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Abstract

Background: Deep-learning-based automatic contouring systems for generating clinical
target volumes (CTVs) have been proposed for several cancers; however, no studies have
reported their implementation in the setting of adjuvant radiotherapy for postoperative
head and neck cancer. Additionally, standard image-only deep learning models cannot
utilize additional data, such as pathology reports. Therefore, we aimed to investigate
model implementation and integration of pathology reports in this setting.

Methods: We extracted the data of 153 patients with head and neck cancer who un-
derwent adjuvant radiotherapy after definitive resection. After evaluating the performance
of standard image-only segmentation models, we designed a novel architecture, TransU-
Pathology-Net (TransUPNet), to process information from pathology reports alongside im-
age features and evaluated its performance using the Dice similarity coefficient (DSC) and
95th percentile of the Hausdorff distance (HD95). Comparisons were made against the
best-performing standard image-only baseline model.

Results: The TransUNet model produced the best performance among the standard
image-only models and was selected as the baseline model for comparison. Incorporat-
ing pathology data via the TransUPNet architecture improved model performance (DSC:
0.71±0.02, HD95: 33.6±11.6 mm). The importance of pathology input was demonstrated
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experimentally, showing that perturbations in pathology report data (truncation, laterality
switch, and mismatch) resulted in decreased performance.

Conclusions: We developed a deep learning-based system for CTV generation for adju-
vant radiotherapy of head and neck cancers. It has the unique ability to integrate free-text
information from pathology reports, which improves model performance and more closely
mirrors the physician workflow of integrating multiple information sources to generate
CTVs.

Keywords: Head and neck cancer, radiotherapy, pathology, clinical target volume

1. Introduction

Radiation therapy is an essential component of head and neck squamous cell carcinoma
treatment. Adjuvant radiotherapy is frequently required in patients who exhibit high-risk
pathological features after curative surgery (Machiels et al., 2020).

Contemporary radiotherapy is based on inverse treatment planning, in which the physi-
cian carefully contours the area to be treated, which is referred to as the clinical target
volume (CTV). Physicians delineate the CTV based on the risk of recurrence, which is
guided by pathology reports on surgical specimens and preoperative images. Accurate con-
touring is a labor- and knowledge-intensive task that requires 60–150 min for each patient
(Eller et al., 2015). Postoperative CTV contouring in head and neck cancer is particu-
larly difficult for several reasons. Head and neck cancer encompasses a diverse group of
regions containing multiple primary subsites, including the oral cavity, oropharynx, larynx,
hypopharynx, and parotids. Surgery is generally tailored to the location of the primary
tumor to ensure curative resection while minimizing morbidity, which results in vastly dif-
ferent anatomical defects. The obliteration of common landmarks limits the practicality of
atlas-based guidelines in such scenarios. The postoperative scenario is often further compli-
cated by flap reconstruction and postoperative edema (McCarty et al., 2019), which make
delineating contours by humans difficult and nearly impossible by traditional atlas-based
automatic segmentation algorithms (Ayyalusamy et al., 2019).

In recent years, remarkable progress has been made in image recognition and contextual
segmentation owing to the development of deep neural networks, which have promising
applications in medical imaging. Such systems have been used to successfully contour
organs at risk (OARs) in the chest (Lustberg et al., 2018) and pelvis (Kazemifar et al.,
2018)(Liu et al., 2020)(Men et al., 2017b). The contouring of OARs in the head and neck
region has been extensively studied and has generally produced acceptable results (Chan
et al., 2019)(Ibragimov and Xing, 2017)(Tong et al., 2018)(Zhu et al., 2019). Automatically
generated contours are often not identical to contours delineated by experts; however, they
have been demonstrated to reduce interobserver variation, resulting in clinically insignificant
dose differences (van der Veen et al., 2019)(van Dijk et al., 2020)(van Rooij et al., 2019).

