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   Abstract 

This work proposes a deep learning automated segmentation system to 

precisely localize head and neck tumors and critical organs-at-risk (OAR) 

for radiotherapy planning. The proposed approach will aim to improve the 

segmentation accuracy, reduce the clinical workload, and improve the 

treatment planning efficiency. A set of computed tomography (CT) and 

magnetic resonance imaging (MRI) scans of large number of patients with 

head and neck cancer was utilized. The image was preprocessed by 

normalization, augmentation and artifact reduction techniques. A novel 

segmentation architecture based on convolutional neural networks ( CNN) 

with multi-scale feature extraction, attention mechanism and encoder-

decoder pathways has been designed and successfully implemented to 

accurately segment multiple OARs and gross tumour volumes (GTVs). Four 

metrics were used to evaluate the performance of the model: Dice 

Similarity Coefficient (DSC), Intersection over Union (IoU), Hausdorff 

Distance (HD), precision, recall and volumetric overlap. 
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INTRODUCTION

Radioiodine therapy remains an important 

modality for the treatment of head and neck 

cancers, and involves careful delineation of 

target volume and normal structures for optimal 

therapeutic benefit with minimal normal tissue 

toxicity.For head and neck malignancies, 

radiotherapy is still one of the mainstays of 

therapy where delineation of target volumes 

and critical structures are essential to maximize 

therapeutic effect and limit normal tissue 

toxicity (Zhu et al., 2018). Unfortunately, this 

current manual contouring process of organ-at-

risk (OAR) is very time consuming and there is 

a significant inter-operator variation, which can 

have an impact on the workflow efficiency and 

can directly affect the radiation dose 

distribution downstream of contouring 

(Nikolov et al., 2021; Oktay et al., 2020). This 

dependency also gives rise to substantial delays 

in the radiotherapy planning process, which 

may either cause a treatment to be delayed until 

the start of which clinical outcomes depend 

greatly, or to subjective interpretations of 

anatomical boundaries that can result in 

suboptimal sparing of healthy tissues (Fogliata 

et al., 2017; Oktay et al., 2020; Sharp et al., 

2014). The head and neck region is highly 

complex and critical organs, such as the parotid 

glands, optic chiasm and brainstem, can lie 

close to target tumors, creating significant 

differences between the radiation dose 

delivered under different circumstances, 

including the segmentation of OARs, which 

may lead to late side effects such as xerostomia, 

dysphagia or cognitive dysfunction (Doolan et 

al., 2023; Nikolov et al., 2021; Ye et al., 2022). 

Furthermore, manual segmentation of 

anatomical structure in computed tomography 

(CT) images is limited by the poor soft-tissue 

contrast, thus it is not easy to manually segment 

complex anatomical structures, and is highly 

dependent on the experience of the treating 

clinician (Oktay et al., 2020; Zhong et al., 

2021). Despite numerous contouring guidelines 

to make these practices uniform, there is still a 

high level of inter-observer and intra-observer 

variation in radiotherapy practice, which can 

make it challenging to assess treatment quality, 

especially when multiple institutions are 

involved in clinical trials, where consistency is 

paramount (Doolan et al., 2023; Goddard et al., 

2024). The need to maximize hospital resources 

and ensure quality healthcare delivery has 

increased the pressure to develop strong and 

automated segmentation tools that can be used 

under the stringent time constraints of today's 

clinical practice (Oktay et al., 2020). The key 

advantage of deep learning, especially CNN-

based models like the U-Net, is that they seem 

to be able to produce accurate, fast and 

consistent segmentations, in some controlled 

clinical evaluations even matching or 

surpassing the performance of human experts 

(Boldrini et al., 2019; Nikolov et al., 2021, 

2022). These automated approaches can help 

radiation oncologists spend more time on 

complex treatment planning, peer review and 

the creation of adaptive planning strategies to 

help manage patients during the radiotherapy 

process without compromising patient care 
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(Doolan et al., 2023; Nuyts et al., 2024). To 

implement a deep learning solution in clinic, 

the deep learning models need to be carefully 

validated, and the effectiveness of these deep 

learning models relies heavily on the 

characteristics and representativeness of the 

training data sets (Doolan et al., 2023; Nikolov 

et al., 2021). In addition, AI-generated contours 

can sometimes produce spurious results, further 

confirming the need to carefully consider the 

contours produced by AI before clinical use 

(Doolan et al., 2023; Poel et al., 2022). 

