tuned on 39 cases
from our cohort for coarse tumour localisation. The model predicts binary cuboid regions,
where voxels inside the tumour bounding box are assigned 1 and background voxels 0.

To convert the predicted cuboid regions into Gaussian heatmaps, let Q C R3 denote
the set of connected foreground components after thresholding and size filtering. For each
component, an axis-aligned cuboid is fitted. The centre of the cuboid, (fig, fty, ft2), is com-
puted as the centre of mass of the connected component, and the cuboid’s side lengths
(Weuboids Peuboid, deuboid) along the x, y, and z axes are determined based on the spatial
extent of the component.

A 3D Gaussian heatmap is generated as:

Glay,2) — exp (_ (o o, (Z—Mz)2>>7

2 2 2
20Z 205 20

where o0, 0,,0, are the standard deviations along each axis, proportional to the cuboid’s
width, height, and depth, (Weuboid, Reuboid, deuboid ) respectively. The voxel coordinates in the
3D volume are denoted by z,y, z, and the mean of the Gaussian is set to the cuboid centre
(Hhas s 102

The resulting Gaussian volume G is encoded by the Gaussian encoder E, to produce a
latent feature map:

fg _ Eg<G) e RCngXth)

where Cg is the number of feature channels, and d, h, w are the spatial dimensions of the
encoded feature map. This feature map serves as a weak spatial prior for tumour localisation
and is subsequently used in the spatial feature modulation and fusion stages.
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4.3.3. SPATIAL FEATURE MODULATION

To integrate anatomical and tumour priors with imaging features, spatial attention maps
are generated using a lightweight 3D attention block A(-), composed of 1x 1 x 1 convolutions
followed by a sigmoid:

Mseg = A(fseg)7 mg = A(fg), M = Mgeg + my,

where mgeq, mg, m € RIXdxhxw and (d, h,w) denote the depth, height, and width of the
encoded feature maps. The CECT volume Xcgcr is encoded using a DenseNet /EfficientNet

encoder Ecgor:

fCECT = ECECT(XCECT) c RCCECTXdXth

i

where Ccger is the number of feature channels. Spatial modulation is then applied as:

fceer = forer © (1 +m),

where ® denotes element-wise multiplication. This operation acts as a soft spatial gat-
ing mechanism that enhances anatomically and tumour-consistent regions while preserving
global context.

4.3.4. FEATURE FUSION AND CLASSIFICATION

The modulated CECT features fCECT are concatenated with the anatomical and tumour
prior feature maps fsqy and f, to form a unified representation, which is passed through a
3D convolutional fusion block Ef,s, pooled, and fed into an MLP with sigmoid activation
to produce multi-label predictions:

§ = 0 (MLP(GAP(Epys(Concat(foner, fueg: f)))) )

where § € [0, 1]" represents the predicted labels for each anatomical structure in the struc-
tured reporting template, and N is the total number of labels. This final prediction is then
passed to the template to complete the automated structured report generation pipeline.

5. Experiments & Results

5.1. Implementation Details

All models are trained on 145 contrast-enhanced CT (CECT) scans paired with structured
radiological reports, using 5-fold cross-validation with stratified sampling. The prediction
task is restricted to the five most consistently annotated structures: Tongue, Hypopharynz,
Larynx_air, Strap muscles + Thyroid gland, and Carotid arteries + Internal jugular vein.
CECT volumes are resampled to 4 mm isotropic resolution, clipped to a soft-tissue window
of [-250,150] HU, and normalized per volume. The average input size is 128 x 128 x 171
voxels.

Segmentation embeddings have dimension d. = 8, and all encoder feature maps have
spatial size 42 x 32 x 32 with 64 channels. Standard 3D data augmentation is applied, and
models are trained end-to-end with the Adam optimizer (learning rate 1 x 1075, batch size
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2) using early stopping based on the validation mAP. Class imbalance is addressed via the
Asymmetric Loss (ASL), defined as:

K
EASL = - Z [yc (1 - pc)w— log(pc) + (1 - yc) PZ_ log(l - pc)]a
c=1

where y. and p. are the ground-truth label and predicted probability for class ¢, K is
the number of classes, and 74 = 1,7- = 2 in our experiments. Performance is reported
using mean Average Precision (mAP).

For weak tumour localization, a nn-UNet predicts coarse 3D cuboid masks, pre-trained
on a public PET/CT dataset and fine-tuned on radiologist annotations using 5-fold cross-
validation. Fine-tuning is performed for 250 epochs with learning rate decay. Predicted
cuboids are converted into Gaussian heatmaps as described in Section 4.3.2.