Recently, the application of deep neural networks in CTV contouring has been reported
for rectal (Men et al., 2017b)(Larsson et al., 2018), esophageal (Jin et al., 2019), brain
(Shusharina et al., 2020), and breast (Chen et al., 2020) cancers. The feasibility of deep-
learning-based CTV contouring in the head and neck region has been established for na-
sopharyngeal (Men et al., 2017a)(He et al., 2022) and oropharyngeal (Cardenas et al.,
2018a)(Cardenas et al., 2018b) cancers. However, when the performance of deep neural
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networks is compared with physician delineation, their ability to generate CTV contours
remains inferior to their relative success in generating OAR contours (Wong et al., 2020).

Postoperative CTV contouring, in contrast, poses a unique challenge, as the visible
tumor is removed during surgery. Several researchers have investigated deep-learning-based
systems for postoperative CTV generation, particularly in the case of lung, prostate, rectal,
and breast cancers (Balagopal et al., 2021)(Bi et al., 2019)(Men et al., 2018)(Song et al.,
2020). To the best of our knowledge, no system has been proposed specifically for CTV
contouring in postoperative head and neck cancer (Matoska et al., 2024). In this study,
we aimed to evaluate the performance of deep-learning segmentation models in generating
the CTV for adjuvant radiotherapy in the postoperative head and neck cancer setting and
to investigate the extent to which additional information from pathology reports improved
model performance.

2. Methods

We retrospectively searched our institutional database for patients with head and neck
cancer who underwent definitive resection and adjuvant radiotherapy at our institution.
Patients with recurrent disease, those with a prior radiation history, or those receiving active
treatment for other cancer sites were excluded. A total of 153 patients with various diagnoses
were selected (Table 1). Simulation computed tomography (CT) and physician-delineated
CTVs were extracted as ground-truth contours, and patients’ surgical pathology reports
were also retrieved. This study was approved by the Institutional Review Board of National
Cheng Kung University Hospital (B-ER-112-204), and the requirement for informed consent
was waived.

Simulation CT was performed with patients in the supine position and thermoplastic
mask immobilization. The use of contrast agents was encouraged but not mandated by the
institutional guidelines. All CT images were acquired using the helical scan mode on one
machine (LightSpeed RT, GE Healthcare), with slice intervals ranging from 2.5–3.75 mm.
All images were acquired using a uniform matrix size of 512 × 512; however, the field of
view was varied in each patient to ensure that the entire shoulder region was captured. For
this study, we cropped the CT images to the central 224 × 224 region after verifying that
>99% of the contoured pixels were within this region. We elected to use a 2.5D approach,
in which each index slice was accompanied by its neighboring cranial and caudal slices to
form three channels, which allowed us to use publicly available segmentation models that
expected three channels of data as input without further modification.

We first evaluated the performances of several contemporary semantic segmentation
models in our task, as such approaches have proven successful in the setting of definitive
radiotherapy for head and neck cancers and postoperative radiotherapy for prostate, rectal,
and breast cancers. The following model architectures were evaluated: SegFormer (Xie
et al., 2021), DPT (Ranftl et al., 2021), UPerNet (Xiao et al., 2018), BEiT (Bao et al.,
2021), and TransUNet (Chen et al., 2021). All models were trained for 100 epochs using
an RTX8000 with 48 GB of memory. Image augmentation was performed with random
scaling, translation, and rotation.

To integrate information from the pathology reports, we modified TransUNet as our
segmentation backbone. Briefly, TransUNet is an image segmentation model that performs
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Table 1: Baseline characteristics of patients included in this study (n = 153)

Characteristics Number (%)

Sex
Male 145 (94.8)
Female 8 (5.2)

Diagnosis / Subsite
Hypopharyngeal cancer 39 (25.5)
Tongue cancer 36 (23.5)
Buccal cancer 31 (20.3)
Gingival cancer 13 (8.5)
Oropharyngeal cancer 11 (7.2)
Laryngeal cancer 9 (5.9)
Mouth floor cancer 6 (3.9)
Oral cavity cancer, not otherwise specified 4 (2.6)
Salivary gland cancer 4 (2.6)

Pathological T classification
T1 14 (9.2)
T2 44 (28.8)
T3 28 (18.3)
T4 67 (43.8)

Pathological N classification
N0 43 (28.1)
N1 11 (7.2)
N2 86 (56.2)
N3 13 (8.5)
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well with medical images. It is unique because it combines the strengths of transformers
and convolutional neural network (CNN) architectures; the transformer components provide
global modeling capabilities, whereas CNNs retain strong localization abilities. At the heart
of the network, the transformer encoder receives tokenized image patches from the upstream
CNN feature map as input and performs global contextual attention, thereby overcoming
the shortcomings of the limited receptive fields posed by CNNs.