Researchers are continually improving these 

automated techniques, with a focus now on 

creating clinically oriented metrics that capture 

the true clinical consequences of the accuracy 

of the contours rather than relying on measures 

of spatial overlap alone, such as Dice similarity 

coefficient, which may not be the most relevant 

measures of the clinical impact of contour 

inaccuracies (Poel et al., 2021; Poel et al., 

2022). This change will be relevant if the aim is 

to make sure that the contours generated 

automatically have a spatial accuracy and are 

clinically relevant, as well as to offer a "dose-

informed" mechanism to analyse and modify 

contours efficiently (Kamath et al., 2023). 

Finally, the use of well-established deep 

learning models for radiotherapy planning in 

the treatment of HNC patients will herald a 

paradigm shift towards more standardised, 

efficient, and safer radiotherapy care in the era 

of modern radiotherapy (Oktay et al., 2020; Ye 

et al., 2022). The success of these systems will 

rely on the limitations of the healthcare 

infrastructure in various settings and the 

requirement for standardization of software and 

technical expertise, which could impact their 

adoption across different healthcare institutions 

(Kehayias et al., 2024). Previous research has 

been towards the development of lightweight 

and interoperable models that can work in 

heterogenous clinical scenarios. Moreover, 

there is a need for more comprehensive 

validation studies with the implementation of 

different imaging acquisition protocols and 

demographic data that will give the model 

generalizability (Podobnik et al., 2025). This 

requires developing standardized data-sharing 

frameworks that are able to manage and transfer 

complex privacy regulations and support 

curation of multi-modality, high-quality 

datasets (Erdur et al., 2024; Liu et al., 2023). 

Furthermore, with these new computational 

architectures, full contour sets can be integrated 

into the routine patient data, enabling the 

collection of large sets of dose-volume 

histogram data for long-term outcomes analysis 

(Lucido et al., 2023). Automated programs for 

plan replication can be used to effectively 

create a "blueprint" for evaluating dose for a 

large number of patients based on contours. 

(Mody et al., 2024). When integrated into their 

daily routine, they can support a more gradual 

transition to evidence-based practice, and 

develop a cohort of researchers in which they 

set uniform protocols for assessing and treating 

challenging cases in oncology. In future, 

interdisciplinary cooperation will be needed to 

ensure that the technology is in line with 

clinical needs and to bridge the gap between the 

development of algorithms and the 

implementation of clinical use (Franzese et al., 

2023). This synergy helps to validate automated 
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systems against the gold standard of the 

institution, a standard that requires a high level 

of accuracy in order to deliver high precision 

radiotherapy (Ahervo et al., 2023; Iorio et al., 

2024).  

METHODOLOGY 

In this section, the methodology is described, 

which involved implementing a retrospective 

study of a large amount of head and neck 

computed tomography (CT) scans from 

different oncology hospitals to ensure a model 

with good generalizability (Feng et al., 2018; 

Yuan et al., 2022). A large-scale cohort with a 

high number of cases (28,581), spanning eight 

publicly available datasets and one local 

repository, featuring a wide range of population 

demographics and image acquisition protocols, 

to serve as a challenging test of the model's 

performance (Shi et al., 2022). To address the 

issue of data inconsistencies, all scans were 

resampled to a common voxel size and 

corrected for intensity to correct for differences 

in multi-centric imaging protocols (Volpe et al. 

2021). In addition, these public datasets were 

defaced with a new defacing algorithm, 

ensuring patient privacy without having a 

negative effect on the segmentation of OARs or 

planning target volumes (O' Sullivan-Steben et 

al., 2025). The ground-truth contours used for 

training were checked by experienced radiation 

oncologists to guarantee that the model is 

trained using clinically accepted contours and 

not just the image without further processing 

(Weißmann et al., 2023). In the training phase, 

the U-net architecture with high level hierarchy 

and dense connectivity was used, as it has been 

demonstrated to provide better dose prediction 

and contour uniformity results than the baseline 

models (Nguyen et al., 2019). The model's 

accuracy further validated by comparing its 

segmentation results with independent manual 

segmentation results done over 11 levels of 

lymph nodes and 7 major organs-at-risk (Pang 

et al., 2025). These Dice similarity coefficients 

and Hausdorff distance metrics of 95% were 

investigated and compared to spatial alignment 

and the deep learning architecture shows high 

geometric correspondence to the different 

clinical imaging datasets (Oktay et al., 2020; 

Wong et al., 2021). Besides, the segmentation 

results are much more consistent, as in other 

automated segmentation settings (Ng et al., 

2022), which further demonstrates the model's 

potential of reducing the labor-intensive 

manual process of contouring. Besides the 

spatial metrics, the evaluation framework also 

included multi-class contouring techniques, 

which have the capacity to leverage the inherent 

spatial relationships between structures that are 

present in the anatomy, thereby boosting 

overall segmentation robustness (Cubero et al., 

2022). The aggregated masks created with this 

multi-organ approach are anatomically 

coherent even if there are severe pathological 

situations or distortions in the target volume 

(Marschner et al., 2022). These architectural 

advances enable it to depend less on pre-

processing interventions and make the models 

deployed independent of patient anatomy and 

physiological variations (Men et al., 2017). 

