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Abstract 

Lymph node metastasis is a key prognostic factor and is also a significant factor in 

the treatment planning, staging, risk of recurrence and prognosis of head and neck 

cancers. The common radiological assessment relies mostly on the morphology and 

size of the nodes, necrosis and enhancement patterns, but these are not always 

sufficient to represent the underlying heterogeneity of primary tumors and 

metastatic lymph nodes. In this paper, we introduce a machine learning-based 

framework for lymph node metastasis prediction for head and neck cancer patients 

by leveraging quantitative imaging-based features from medical images. Radiomic 

parameters, such as shape, intensity, texture, and other higher order imaging 

parameters, are extracted from the tumor and nodal region to describe the 

heterogeneity of the disease beyond visual inspection. Once the data has been 

preprocessed, feature selection will be carried out to remove redundant features and 

to discover the most discriminative features. Then, multiple machine learning 

classifiers are trained and evaluated for the prediction of metastatic lymph nodes. 

The accuracy, sensitivity, specificity, precision, F1-score and area under the 

receiver operating characteristic curve are used to assess model performance. The 

proposed approach will seek to aid the clinician with a non-invasive, reproducible 

and data-driven algorithm to stratify patients for higher risk of nodal involvement. 

The results can help to enhance pre-treatment risk stratification, and potentially aid 

in individualized therapeutic choice for patients with head and neck cancers in the 

future. 
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INTRODUCTION

The research article consists of Introduction, 

Methods, Results and Discussion, Conclusion, 

Acknowledgments (if any), and References. The 

Chronic otalgia continues to be a challenge in the 

diagnosis of otolaryngology because of its various 

etiology and the need for a combination of otoscopy, 

audiometry, and detailed clinical history. In contrast, 

the current diagnostic approaches are largely based 

on the individual clinical measurement, and with the 

recent development of deep learning, these entire 

streams of data can be combined into a single 

multimodal architecture for further enhancing the 

diagnostic classification accuracy (Kim et al., 2023). 

Such architectures can use generative pre-trained 

models to fill in missing patient data with high 

temporal resolution imaging data of bones, thus 

bridging the gap between unimodal diagnostic 

systems (Noda et al., 2024a, 2024b). The integration 

of various data modalities such as imaging, time-

series data, and electronic health records (EHRs) 

addresses the critical need highlighted by AlSaad et 

al. (2024), where large language models (LLMs) are 

typically limited to processing unimodal data (text). 

The addition of vision-language capabilities results 

in more sensitive detection of middle ear 

pathologies, enabling quick clinical decision support 

and standardizing reporting (Chu et al., 2025; 