We extended the capabilities of TransUNet to incorporate information from pathol-
ogy reports and named it TransU-Pathology-Net (TransUPNet). Because the format of
pathology reports varies widely between institutions and is often not structured, we needed
a versatile approach to extract information from the reports. We employed text embed-
ding models, which can convert textual data into vector representations called embeddings.
These embeddings capture the semantic meaning of text in a high-dimensional vector space.
We used pre-trained text-embedding models to convert the free-text pathology reports and
then inserted the embeddings alongside the tokenized image patches into the transformer
backbone (Figure 1). This allows the attention mechanism of the transformer backbone to
consider the features extracted from each image patch, along with the information derived
from the pathology report.

Figure 1: The architecture of our pathology-aware TransU-Pathology-Net model. We mod-
ified the encoder pathway to incorporate text and image information simulta-
neously, whereas the decoder pathway remained identical to that of TransUNet.
Layer dimensions are denoted as (channel, width, height).

With this design, it is evident that the quality of the embeddings (how well they capture
the semantic information from the pathology report) is of utmost importance. While main-
taining the consistency of the model architecture, we benchmarked the performance of our
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model using different text-embedding models. We used pre-trained embedding models to
create pathology embeddings without further fine-tuning. Using the SentenceTransformers
library (Reimers and Gurevych, 2019), we evaluated an open-source general-purpose model
(mpnet) (HuggingFace, 2024), an open-source model specifically pre-trained on medical do-
main texts (Deka et al., 2022)(Deka, 2022) (Bio), and two closed-source embedding models,
text-embedding-3-small (small) and text-embedding-3-large (large), from OpenAI (Ope-
nAI, 2024). We also designed two pseudo-embeddings that corresponded to the absence
of pathology information as the baseline: one with all values equal to zero (zero) and an-
other where values were filled in with random numbers (random). Identical text-embedding
models were used for training and validation in each experiment.

We evaluated the performance of our network using the Dice similarity coefficient (DSC)
and the 95th percentile of the Hausdorff distance (HD95). The DSC is a measure that quan-
tifies volumetric overlap, with values ranging from 0 (no overlap) to 1 (complete overlap);
HD95 is a robust representation of the overall boundary distance, which is less sensitive
to outliers than the maximum Hausdorff distance. To calculate the HD95, we assumed a
uniform voxel spacing of 1 mm in the axial plane and 3.75 mm in the craniocaudal direction.
Metrics were reported across five-fold cross-validation and were statistically compared with
the TransUNet baseline values using the Wilcoxon rank-sum test, with an alpha level of
0.05.

3. Results

First, we evaluated the performance of a standard image-only segmentation algorithm (Fig-
ure 2). The TransUNet model yielded the best performance with a DSC of 0.68 ± 0.02 and
HD95 of 42.5 ± 13.8 mm (Table 2). Therefore, we selected this as the baseline model that
could be improved upon and used for further statistical comparisons.

Figure 2: Boxplot using standard image-only segmentation models. Boxplot of (a) dice
similarity coefficient (DSC) and (b) 95th percentile Hausdorff distance (HD95)
across five-fold validation using standard image-only segmentation models.

Next, we investigated whether the performance was improved by incorporating pathol-
ogy information and whether the choice of different text-embedding models affected the
performance of our system (Figure 3). Compared with baseline TransUNet, the incorpora-
tion of pathology information resulted in a higher DSC and lower HD95 across all models;
however, it was only statistically significant when using text-embedding-3-large embed-
ding, which performed best (DSC = 0.71 ± 0.02 and HD95 = 33.6 ± 11.6 mm). The
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Table 2: Model performance using different models in five-fold cross validation.