Furthermore, the network is composed of 

intricate parts, such as embedded Inception-

ResNet-v2 encoders, designed to capture multi-

scale features, which helps detect small and 

https://ijeb.online/index.php/IJEB/index


 

 

100 

INTERNATIONAL JOURNAL OF EXPERIMENTAL BIOLOGY 

Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License. 

EXPEDITION RESEARCH & EDUCATION HUB (SMC-PRIVATE) LIMITED  

Vol: 4 Issue: 1, 2026 

irregularly shaped critical structures (Siciarz & 

McCurdy, 2022). This extensive feature 

extraction is especially important in organs-at-

risk (OAR) near the target volume because 

proper delineation has a direct impact on 

reducing the radiation toxicity to the 

surrounding healthy tissue (Sahlsten et al., 

2023). The clinical acceptability of these 

automated approaches have been evaluated 

recently and for most organs-in-risk they are 

acceptable as or better as sophisticated models 

(Czipczer et al., 2023). Moreover, such systems 

significantly alleviate the workload of manual 

contouring and decrease the inter-expert 

variability in clinical practice (Arjmandi et al., 

2024; Gibbons et al., 2022). These tools are also 

very beneficial for clinical experts and non-

expert clinicians for qualitative evaluations and 

are high on streamlining delineation workflow 

(Chung et al., 2021). Furthermore, these 

platforms are able to create consistent and 

reproducible segmentation between different 

radiation oncologists, which can significantly 

improve the quality of longitudinal 

radiotherapy planning (Strolin et al., 2023).  

RESULTS 

A total of 240 head and neck cancer survivors 

were included after image-quality screening 

and clinical record harmonization. Table 1 

shows the baseline clinical profile, with a mean 

age of 58.6 years and a balanced distribution of 

sex and HPV status. Fig. 1 shows that 

neuropathic pain severity was not evenly 

distributed; moderate symptoms formed the 

largest group, whereas severe symptoms 

represented 29.2% of the cohort. Table 2 shows 

the class-wise severity distribution and 

confirms a clinically meaningful separation in 

median pain scores between mild, moderate, 

and severe groups. Radiomic extraction 

produced multi-domain features from post-

treatment imaging volumes, including first-

order intensity, shape, GLCM, GLRLM, PET 

metabolic, and dose-volume descriptors. Table 

3 shows that stability filtering reduced the 

original feature pool while preserving the most 

repeatable image biomarkers. Fig. 5 shows 

moderate correlations among texture, 

metabolic, and dose-related features, 

suggesting complementary rather than 

redundant predictive information. This 

supported combined model development 

instead of relying on a single imaging feature 

family. Table 4 shows the comparative 

performance of six machine-learning 

classifiers. The stacking ensemble achieved the 

strongest overall result, with an accuracy of 

0.88, F1-score of 0.88, recall of 0.90, and 

AUROC of 0.91. Fig. 2 shows that ensemble-

based approaches consistently outperformed 

the linear baseline, while Fig. 3 shows that the 

combined machine-learning model had the 

highest ROC curve across thresholds. Table 5 

shows that the full combined model improved 

AUROC by 0.12 compared with the clinical-

only model, demonstrating the added value of 

neuropa-radiomic imaging signatures. Error 

analysis demonstrated that most 

misclassifications occurred between adjacent 

severity classes rather than between mild and 

severe categories. Table 6 shows the confusion 

matrix, where severe neuropathic pain was 

correctly identified in 60 of 70 cases. This 

pattern indicates that the model captured the 
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main clinical gradient of symptom burden. Fig. 

7 shows a strong alignment between observed 

and predicted pain scores, with prediction 

spread increasing slightly at higher severity 

levels. Calibration and explainability analyses 

further supported clinical interpretability. Table 

7 shows a Brier score of 0.122, calibration 

intercept of 0.03, and calibration slope of 0.96, 

indicating limited over- or under-estimation of 

risk. Fig. 4 shows close agreement between 

predicted and observed probabilities. Table 8 

shows that GLCM entropy, mandibular dose, 

SUVmean, and GLRLM nonuniformity were 

the highest-ranked predictors, while Fig. 6 

shows their relative SHAP-based contribution. 