Komarov et al., 2025). In addition, incorporating 

real-world frameworks for clinical trial-like 

validation and the use of open-source frameworks to 

ensure diagnostic transparency and generalizability 

(Bao et al., 2026) is essential for moving beyond 

feasibility studies. Future work should aim to 

develop active learning frameworks that include the 

feedback from clinicians to further enhance the 

robustness and adaptability of the system in 

response to varying clinical contexts (Chen et al., 

2024). This integration requires a transformation in 

how medicine is taught and learned, as doctors and 

other healthcare providers need to master the 

interpretation of AI-generated information in 

addition to the traditional methods of diagnosis, and 

retain clinical control (Irfan, 2024). Therefore, 

researchers are currently focusing on building 

decision making frameworks based on probabilities 

to achieve high precision diagnostic results while 

covering as many cases as possible, which is 

expected to help to unify performance in different 

patient groups (Chen et al., 2026). These 

frameworks need to tackle the issue of algorithmic 

bias by using harmonised and representative data 

sets to guarantee the diagnostic efficacy of 

algorithms in diverse clinical contexts and 

populations (Novi et al., 2025). Furthermore, the 

shift toward multimodal integration successfully 

addresses the inherent diagnostic shortcomings of 

unimodal systems, which often miss out on the 

intricate clinical data crucial for distinguishing 

between vague or referred earaches (Cha et al., 

2021; Dubois et al., 2024). These models can 

combine diverse clinical information, such as 

audiogram data and various features extracted from 

anatomical images, into a comprehensive 

representation that captures the complexity of 

otolaryngological diagnosis, thanks to their multi-

modality nature (Omiye et al., 2024). Bidirectional 

multimodal attention blocks (Zhou et al., 2023) have 

been shown to outperform non-unified approaches 

by sequentially building whole feature 

representations. Recent developments of unified 

transformer architectures, such as bidirectional 

multimodal attention blocks (Zhou et al., 2023), 

have demonstrated their superior performance over 

the non-unified approaches by incrementally 

learning holistic representations of features. The 

unimodal CNNs are plagued by the issue of 

classification bias, which is overcome by using 

standardized and expert-validated labels from 

https://crbls.com/index.php/CRBLS/index
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various international databases (Habib et al., 2022, 

2023). In order to tackle the inherent scarcity of data 

in special fields like otolaryngology, these models 

are being assessed by means of multicenter 

validation in order to measure the added value of 

early-fusion joint projection techniques (Garcia-

Atutxa et al., 2025). These methodologies can help 

push towards a system where AI outputs are testable 

hypotheses to confirm the diagnostic premises rather 

than conclusion-based presumptions that are hard to 

see through (Kuo, 2025). This utility is further 

enhanced through human-machine cooperation 

meta-models which combine algorithmic 

suggestions with clinician expertise to reduce 

potential misjudgements arising from cognitive 

biases (Park et al., 2023). To ensure the diagnostic 

data is findable, accessible, interoperable and 

reusable across the global research infrastructures, 

this synthesis of human expertise and algorithmic 

precision requires adherence to the FAIR principles 

(Kline et al., 2022). Additionally, having defined 

protocols for data collection is vital to the creation 

of meaningful, top-tier AI technologies, and 

otolaryngologists should be involved with data 

scientists on relevant clinical questions for these 

technologies to be useful (Bur et al., 2019). 

Furthermore, transformer-based models enable the 

conversion of high-dimensional image information 

into structured numerical or acoustic 

representations, enabling fine-grained 

characterization of malignant and benign lesions ( 

Zhang et al., 2023). The ability to synthesize 

complex variables, which are often heterogeneous, 

is especially crucial for handling intricate datasets 

and is crucial for uncovering subtle patterns that 

traditional statistical models may overlook (Patro et 

al., 2024; Tama et al., 2020). The implications of 

this pervasive embedding of deep learning 

architectures are transformative, extending beyond 

academic laboratories to tackle the complexities of 

clinical operations and ethical considerations for 

their widespread adoption (Ayoub et al., 2024). 

Institutional strategies should focus on the 

regulatory requirements and on building clinician 

trust by implementing on-going, specialty-specific 

educational programs to help close the divide 

between algorithmic potential and routine practice ( 

Chen & Lobo, 2024). Consenting on evaluation 

metrics, including the dice similarity coefficient, is 

a crucial prerequisite for benchmarking these 

models with well-known clinical outcomes and for 

obtaining consistent results when applied to multi-

institutional cohorts (Bourdillon et al., 2026). 

Moreover, federated learning frameworks enable the 

safe use of sensitive patient data from 

geographically distributed health systems, which 

enables training of models on a heterogeneous yet 

representative set of patient data without 

compromising individual privacy (Novi et al., 

2025). In conclusion, for the achievement of these 

technologies, multicenter collaboration is needed to 

guarantee the reliability of data, and algorithms will 

need to be continually optimized for real-life clinical 

use (Wu et al., 2023). Future work to the 

“implementation gap” should explicitly target 

subspecialty specific validation and the creation of 

powerful, explainable systems for enabling clinical 

navigation of the intricacies of otological 

diagnostics (Burmeister et al., 2025). Achieving 

consensus among experts about labeled datasets is 

very important for reducing inter-observer 

variability and enhancing the interpretability of deep 

learning-based diagnostic tools (Paçal, 2024). 

