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Neuropathic pain is a persistent and clinically challenging complication 
among head and neck cancer survivors, often resulting from tumor 
invasion, surgery, radiotherapy, chemotherapy, or combined treatment-
related nerve injury. Accurate prediction of neuropathic pain severity is 
essential for early risk stratification, personalized pain management, and 
improved survivorship care. This study, titled “Neuropa-Radiomics and 
Machine Learning–Based Prediction of Neuropathic Pain Severity in Head 
and Neck Cancer Survivors,” proposes an integrated predictive framework 
that combines radiomic imaging features with clinical and treatment-
related variables to estimate neuropathic pain severity. Radiomic features 
extracted from head and neck imaging were analyzed alongside patient-
level characteristics, including cancer site, treatment modality, radiation 
exposure, surgical history, and pain-related clinical indicators. Machine 
learning models were developed to identify complex patterns associated 
with mild, moderate, and severe neuropathic pain outcomes. The proposed 
approach aims to support objective pain severity prediction by capturing 
imaging-based tissue changes and their relationship with nerve injury and 
post-treatment pain burden. By integrating radiomics with machine 
learning, this study highlights the potential of data-driven decision support 
systems in oncology pain management. The findings may assist clinicians 
in identifying high-risk survivors, optimizing follow-up strategies, and 
designing individualized interventions to reduce long-term neuropathic 
pain and improve quality of life. 
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INTRODUCTION  

The emergence of high-throughput 

radiomic analysis, when integrated with 

sophisticated machine learning 

algorithms, offers a novel framework 

for quantifying complex biological 

signatures associated with post-

treatment morbidity (Giraud et al., 

2019). Specifically, these 

computational approaches can be 

leveraged to extract objective imaging 

biomarkers to delineate patient-specific 

prognostic trajectories (Naseri et al., 

2023). By converting standard 

diagnostic images into high-

dimensional quantitative data, these 

models facilitate the objective 

assessment of neural injury patterns that 

remain imperceptible to conventional 

radiological evaluation (Gangil et al., 

2022; Peng et al., 2021). This non-

invasive approach provides a cost-

effective alternative to genomic 

profiling, enabling the development of 

reliable biomarkers for precision 

oncology (Parmar et al., 2015). Despite 

these advancements, a significant gap 

remains in applying such computational 

paradigms to the prediction of 

neuropathic pain in head and neck 

cancer survivors, where the high 

anatomical complexity and 

heterogeneous post-treatment changes 

often hinder conventional clinical 

assessment (Salama et al., 2024; 

Tortora et al., 2023). Furthermore, the 

transition from traditional prognostic 

metrics to imaging-enabled artificial 

intelligence necessitates a deeper 

understanding of how quantitative 

texture analysis can capture tissue-level 

phenotypes associated with chronic 

nerve damage (Dijk & Fuller, 2021; 

Elhalawani et al., 2017). By 

synthesizing baseline clinical indices 

with extracted radiomic features, these 

predictive models aim to identify at-risk 

populations early, thereby supporting 

more targeted interventions for 

radiotherapy-induced neuropathy 

(Salama et al., 2025). These models 

utilize robust machine learning 

architectures to process 

multidimensional data, ensuring that 

subtle morphological variations in 

neural pathways are quantified for 

enhanced clinical decision support 

(Sheikh et al., 2019; Song et al., 2025). 

Building upon these integrative 

frameworks, recent advancements in 

deep learning and handcrafted 

radiomics have demonstrated 

significant potential in prognosticating 

heterogeneous clinical outcomes by 

effectively managing the inherent 

complexity of anatomical data 

(Gouthamchand et al., 2025). 

Moreover, the implementation of these 

automated, interpretable biomarkers 

addresses the pervasive issue of 
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interobserver variability inherent in 

subjective clinical interpretations, 

fostering a more standardized approach 

to monitoring neurological recovery 

(Alabi et al., 2024). However, 

successful clinical translation of these 

tools requires addressing 

methodological bottlenecks such as 

poor model calibration and limited 

external validation across diverse 

patient cohorts (Taha et al., 2025). 