Model Type Model Text Embedding Model DSC HD95 (mm)

Standard image-only

UPerNet - 0.64±0.03 45.0±10.7
SegFormer - 0.66±0.05 40.6±11.9
DPT - 0.67±0.02 42.8±14.2
BEiT - 0.67±0.02 46.3±17.1
TransUNet - 0.68±0.02 42.5±13.8

Pathology-aware TransUPNet

random 0.60±0.02 53.7±12.0
zero 0.68±0.02 42.5±13.1
mpnet 0.70±0.02 39.4±11.9
Bio 0.69±0.02 33.8±9.0
text-embedding-3-small 0.69±0.02 34.9±10.6

text-embedding-3-large 0.71±0.02* 33.6±11.6

*Difference is statistically significant (p<0.05) compared to TransUNet.
Abbreviations: DSC, Dice similarity coefficient; HD95, 95th percentile of Hausdorff
distance.

open-source models achieved comparable results while avoiding the downside of uploading
potentially sensitive information to third parties. The text-embedding model pre-trained
on biomedicine-specific data also produced a numerically higher DSC and lower HD95 than
the general-purpose model.

Figure 3: Boxplot using different text embedding models. Boxplot of (a) dice similarity
coefficient (DSC) and (b) 95th percentile Hausdorff distance (HD95) across five-
fold validation using different text embedding models.

Subsequently, we empirically demonstrated that the increase in model performance was
due to the information derived from pathology reports. In this experiment, the models
were trained with embeddings from the full report. However, during the inference of the
validation set, we intentionally truncated the pathology report to 20%, 40%, 60%, and
80% of its original length. We observed a relative gain in performance as larger portions
of the pathology report were made available to the model (Figure 4A). The importance
of the information encoded in pathology report embeddings can also be demonstrated by
deliberately feeding incorrect or incomplete information into a model. We modified the
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pathology report in the following ways: laterality switch, where “right” was changed to
“left” and “left” was changed to “right,” and mismatch, where an unrelated pathology
report from another patient was supplied instead of the original. These perturbations in
the data from the pathology report severely disrupted model performance (Figure 4B).

Figure 4: (A) Performance in terms of DSC when only a proportion of pathology reports
was available to the model. (B) Performance in terms of DSC when perturbations
of the pathology report were performed

We could also directly examine embeddings derived from pathology reports to demon-
strate that the embeddings capture vital information in their representation. We employed
t-distributed stochastic neighbor embedding in the pathology embeddings to reduce their
dimensionality to two for visualization (Figure 5). The embeddings formed distinct clusters
between the primary tumor subsites; however, the separation between tumor laterality was
less evident. This suggests that the embeddings encoded the primary subsite information
from the pathology reports and utilized this information in the downstream task of CTV
contouring.

Figure 5: Visualization of pathology report embeddings. Embeddings were reduced to two
dimensions via t-distributed stochastic neighbor embedding and labelled in dif-
ferent colors according to (a) primary tumor subsite and (b) laterality.

Finally, we demonstrated the effects of the different pathology embeddings through il-
lustrative examples (Figure 6). The patient in the top row had cancer originating from
the right floor of the mouth. After resection and neck dissection, the final diagnosis of a
pT3 tumor and one metastatic lymph node with extranodal extension was reached. Bilat-
eral neck drainage from the mouth floor and elevated risk due to the extranodal extension
prompted bilateral neck irradiation, which the image-only TransUNet failed to delineate.
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The patient in he middle row had tongue cancer, and the primary surgical bed was not ade-
quately covered by TransUNet. Finally, the patient in the bottom row underwent resection
and unilateral neck dissection for left-sided buccal cancer; the contralateral side was spared
after confirming negative involvement of the Ia region. The large embedding successfully
captured and utilized this information, whereas the Bio and mpnet embeddings produced
similar outputs to those produced by the image-only TransUNet.

Figure 6: Qualitative examination of the clinical target volume. Qualitative examination
of the clinical target volume generated by image-only TransUNet and pathology-
aware TransU-Pathology-Net with different text embedding models.