5.2. Results

Table 1 summarizes the Average Precision (AP) for each anatomical structure across model
configurations. Baseline models trained solely on CECT achieved moderate performance,
with mean APs of 0.512 (DenseNet), 0.494 (EfficientNet), and 0.488 (CT-FM). CT-FM per-
forms better on larger structures but underperforms on smaller soft-tissue regions. SGRNet,
by incorporating organ-based and weak tumour localisation via Gaussian heatmaps, con-
sistently improves AP for both DenseNet and EfficientNet, particularly in complex regions
such as the hypopharynx and laryngeal airway, with DenseNet achieving a mean AP of
0.600. These results indicate that combining anatomical and pathological priors enhances
the prediction of structured reports in regions affected by tumor-induced distortions. A full
ablation study of spatial prior strategies is included in Table 2.

For weak tumor localization, nn-UNet achieves a mean Dice score of 0.37 when trained
from scratch, which improves to 0.51 with external CT pretraining. Example outputs are
provided in Appendix F

Tongue Hypo- Larynx Strap + Carotid + Mean
Model Input AP  pharynx AP Air AP Thyroid AP IJV AP AP
DenseNet CECT 0.549 0.559 0.574 0.357 0.519 0.512
EfficientNet CECT 0.543 0.534 0.563 0.339 0.489 0.494
CT-FM CECT 0.419 0.576 0.612 0.256 0.579 0.488
SGRNet(DenseNet) Org+Tum-Modul  0.478 0.710 0.758 0.501 0.554 0.600
SGRNet(EfficientNet) Org+Tum-Modul — 0.498 0.674 0.724 0.467 0.558 0.584

Table 1: Average Precision (AP) for baseline CECT models and spatial prior variants.
Column abbreviations: 1JV: Internal jugular vein.

6. Discussion

Incorporating anatomical and tumour-aware spatial priors substantially improves structured
report prediction. Baseline CECT-only models demonstrate moderate performance, with
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Tongue Hypo- Larynx Strap + Carotid + Mean

Model Input AP  pharynx AP Air AP Thyroid AP IJV AP AP
Organ Priors
DenseNet Org-Add 0.504 0.725 0.699 0.314 0.627 0.574
DenseNet Org-Modul 0.494 0.674 0.756 0.447 0.601 0.594
EfficientNet Org-Add 0.475 0.708 0.658 0.283 0.593 0.543
EfficientNet Org-Modul 0.478 0.636 0.701 0.413 0.600 0.567
Organ 4+ Tumour Priors

DenseNet Org+Tum-Add  0.485 0.731 0.715 0.367 0.614 0.582
EfficientNet Org+Tum-Add  0.431 0.713 0.686 0.345 0.543 0.544

Table 2: Ablation study showing the effect of different spatial prior integration strategies
(Add, Modulation) for organ and tumour priors. Abbreviations: 1JV — Internal
jugular vein.

DenseNet and EfficientNet exhibiting similar trends, while CT-FM performs better on larger
anatomical structures. Combined organ- and tumour-based spatial modulation in SGRNet
consistently enhances AP, particularly in anatomically complex regions. This combination
of priors enables the network to better handle tumour-induced anatomical distortions. For
weak tumour localisation, nnU-Net benefits significantly from CT-based pretraining (mean
Dice score of 0.51 vs. 0.37). This suggests that standard CT data can effectively transfer
anatomical knowledge to CECT tasks, highlighting the potential of large-scale PET/CT
datasets using only their CT component as a valuable resource for training models and
opening new directions for leveraging such data in contrast-enhanced imaging tasks. Key
limitations remain, including the relatively small dataset size, the coarse nature of cuboid-
based tumour annotations, and potential errors in automated organ segmentations.

7. Conclusion

We present a framework for generating structured radiological reports in head and neck
cancer using contrast-enhanced CT (CECT) scans. By incorporating spatial priors from
organ segmentation and weak tumor localization, our model, SGRNet, improves the multi-
label prediction of tumor involvement, particularly for small and anatomically complex
structures. The combination of anatomical and tumor priors enables the network to focus on
clinically relevant regions, yielding consistent gains over CECT-only baselines. Pretraining
on external CT data further enhances segmentation and localization performance, reducing
reliance on costly imaging modalities such as PET. Future work includes expanding the
dataset across institutions to improve generalization, leveraging semi-supervised learning
to exploit unannotated volumes, and exploring anomaly detection to identify unexpected
pathological changes. Overall, structured incorporation of anatomical and pathological
priors is a promising strategy for enhancing automated radiological reporting in complex
anatomical regions.

10
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Appendix A. Comparing PET/CT, PET/MRI and CECT

Figure 2: Visual comparison of imaging modalities. (A) PET/CT highlights metabolically
active tumour regions via radiotracer uptake. (B) MRI/PET provides high soft-
tissue contrast with PET-guided localisation. (C) CECT lacks metabolic tracers,
resulting in more subtle tumour boundaries and motivating the need for auto-
mated interpretability methods.

Appendix B. Example of a free text report

Patient 1

Procedure: CECT of Face & Neck.