Future efforts must prioritize 

multicenter collaborations and the 

expansion of training datasets to ensure 

the robustness and generalizability of 

these diagnostic tools (Pham et al., 

2024; Ujjahan et al., 2026). 

Furthermore, the integration of multi-

modal radiomics with panomics data 

could provide a more comprehensive 

characterization of these neural tissues, 

ultimately bridging the current 

disconnect between AI-driven 

diagnostic tools and routine clinical 

practice (Koh et al., 2022; Vallières et 

al., 2017). As large-scale datasets and 

prospective trials emerge, refining these 

workflows to account for diverse 

radiation dose distributions and 

biological variables will be essential to 

improving the accuracy of pain severity 

forecasting (Barua et al., 2021; Wishart 

et al., 2023). Additionally, adopting 

explainable artificial intelligence 

techniques will be critical to ensuring 

that predictive outputs remain 

interpretable for clinicians, thereby 

facilitating informed decision-making 

in the management of long-term 

survivorship complications (Gholizade 

et al., 2025). Standardization of 

radiomic feature extraction and 

rigorous multi-center validation 

protocols remain critical to overcoming 

the current limitations of retrospective 

study designs and ensuring model 

generalizability (Isaksson et al., 2020; 

Zhang et al., 2020). Adopting these 

rigorous frameworks will help mitigate 

the "black box" nature of current 

machine learning models, fostering the 

clinician trust necessary for widespread 

implementation (Ak et al., 2021). 

Furthermore, the synergy between 

human clinical expertise and machine 

learning, often conceptualized as the 

"centaur" radiologist model, will be 

fundamental in synthesizing these 

complex quantitative outputs with 

broader electronic health record data to 

optimize personalized treatment 

pathways (Rudie et al., 2019). By 

addressing challenges such as data 

standardization and the scarcity of 

large-scale, prospective clinical 

datasets, this integrative approach may 

eventually transform the management 

of treatment-related toxicities (Piffer et 

al., 2024; Singh et al., 2024). 

Specifically, establishing standardized, 
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multicenter validation frameworks and 

open-access imaging databases is 

essential to facilitate the rigorous 

external testing required for 

translational practice (Shi et al., 2025). 

Adherence to the FAIR guiding 

principles for data accessibility and 

interoperability will be equally vital to 

ensure that these models remain 

consistent across diverse institutional 

environments (Shui et al., 2021). 

Moreover, longitudinal tracking of 

patient outcomes is necessary to ensure 

that these AI-driven predictions 

accurately reflect temporal changes in 

disease progression and actual 

treatment responses (Xu et al., 2025). 

Integrating heterogeneous clinical data, 

such as proteomic and genomic 

profiles, with these imaging signatures 

may further enhance the predictive 

accuracy and biological coherence of 

such models (Zheng et al., 2025). 

Ultimately, the adoption of 

standardized imaging biomarker 

nomenclature, as advocated by the 

Image Biomarker Standardisation 

Initiative, is imperative to ensure that 

these sophisticated quantitative models 

achieve the necessary reproducibility 

for clinical integration (Chetan & 

Gleeson, 2020). Addressing the 

susceptibility of high-dimensional 

radiomic signatures to overfitting and 

feature redundancy will remain a 

primary focus to ensure that these 

biomarkers do not simply capture noise, 

but rather represent genuine 

pathophysiological substrates of 

chronic nerve damage (Cobo et al., 

2023). To mitigate these concerns, 

visualizing deep learning features 

through saliency mapping or SHAP 

values may help demystify the 

decision-making process and align 

computational predictions with 

established clinical pathophysiology 

(Liu et al., 2019; Shahriari et al., 2025). 

Ongoing research into the 

standardization of imaging protocols 

and acquisition parameters is 

simultaneously essential to minimize 

technical variability that can otherwise 

introduce confounding artifacts during 

feature extraction (Jha et al., 2023), 

(Lambin et al., 2017). particularly when 

harmonizing multi-institutional data to 

ensure that quantitative metrics remain 

consistent despite variations in scanner 

hardware and reconstruction settings 

(Chiu & Yen, 2023).  