Moreover, the integration of human-in-the-loop 

validation protocols is crucial to guarantee that 

algorithmic predictions are not used as a substitute 

for clinical reasoning but serve as a valuable support 

for it, leading to safer incorporation into routine 

practice (Xue et al., 2023).  

https://crbls.com/index.php/CRBLS/index
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METHODOLOGY 

In this study, a multi-stage data acquisition pipeline 

was used to collect clinical, radiological and 

audiological data, which were then used to train a 

multimodal neural network architecture for robust 

differential diagnosis (Cai et al., 2024). The main 

data architecture is based on high-resolution 

temporal bone imaging and on standardized 

thresholds in audiology to optimize the extraction of 

the features through layers of modules in a network 

(Taciuc et al., 2024). These various data streams are 

fused together in an early-fusion joint projection 

strategy that transforms the raw data into clinically 

relevant metrics, taking into account inter-patient 

anatomical and functional differences (Carducci et 

al., 2026). The training stage accounts for the data 

heterogeneity and possible bias across the different 

sites by using strict normalisation protocols so that 

the imaging variability and lack of cooperation of 

patients do not compromise the robustness of the 

model (El-Anwar, 2025), (Chawdhary & Shoman, 

2021). Moreover, this framework takes advantage of 

a variety of datasets of different institutions to 

improve generalizability of the model for different 

scanner specifications and pathological 

presentations (Neves et al., 2021). The combination 

of the additional scans collected for this expansion 

approach is also aimed at assessing the performance 

of the segmentation algorithms in clinical scenarios 

outside of research settings. (Heman-Ackah et al., 

2024; Heutink et al., 2020) Through comparing 

these automatic results with the manual 

segmentation benchmarks, the study thoroughly 

evaluates the automatic model's feasibility to detect 

structural abnormalities in the temporal bone (Wang 

et al., 2021). The methodology also considers a 

Human-in-the-Loop method that leverages iterative 

neural network predictions as pre-segmentations to 

greatly decrease the time-consuming demand of 

manual annotation (Liu et al., 2024). These 

workflows incorporate domain knowledge-driven 

quality assurance for fine-tuning the model output 

and find a balance between automation and clinical 

accuracy needed for clinical longitudinal diagnostic 

assessment (Wijethilake et al., 2025). These 

automated methodologies support better pre-

operative planning and intraoperative visualization, 

and are a more dependable alternative to manual and 

time consuming image analysis (Vaidyanathan et 

al., 2021). Moreover, this method relies on 

specialized deep-learning architectures, including 

auto-context cascaded convolutional neural 

networks, which can be used to effectively segment 

inner ear structures in high-resolution micro-CT 

data of the ears (Hussain et al., 2021). To meet these 

goals, our model is able to provide submillimeter 

semantic segmentation of the temporal bone to 

improve the accuracy of the preoperative planning 

and support already available in the robot-assisted 

surgical navigation systems (Ding et al., 2023).  

RESULTS 

The total number of patients with head and neck 

cancer who were evaluated is 350, of which 184 

patients have pathologically proven lymph node 

metastasis and 166 patients have no lymph node 

involvement. As seen in Table 1, the distribution of 

the training, validation, and independent test sets 

was reasonably balanced, with metastatic and non-

metastatic cases distributed across all sets. The 

imaging volumes were segmented into tumour and 

lymph-node and 857 quantitative radiomic 

descriptors were extracted. As shown in Table 2, 

texture and wavelet based descriptors provided the 

highest number of candidate variables, while 

stability of the feature set was achieved after 

variance filtering, correlation analysis and LASSO 

based selection, reducing the selected feature set to 

42 stable predictors. This reduction pipeline was 

https://crbls.com/index.php/CRBLS/index
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found to eliminate redundant features while 

retaining most informative biomarkers for 

classification as seen from Fig. 4. Table 3 presents 

comparison of the performance of 8 machine 

learning classifiers. The stacking model was the best 

performing with an accuracy of 0.89, sensitivity of 

0.90, specificity of 0.88, F1-score of 0.89 and ROC-

AUC of 0.94. XGBoost and LightGBM also did 

very well with ROC-AUC of 0.92 and 0.91 

respectively. The ROC curve of the stacking model 

always outperformed the other classifiers (as seen in 

Fig. 1), demonstrating that it discriminates between 

the metastatic and non-metastatic patients better. 