Clinical background: Ca oropharynx (¢T4aN3bMO0) post CT/RT

There is ill-defined enhancing soft tissue thickening in oropharynx measuring ap-
prox. 2.7cm in longest dimension involving the right lateral and posterior oropharyngeal
wall, right vallecula, median glossoepiglottic fold, the tip of the epiglottis, and right
base of tongue. Non-enhancing edematous thickening of bilateral aryepiglottic fold and
vocal cords is noted likely post RT changes. The hyoid bone is normal. The preverte-
bral fat space is maintained. Enlarged multiple conglomerated necrotic lymph nodes
in bilateral level II, III regions; the largest measuring ~2x2.4cm in LAD on the right
side. There is encasement of vessels on the right side with thrombosis of IJV from the
level of the jugular foramen extending to the sigmoid sinus.

Paranasal sinuses/nasal cavity: Mucosal thickening is seen in the right maxil-
lary sinus.

Maxilla/mandible: Normal.

Infra-temporal neck spaces: Normal.

Additional information: None

Comparison: Compared to the scan dated 17 June 2022, there is a reduction in
the size of the mass and nodes.
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Impression: Present scan shows irregular enhancing thickening involving the orophar
ynx with extensions as described with bilateral cervical conglomerated necrotic lym-
phadenopathy.

Appendix C. Structured template for head and neck cancers

Radiology Report Template

Patient: Other Structures
CECT for Head & Neck Cancers Airway compromise:
Primary location of the mass: ET tube in-situ (Y/N):
Size of the mass: Thyroid cartilage:
Involvement of Sub-sites Cricoid cartilage:

Oral Cavity Esophagus:

Prevertebral space:

Pyriform sinus:

Post-cricoid region:

Tracheal cartilages:

Strap muscles/thyroid gland:
Carotid arteries/ IJV:
Parapharyngeal space:

Base.of tongue: Pterygoid muscles:
Tonsil (R/L/Both): Skull base:

Valleculae: Orbit:
Soft palate:

Lip:

Buccal mucosa and gingiva:
Retromolar trigone:

Floor of the mouth:

Oral tongue:

Oropharynx

Parotid gland:

Lal."ynx . Submandibular gland:
Epiglottis: Cranial nerves:
False cords: Intracranial extension:

Aryepiglottic folds:
Arytenoid cartilages:
Preepiglottic space:
Paraglottic space:
Vestibule:

Glottis

True vocal cords:
Anterior commissure:
Posterior commissure:

Subglottis

Lymph Node Metastases
Number of nodes:

Side (Ipsi/Bi/Contra):

Max size:

Extranodal extension:

Loss of fat planes:
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Appendix D. Summary of dataset characteristics

Parameter Value Unit
Total Scans (N) 184 -
Average Voxel Spacing Ix1x1 mm?
Average Resolution (XxY) 512 x 510 pixels
Average Slices (Z) 288 slices
Average Mean HU —763 (Std. 576) HU
HU Range (Min to Max) [—1732, 3444] HU

Table 3: Summary of dataset-level imaging characteristics.

Appendix E. Details of the organs from TotalSegmentator being
segmented

Label ID | Organ
0 Background
1 Larynx air
2 Thyroid cartilage
3 Cricoid cartilage
4 Hyoid bone
) Tongue
6 Digastric (left)
7 Digastric (right)
8 Sternothyroid (left)
9 Sternothyroid (right)
10 Thyrohyoid (left)
11 Thyrohyoid (right)
12 Submandibular gland (left)
13 Submandibular gland (right)
14 Thyroid gland
15 Internal carotid artery (left)
16 Internal carotid artery (right)
17 Internal jugular vein (left)
18 Internal jugular vein (right)
19 Trachea
20 Oropharynx
21 Hypopharynx

Table 4: List of segmented organs and their corresponding label IDs from the TotalSegmen-
tator dataset.
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Appendix F. Outputs of the Anatomical Organ Segmentation and
Tumour Segmentation Models

B l‘ C
Figure 3: Qualitative results from the anatomical organ segmentation model. Panels (A),

(B), and (C) show example outputs from three different patients, illustrating the
predicted masks for the 21 anatomical regions defined in our pipeline.

A B C
r
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o [

Figure 4: Tumour segmentation results from an nnU-Net model trained solely on CT images
from the public PET/CT dataset. Panels (A), (B), and (C) display outputs for
three representative patients.
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| ‘ |
Figure 5: Tumor segmentation results from the nnU-Net model, pre-trained on CT scans

from the public PET/CT dataset and subsequently fine-tuned on our curated
cuboid regions. Panels (A), (B), and (C) show outputs for three different patients.

Appendix G. Equations

Dice Score. The Dice similarity coefficient between two binary masks A and B is defined
as:

) 21ANB
Dice(A4, B) = w,

where A and B denote the predicted and ground-truth cuboid masks, respectively.
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