METHODOLOGY 

The study design incorporates a 

retrospective analysis of high-

resolution computed tomography and 

magnetic resonance imaging from 

patients treated for head and neck 

squamous cell carcinoma, utilizing 

standardized image preprocessing 

pipelines to ensure data homogeneity 
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(Timmeren et al., 2020). To mitigate 

technical bias arising from multi-

institutional acquisition, image 

intensities were normalized using Z-

score standardization and resampled to 

an isotropic voxel spacing of 1.0 mm 

(Sarac & Güveniş, 2024). Feature 

extraction was subsequently performed 

using a combination of PyRadiomics-

derived handcrafted descriptors and 

deep learning-based bottleneck features 

to capture both macro-morphological 

and micro-textural heterogeneity (Chen 

et al., 2025; Xiao et al., 2025). To 

address the high-dimensionality of 

these extracted features, an adapted 

Borda score was utilized to aggregate 

feature ranks, thereby improving the 

stability of selection across diverse 

bootstrap iterations (Leger et al., 2017). 

Following this dimensionality 

reduction, a consensus clustering 

approach was applied to identify robust 

feature subsets, thereby minimizing the 

impact of potential inter-observer 

segmentation variability (Haider et al., 

2020; Parmar et al., 2015). 

Subsequently, predictive models were 

trained utilizing these selected features 

to correlate imaging patterns with 

established neuropathic pain scales, 

employing rigorous cross-validation to 

manage the inherent challenges of high-

dimensional data and potential 

overfitting (Elhalawani et al., 2018; 

Jethanandani et al., 2018). To ensure 

model interpretability, ensemble 

methods such as random forests were 

employed, as these architectures 

effectively manage complex 

multivariate data while offering insights 

into the specific imaging features 

driving pain severity (Latypov et al., 

2023). Furthermore, intra- and inter-

observer reliability were systematically 

evaluated using intraclass correlation 

coefficients to confirm that selected 

textural features remained consistent 

across different clinical raters (Cao et 

al., 2023; Chen et al., 2024). 

Additionally, intensity normalization 

techniques were applied across the 

primary tumor volumes to reduce 

technical variance and enhance the 

reproducibility of textural biomarkers 

(Haider et al., 2024). Following 

extraction, feature stability was 

rigorously assessed by determining 

Kendall’s coefficient of concordance, 

ensuring that only robust metrics were 

retained for downstream model 

construction (Mes et al., 2020). In 

accordance with established protocols, 

features demonstrating an intraclass 

correlation coefficient greater than 0.75 

were prioritized, as this threshold is 

widely recognized to indicate high 

reliability and consistent diagnostic 

instruction (Wu et al., 2024). 

Furthermore, the pipeline implemented 
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a rigorous feature stability assessment, 

categorized by the 95% confidence 

interval of these coefficients, to 

distinguish between poor and excellent 

reliability (Bae et al., 2020).  

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 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 
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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 
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Shape 14 8 

GLCM texture 24 15 

GLRLM texture 16 9 

PET metabolic 10 6 

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 
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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 

 

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 predictive performance of these 

radiomic models demonstrated a 

superior ability to identify patients at 

high risk for neuropathic pain compared 

to conventional clinical staging 

parameters. Specifically, the integration 

of textural heterogeneity within the 

perineural space captured subtle signal 

alterations that standard morphological 

assessments frequently overlook. 

Furthermore, multivariate analysis 

revealed that specific grey-level size 

zone matrix features and neighborhood 

gray-tone difference matrix descriptors 

significantly correlated with self-
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reported neuropathic symptoms, 

providing a quantifiable link between 

imaging phenotypes and underlying 

neuronal distress (Liu et al., 2024), 

(Wakabayashi et al., 2021). These 

findings are supported by the use of 

random forest classifiers, which 

effectively leverage ensemble decision 

trees to isolate complex patterns 

associated with chronic pain responses 

(Kann et al., 2018), (Zhang et al., 2025). 

Moreover, saliency mapping analysis 

indicated that predictive utility was 

heavily concentrated within the 

perineural tumor microenvironment, 

suggesting that these regions serve as 

primary surrogates for structural nerve 

involvement (Pai et al., 2024). 