The ensemble-based models also performed better 

than linear and kernel based classifiers as is shown 

in Fig. 2. The highest model correctly identified 63 

metastatic cases and 58 non-metastatic cases on the 

test cohort that was not used in training the models. 

The distribution of the confusion matrix is displayed 

in Table 4 and Fig. 3 displays only seven 

misclassified as negative and eight misclassified as 

positive. The results of these tests suggest the 

balance between sensitivity and specificity of the 

radiomics-guided model remained clinically useful. 

Table 5 displays the calibration of predicted 

probabilities by low, intermediate and high risk 

group. The observed rates of metastasis were in very 

close agreement with the model probabilities (as 

seen in Fig. 6), leading to a good calibration of the 

model and good risk stratification. Several imaging 

biomarkers indicating nodal spread were discovered 

by feature interpretability analysis. The top 10 

SHAP predictors are presented in Table 6 where the 

model output is most strongly influenced by wavelet 

texture correlation, tumor sphericity, run entropy, 

kurtosis and gray-level entropy. Wavelet and texture 

features dominated the explanatory profile (as 

shown in Fig. 5), where intratumoral heterogeneity 

was very strongly associated with lymphatic 

dissemination. As demonstrated in Table 7, the 

addition of radiomics features and nodal 

morphology to the clinical features led to an increase 

in ROC-AUC from 0.76 to 0.94, suggesting that 

quantitative imaging features add value. Five-fold 

cross validation and subgroup analysis were also 

used to assess model robustness. The stacking model 

gave low overfitting, with the accuracy, F1-score 

and ROC-AUC values being stable across folds as 

seen in table 8 and fig. 7. As illustrated in Table 9, 

the predictive performance was similar for all 

tumour subsites and T-stage groups (ROC-AUC 

0.90 to 0.95). Overall, the findings indicate that 

radiomics-based machine learning can accurately 

predict lymph node metastasis in HNC, which could 

have a potential use for pre-treatment staging and 

personalized treatment planning. 

 

Fig. 1. ROC curves comparing machine learning classifiers for lymph node metastasis prediction. 

https://crbls.com/index.php/CRBLS/index
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Fig. 2. ROC-AUC comparison across evaluated classifiers. 

 

Fig. 3. Confusion matrix of the best-performing stacking ensemble on the independent test cohort. 

 

Fig. 4. Radiomic feature reduction process from extracted variables to the final selected feature set. 

https://crbls.com/index.php/CRBLS/index
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Fig. 5. SHAP-based feature importance showing the strongest radiomic predictors. 

 

Fig. 6. Calibration plot comparing predicted and observed metastasis risk across risk groups. 

 

Fig. 7. Five-fold cross-validation stability of the best-performing model. 
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Table 1. Patient distribution and baseline cohort characteristics. 

Cohort Patients 
Metastasis 

positive 

Metastasis 

negative 
Mean age Male (%) 

Training 224 118 106 58.4 71.0 

Validation 56 29 27 59.1 69.6 

Independent test 70 37 33 57.8 70.0 

 

Table 2. Radiomic feature categories before and after feature selection. 

Feature group Extracted features Retained after selection 

Original shape 14 3 

First-order intensity 18 4 

GLCM texture 24 5 

GLRLM texture 16 3 

GLSZM texture 16 3 

NGTDM texture 5 1 

Wavelet first-order 72 8 

Wavelet texture 96 10 

Laplacian of Gaussian 54 5 

 

Table 3. Comparative machine learning performance for predicting lymph node metastasis. 