4. Discussion

In this study, we evaluated the performance of several state-of-the-art segmentation models
for generating a CTV for adjuvant radiotherapy in a postoperative head and neck cancer set-
ting. We also developed a pathology-aware deep-learning neural network architecture with
the novel ability to incorporate relevant information extracted from free-text pathology
reports. Our study showed that TransUPNet outperforms standard image-only segmen-
tation algorithms and experimentally demonstrated that it truly incorporates pathological
information during CTV generation.

Image-only deep learning algorithms have been successful in CTV generation in definitive
radiotherapy for nasopharyngeal (He et al., 2022) and oropharyngeal cancers (Cardenas
et al., 2018a); however, we found that the inclusion of pathology information improved
the performance in the postoperative setting. The postoperative setting differs from the
definitive setting in that pathological lesions are absent on postoperative simulation CT
examinations. This is not necessarily a critical limitation, as image-only deep learning
algorithms have proven successful in postoperative radiotherapy for lung, prostate, rectal,
and breast cancers (Balagopal et al., 2021)(Bi et al., 2019)(Men et al., 2018)(Song et al.,
2020). However, it is worth noting that the postoperative CTV contours in these cancers
are generally uniform, irrespective of surgical pathological findings. This is exemplified in
a rectal cancer study conducted by Song et al. (Song et al., 2020), in which the authors
excluded patients with T4b or lymph node metastasis from their sample because these
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risk factors would lead to different contours (inclusion of external iliac nodes) according to
clinical guidelines. In contrast, the CTVs in postoperative head and neck cancer vary widely
depending on the original tumor subsite and laterality, which may explain the performance
gain on incorporating pathology reports.

Despite these gains in performance, we recognize that the absolute performance with
a DSC of 0.71 falls short of the performances reported in various published papers on au-
tomatic CTV segmentation. However, we believe that this number should be considered
in the context of postoperative head and neck cancer. Contouring is a particularly chal-
lenging task in postoperative head and neck cancer, with wide variation among physicians;
however, quantitative studies are scarce in the literature. One study found significant inter-
observer variability between radiation oncologists, with a mean DSC of 0.56 and a range of
0.03–0.91; the large range suggests considerable variation in DSC between cases (Ng et al.,
2018). Another indirect comparison that could serve as a reference is reported in the study
performed by the Danish Head and Neck Cancer group, which investigated interobserver
variations in OARs (Nielsen et al., 2024). In their study, when the left buccal mucosa, right
buccal mucosa, and oral cavity were contoured as OARs in the definitive setting, expert
contour consensus (as measured by mean DSC) was only 0.48, 0.48, and 0.83, respectively.
In our study, 29% of the patients had a tumor originating from the buccal or gingival area,
while 24% had a tumor originating from the tongue; the postoperative CTV usually en-
compasses the surgically altered oral cavity area, reconstruction flaps, and involved nodal
regions, which further increases the difficulty compared with contouring OARs in a definitive
setting.

An intriguing finding of our experiments is that when pathology-aware models are sup-
plied with incorrect pathology information, their performance is often worse than that of
standard image-only segmentation models. One explanation for this is that although image-
only models can only derive information from images, pathology-aware models have learned
to rely on pathology embeddings as an accurate information source. This observation may
have important implications for scenarios in which suboptimal text-embedding models are
used, thereby providing insufficient information to the model. The limitations of this study
include its single-center retrospective design and the use of two-dimensional images as input.
All the pathology reports in this study were structured similarly, although we derived the
embeddings in a free-text format and did not use structured data elements. We believe that
the pathology embedding process should be generalizable to reports from other institutions,
even if their report structure or language is dissimilar to ours. Using a full three-dimensional
architecture may further improve the performance, with a tradeoff of higher computational
costs during training and inference.

5. Conclusions

We developed an automatic contouring system for generating CTV in postoperative head
and neck cancers with the unique ability to integrate free-text information from pathology
reports. Incorporating pathology information improved the performance of the system, and
this approach could be extended to any data in free-text format.
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