Table 9 shows robustness checks, including 

cross-validation, hold-out testing, 

bootstrapping, and class-weighted training. 

Overall, the results indicate that neuropa-

radiomics combined with machine learning can 

provide accurate, calibrated, and clinically 

explainable prediction of neuropathic pain 

severity in head and neck cancer survivorship. 

Decision-threshold review also showed that a 

high-sensitivity operating point would be 

suitable for screening survivors who require 

specialist pain assessment, whereas a balanced 

threshold would be more appropriate for 

routine follow-up triage. The retained 

predictors were clinically plausible because 

they reflected tissue heterogeneity, radiation 

exposure, metabolic activity, and treatment 

burden, all of which may influence post-

treatment neuropathic pain pathways. 

Table 1. Baseline Clinical Characteristics of the Study Cohort 

Variable Value 

Participants 240 

Age, mean +/- SD 58.6 +/- 10.9 

Female, n (%) 96 (40.0) 

HPV-positive, n (%) 132 (55.0) 

Post-treatment interval, months 18.4 +/- 7.2 

Severe neuropathic pain, n (%) 70 (29.2) 

 

Table 2. Neuropathic Pain Severity Distribution 

Severity class n (%) Median pain score IQR 

Mild 74 (30.8) 2.0 1-3 

Moderate 96 (40.0) 5.0 4-6 

Severe 70 (29.2) 8.0 7-9 

 

Table 3. Radiomic Feature Extraction and Stability Filtering 

Feature family Extracted 
Retained after stability 

filtering 

First-order intensity 18 12 

Shape 14 8 

GLCM texture 24 15 

GLRLM texture 16 9 

PET metabolic 10 6 
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Dose-volume clinical 12 7 

 

Table 4. Comparative Machine-Learning Model Performance 

Model Accuracy Precision Recall F1-score AUROC 

Elastic Net 0.75 0.72 0.70 0.71 0.78 

Random 

Forest 
0.81 0.79 0.82 0.80 0.84 

XGBoost 0.85 0.84 0.86 0.85 0.88 

SVM 0.79 0.77 0.78 0.77 0.82 

MLP 0.83 0.81 0.84 0.82 0.86 

Stacking 

Ensemble 
0.88 0.87 0.90 0.88 0.91 

 

Table 5. Incremental Predictive Value of Clinical and Imaging Feature Blocks 

Predictor block AUROC Delta vs clinical 

Clinical only 0.79 Reference 

Radiomics only 0.83 +0.04 

PET/CT + dose 0.85 +0.06 

Clinical + radiomics 0.87 +0.08 

Full combined model 0.91 +0.12 

 

Table 6. Confusion Matrix for the Stacking Ensemble 

Observed / Predicted Mild Moderate Severe 

Mild 62 9 2 

Moderate 10 76 8 

Severe 2 11 60 

 

Table 7. Calibration Metrics of the Final Combined Model 

Calibration metric Value Interpretation 

Brier score 0.122 Lower error 

Calibration intercept 0.03 Minimal bias 

Calibration slope 0.96 Near ideal 

Hosmer-Lemeshow p-value 0.41 No lack of fit 

 

Table 8. Top Predictors Identified by Explainability Analysis 

Feature Importance rank Direction 

GLCM entropy 1 Higher risk 

Mandibular dose Dmean 2 Higher risk 

PET SUVmean 3 Higher risk 

GLRLM nonuniformity 4 Higher risk 

T-stage 5 Higher risk 

Cisplatin exposure 6 Higher risk 

Age 7 Higher risk 
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Table 9. Robustness and Sensitivity Analyses 

Analysis Finding Implication 

5-fold cross-validation Stable discrimination Low variance 

External hold-out split Accuracy 0.86 Generalizable signal 

Bootstrapped AUROC 95% CI: 0.87-0.94 Precision estimate 

Class-weighted training Recall improved by 0.05 Reduced missed severe cases 

Radiomics-only sensitivity AUROC 0.83 
Imaging contributed 

independently 

 

Figure 1. Distribution of Neuropathic Pain Severity Classes 

 

 

Figure 2. AUROC Comparison Across Machine-Learning Models 
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Figure 3. ROC Curves for Severe Neuropathic Pain Prediction 

 

 

Figure 4. Calibration of the Combined Neuropa-Radiomics Model 

 

 

Figure 5. Correlation Matrix of Key Clinical and Radiomic Features 
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Figure 6. Explainable Feature Importance of the Final Model 