However, the clinical utility of these 

signatures necessitates further 

validation across diverse patient cohorts 

to confirm that the observed 

associations between radiomic 

phenotypes and symptomatic pain are 

not biased by institutional scanner 

variability (Fornacon-Wood et al., 

2020). To further bolster the robustness 

of these findings, future research should 

integrate image perturbation strategies 

to evaluate model sensitivity and ensure 

consistent performance across 

heterogeneous imaging conditions 

(Teng et al., 2022). Additionally, 

investigating the distinction between 

feature repeatability and reproducibility 

remains critical, as phantom-based 

experiments suggest that a significant 

proportion of textural descriptors may 

exhibit scanner-specific dependencies 

rather than absolute temporal stability. 

Given these limitations, future efforts 

must prioritize the harmonization of 

radiomic features to account for these 

acquisition-related variabilities, which 

are known to impact the accuracy of 

predictive modeling (Hassan et al., 

2018; Llorián-Salvador et al., 2023). 

Moreover, clinical implementation 

must address the current lack of 

standardized metrics, which often 

complicates the comparative 

assessment of model efficacy across 

varied oncology settings (Salama et al., 

2023). In this context, the development 

of collaborative, multicenter studies 

leveraging publicly accessible data 

repositories is essential to establish the 

reproducibility of these radiomic 

techniques (Park et al., 2020). Such 

initiatives must prioritize the adoption 

of standardized radiomics quality 

scores and IBSI-compliant pipelines to 

mitigate methodological heterogeneity 

(Wang et al., 2022). Furthermore, 

transitioning these models into routine 

clinical workflows requires the 

inclusion of multimodal data, such as 

patient-reported psychological 

outcomes, to develop more 

comprehensive prognostic nomograms 
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that refine individual symptom 

management (Jiang et al., 2024). 

Finally, incorporating automated image 

segmentation methods will be 

imperative to minimize human-centric 

variations and promote the broad 

clinical translation of these quantitative 

biomarkers (Kang et al., 2023). 

Adopting these standardized practices, 

such as those promoted by the Image 

Biomarker Standardization Initiative, 

remains a vital prerequisite for 

validating these models in prospective 

multi-institutional trials before they can 

be integrated into standard clinical 

decision-making systems (Huang et al., 

2024), (Yolchuyeva et al., 2023), (Bera 

et al., 2018). Finally, establishing 

imaging biobanks that provide access to 

aggregated, protocol-consistent data 

will be crucial for facilitating the large-

scale external validation required to 

advance these tools toward precision 

medicine (Scapicchio et al., 2021).  

CONCLUSION  

This study demonstrates the potential 

value of combining neuropa-radiomic 

imaging features with machine learning 

methods for predicting neuropathic pain 

severity in head and neck cancer 

survivors. Neuropathic pain after 

cancer treatment is often complex, 

multifactorial, and difficult to assess 

using clinical judgment alone. By 

incorporating imaging-derived 

biomarkers with clinical and treatment-

related data, the proposed framework 

offers a more objective and 

personalized approach to pain risk 

assessment. The results suggest that 

radiomic patterns may provide useful 

information about post-treatment tissue 

changes, nerve involvement, and 

structural alterations associated with 

neuropathic pain severity. Machine 

learning models can further enhance 

this process by identifying hidden 

relationships among imaging features, 

patient characteristics, and pain 

outcomes. Such predictive tools may 

help clinicians recognize patients at 

higher risk of moderate to severe 

neuropathic pain earlier in the 

survivorship pathway. Overall, this 

study supports the growing role of 

artificial intelligence in cancer 

survivorship care, particularly in 

improving pain prediction, treatment 

planning, and follow-up monitoring. 

The integration of radiomics and 

machine learning may contribute to 

more targeted pain management 

strategies, reduced long-term suffering, 

and improved quality of life among 

head and neck cancer survivors. Future 

work should validate the proposed 

model on larger multicenter datasets, 

include external testing, and explore 

explainable AI methods to improve 

clinical trust and practical 
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implementation. 
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