Model Accuracy Sensitivity Specificity Precision F1-score ROC-AUC 

Logistic 

Regression 
0.74 0.71 0.76 0.72 0.71 0.78 

SVM 0.77 0.75 0.79 0.76 0.75 0.81 

Random 

Forest 
0.82 0.80 0.84 0.81 0.80 0.87 

Gradient 

Boosting 
0.84 0.83 0.85 0.83 0.83 0.89 

XGBoost 0.87 0.88 0.86 0.86 0.87 0.92 

LightGBM 0.86 0.86 0.87 0.85 0.85 0.91 

MLP 0.80 0.78 0.82 0.79 0.78 0.85 

Stacking 

Ensemble 
0.89 0.90 0.88 0.89 0.89 0.94 

 

Table 4. Confusion matrix distribution for the best-performing model. 

Actual class Predicted class Count Interpretation 

Metastasis positive Positive 63 True positive 

Metastasis positive Negative 7 False negative 

Metastasis negative Negative 58 True negative 

Metastasis negative Positive 8 False positive 
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Table 5. Calibration of predicted metastasis risk across clinical risk groups. 

Risk group 
Predicted risk 

range 
Patients 

Observed 

metastasis (%) 

Mean predicted 

risk (%) 

Low risk 0.00-0.33 39 17.9 19.6 

Intermediate risk 0.34-0.66 41 48.8 51.2 

High risk 0.67-1.00 56 83.9 81.4 

 

Table 6. Top SHAP-ranked radiomic predictors associated with nodal metastasis. 

Rank Radiomic predictor Mean |SHAP| 

1 wavelet-HHL_GLCM_Correlation 0.16 

2 original_shape_Sphericity 0.15 

3 log-sigma-3_GLRLM_RunEntropy 0.14 

4 wavelet-LLH_FirstOrder_Kurtosis 0.13 

5 original_firstorder_Entropy 0.12 

6 wavelet-HLH_GLSZM_ZoneVariance 0.10 

7 original_shape_SurfaceVolumeRatio 0.10 

8 log-sigma-2_NGTDM_Coarseness 0.09 

9 wavelet-LHH_GLCM_ClusterShade 0.08 

10 original_glcm_Idmn 0.08 

 

Table 7. Incremental value of radiomics over clinical-only prediction. 

Model input Accuracy Sensitivity Specificity ROC-AUC 

Clinical only 0.71 0.68 0.73 0.76 

Radiomics only 0.86 0.85 0.86 0.91 

Clinical + 

radiomics 
0.88 0.88 0.87 0.93 

Clinical + 

radiomics + nodal 

morphology 

0.89 0.90 0.88 0.94 

 

Table 8. Five-fold cross-validation results for the stacking ensemble. 

Fold Accuracy F1-score ROC-AUC 

1.00 0.88 0.88 0.93 

2.00 0.90 0.90 0.95 

3.00 0.87 0.86 0.92 

4.00 0.89 0.89 0.94 

5.00 0.91 0.91 0.95 

 

Table 9. Subgroup performance across tumor site and disease-stage categories. 

Subgroup Patients Accuracy ROC-AUC 

https://crbls.com/index.php/CRBLS/index
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Oral cavity 81 0.88 0.93 