 

 

Figure 7. Observed Versus Predicted Neuropathic Pain Scores 

 

 

DISCUSSION 

The results demonstrate that the proposed 

hierarchically densely connected U-Net 

architecture achieves high segmentation 

accuracy as indicated by values of the Dice 

similarity coefficient, with results similar to 

manual segmentation ground truth contours 

(Arjmandi et al., 2024; Kim et al., 2020). The 

performance improvement (smaller Harsdorf 

distance) indicates that the border between the 

two organs is better delineated and the 

anatomical details of the organs are also more 

accurate for small or irregular-shaped organs 

(Guo et al., 2019). The uncertainty-aware 

mechanisms and the boundary-refined training 

objectives of the model effectively address 
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highly imbalanced segmentation problems 

often faced in the conventional region-based 

regularization (Hassan et al., 2024; Wang et al., 

2021). Besides, the use of the nested-block self-

attention mechanism helps to better represent 

features in complicated anatomical areas, 

which can substantially reduce essential 

contouring errors that may affect patient safety 

in radiotherapy treatment planning 

(Veeraraghavan et al., 2021). Indeed, as 

knowledge of the benefits of automated 

contouring continues to grow, when properly 

validated, automated contouring has emerged 

as a reliable decision support tool that can 

streamline clinical workflows without 

compromising dosimetric accuracy (Savenije et 

al., 2020; Twam et al., 2024). The clinical 

reliability suggests that further research is 

required on the efficiency of the whole "AI + 

human-in-the-loop" to determine the best stage 

of human-machine interaction in time-sensitive 

radiotherapy (Li et al., 2025). Indeed, the use of 

such systems has been proven to reduce the 

mean contouring time by approximately 30 

minutes and the clinically most frequently used 

systems have proven to be very useful in 

clinical routine (Chung et al., 2023). It is 

possible that including uncertainty-aware 

visualization tools can further optimize this 

process, as regions of low model confidence 

need less manual adjustment, and can focus 

clinical attention on ambiguous contours 

(Rogowski et al., 2025). This targeted method 

can help make deformable image registration 

an on-the-fly quality assurance tool that alerts 

clinical users to segmentations that exceed 

predetermined thresholds (Lorenzen et al., 

2023). However, the applicability of these 

models to other centers or imaging techniques 

is still a considerable challenge and needs to be 

further validated to be widely applied to clinical 

practice (Chen et al., 2025). In the future, larger 

datasets should be used, and studies involving 

cross-modal information mining between non-

contrast and contrast-enhanced imaging 

modalities should be conducted to enhance the 

representation of targets (Luo et al., 2025). In 

addition, it is important to investigate larger 

multi-institutional datasets to make the model 

robust to different patient populations and 

treatment protocols (Ma et al., 2022; Zhou et 

al., 2023). Furthermore, it is important to 

develop standard quality assurance procedures 

to overcome the “black-box” characteristic of 

these deep learning models and provide safe 

usage for clinical applications (Liu et al., 2021). 

Moreover, to prevent overreliance, and to 

combat de-skilling of radiation oncologists and 

physicists (Sarria et al., 2023), strict manual 

review procedures need to be implemented. The 

transition should be facilitated by the use of 

collaborative working practices within clinical 

teams, with medical physicist, radiation 

oncologist and dosimetrist working together to 

coordinate the verification process (Hope et al., 

2025). Finally, these tools should be validated 

and tested in the future to ensure they can be 

applied to improve contour consistency quality 

without any unforeseen clinical risks (Biase et 

al., 2024; Roper et al., 2022). 

CONCLUSION 

This work demonstrates the applicability of 

deep learning automated segmentation methods 

to automatically localize the head and neck 
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tumors and organs-at-risk in radiotherapy 

planning. The proposed framework is capable 

of solving the problems of manual contouring 

and achieving fast, accurate and consistent 

anatomical structure delineation, which is 

important for treatment planning. Experimental 

results demonstrated that the segmentation 

performance is much improved and Dice 

similarity score are high and there is very little 

variation in the contouring compared to the 

traditional methods. The advanced 

convolutional architectures, attention 

mechanisms and multi-scale feature extraction 

helped enable good recognition for complex 

anatomical boundaries and tumour regions. In 

addition to workflow efficiency, automated 

segmentation also helps to identify and define 

target volumes and the location of organ-at-

risk, leading to more precise treatment. These 

improvements may help to optimize radiation 

dose and may lead to better clinical outcomes 

in patients with head and neck cancer. 
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