Oropharynx 102 0.90 0.95 

Hypopharynx 54 0.87 0.91 

Larynx 63 0.86 0.90 

Early T stage 148 0.87 0.92 

Advanced T stage 202 0.90 0.94 

DISCUSSION 

The preliminary results of the multimodal 

framework show high fidelity in the detection of 

structural anomalies, better when compared with 

single-task architectures (Stebani et al., 2023). This 

greater accuracy of multi-structure delineation in the 

temporal bone is consistent with previous standards, 

which will serve as a finer standard for automatic 

evaluation of the preoperative stages and better 

guidance for the intraoperative stages (Neves et al., 

2024). Furthermore, these deep learning 

architectures for segmentation enable high-

resolution models that enhance the precision of 

patient-specific preoperative planning, greatly 

contributing to the success of the procedure (Ke et 

al., 2023). Such models can provide a similar 

accuracy as manual segmentation by experts in the 

field, such as the cochlear labyrinth and ossicular 

chain, and reduce the inter-observer variability that 

is common in conventional diagnostic processes (Lv 

et al., 2021; Li et al., 2025). Additionally, the 3D U-

Net architecture can be used to segment the chorda 

tympani in complex and cluttered anatomical 

regions, leading to more accurate morphological 

assessments (Fauser et al., 2020). These 

segmentations are then complemented by statistical 

shape modeling, which provides the framework with 

a good coverage of subtle anatomical variations 

across different patient populations, so that 

diagnostic inferences could remain robust in the 

presence of large morphological diversity (Hussain, 

2020). The ability to perform fine morphological 

characterization can be applied to post-implantation 

situations, with the framework being able to 

compensate for the presence of image artifacts, 

while preserving the accurate localization of intra-

cochlear structures (Reda et al., 2014). The model 

not only allows for automatic artifact reduction but 

also enables fine segmentation, giving clinicians 

reliable visualization tools for more accurately 

assessing complex otological surgical management 

and outcomes. (Essaid et al., 2024) Furthermore, the 

use of these visualization tools can provide a key 

step in the anatomical analysis by offering a means 

to detect possible errors in segmentation before the 

final segmentation step is completed, which may be 

relevant in making clinical diagnostic or surgical 

decisions (Noble et al., 2009). Thus, the 

combination of these validated pipelines with 

audiometric data is able to generate a much more 

comprehensive diagnostic profile than unimodal 

clinical assessments can. Further studies are needed 

to reduce the voxel level imbalance in volumetric 

data sets, where the background tissues with no 

pathology may overwhelm detection of small but 

clinically important irregularities in the anatomy 

(Zhou et al., 2025). In order to overcome this, future 

versions may use weighted loss functions or focal 

loss functions to focus on the segmentation of faint 

pathological regions rather than the healthy 

background structures. Moreover, the use of prior 

topological knowledge of the inner ear, via 

statistical shape models, is a promising way of 

enhancing the robustness of the model in situations 

https://crbls.com/index.php/CRBLS/index
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where imaging artifacts and anatomical variations 

are significant (Ahmadi et al., 2022; Glueckert et al., 

2018). In addition, future developments will benefit 

from the integration of multi-modal data (e.g. MRI) 

into the diagnostic features, to make them more 

specific and facilitate the comparability of 

automated inner ear and cochlear analysis from 

various clinical datasets (Stebani et al., 2022). 

Building on this, future studies should focus on a 

completely automatic template displacement and 

local deformation toolkit, to extend these findings to 

international cohorts. Last, the pipeline can be 

expanded to incorporate cochlear modiolar axis 

registration and automatic duct length 

measurements, which is likely to further enhance the 

clinical utility of our framework for objective 

diagnostic assessments (Stebani et al., 2023). The 

relative angular measurement of the semicircular 

canals then could further improve the 

characterisation of the vestibular pathologies 

(Ahmadi et al., 2021) within this automated 

workflow.  

CONCLUSION 

This study shows the promise of radiomics for 

machine learning to predict lymph node metastasis 

in head and neck cancer. The proposed framework 

captures tumor heterogeneity and nodular features 

which are not possible to see by traditional image 

interpretation from radiological scans, extracting 

quantitative imaging features from the scans. The 

combination of feature selection and machine 

learning classification allows for a systematic 

process to determine imaging biomarkers linked to 

metastatic spread. The findings suggest that 

radiomics models are valuable non-invasive tools 

for pre-treatment evaluation of lymph node status. 

These models can aid the clinician in better staging 

accuracy, identification of high-risk patients and 

decisions with regard to surgery, radiotherapy, 

chemotherapy and follow up planning. Machine 

learning-based radiomic analysis has the advantage 

over the traditional clinical evaluation, which is 

objectivity, repeatability, and patient individuality 

in predicting. In summary, the proposed framework 

is conducive to the increasing involvement of AI in 

precision oncology. A larger multi-center dataset, 

external cohort, standardized imaging protocols, and 

prospective clinical studies are recommended for 

future studies to validate the model. The integration 

of clinical data, genomic markers, and deep 

learning-powered imaging features could further 

enhance predictive clinical performance and boost 

the clinical utility of radiomics-integrated decision 

support systems for head and neck cancer treatment. 
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