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Abstract

Head and neck cancer is a very heterogeneous disease with marked variations in aggressiveness, response to therapy, 

recurrence rate and survival. Traditional risk stratification methods include clinicopathological characteristics, such as 

stage of the tumor, the presence of nodes, histological grade and treatment history, but these factors do not necessarily 

reflect the biological heterogeneity of the disease course. The authors of this paper introduce an explainable artificial 

intelligence approach to the risk stratification in head and neck cancer patients by combining tumor genomics and 

imaging biomarkers. The study emphasizes the need for the molecular data, including mutation data, gene expression 

signatures and genomic data, in addition to the radiomic and imaging-derived data obtained from imaging exams. The 

framework uses machine learning and deep learning techniques to classify patients into clinically relevant groups based 

on prognosis and recurrence, probability of survival, treatment resistance, and disease progression. Explainability 

methods are used to highlight the genomic and imaging features which are most influential to the model predictions, to 

enhance clinical trust and transparency. The proposed solution can help enable personalized oncology, leading to more 

accurate predictions, an individual treatment plan and better clinical decisions. In conclusion, the study underscores 

the promise of Explainable AI in connecting multimodal cancer data and precision medicine in the context of head and 

neck oncology. 
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INTRODUCTION 

Combining multi-modal data such as high 

throughput genomic data and non-invasive 

radiomic features has been a major milestone 

in addressing the large clinical diversity seen 

in head and neck cancers (Torres, 2026). 

These are then integrated into a machine 

learning system which can be used to build 

more complex models that capture the 

intricate relationship between the 

morphology and the underlying molecular 

perturbations of a tumour (Peng et al., 2021; 

Vallières et al., 2017). However, many DL 

architectures are challenging to use clinically 

as they have a ‘black-box' nature, meaning 

that it is difficult to understand how the 

predictive outcomes are achieved (Alum et 

al., 2026; Trivizakis et al., 2020). They are 

typically more accurate in predicting 

outcomes than traditional statistical 

approaches, but are hindered by the 

requirement to rely on high-dimensional, 

non-linear abstractions of features that are 

often not perceptible by the human eye and 

mind, and their inability to provide useful and 

biologically plausible insights for prediction 

and action, crucial for informing 

personalized care (Arango-Argoty et al., 

2025; Trivizakis et al., 2020). One of the 

most important hurdles for clinical use is the 

lack of understanding of the logic behind the 

model classification and/or the risk 

assessment, especially in the complex 

clinical scenario of head and neck 

malignancies, where therapy decisions can be 

either intensive surgical treatments or 

targeted radiotherapy and/or immunotherapy 

(Alum et al., 2026; Lu et al., 2023). Make 

sure the model is based on real understanding 

of the morphology or molecular markers of 

the tumour and not on spurious correlations 

detected in the data, otherwise a clinician 

may be misled and reach an incorrect 

decision or may perpetuate algorithmic bias 

(Alum et al., 2026; Lu et al., 2023). The new 

concept of Explainable Artificial Intelligence 

(XAI) aims to make these black-box 

decision-making processes understandable 

and interpretable, giving clinicians the ability 

to check and validate the results of models 

with known clinical and biological 

information (Arango-Argoty et al., 2025; 

Wysocka et al., 2023). Interpretability 

techniques, like post-hoc feature attribution 

methods such as Shapley Additive 

explanations (SHAP) or Local Interpretable 

Model-agnostic Explanations, can be used to 

quantify the contribution of each radiomic 

feature and genomic marker, and thereby 

increase the confidence in the models' 

prognostic capacity (Alum et al., 2026; 
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Unger & Kather, 2024). Moreover, 

employing biologically relevant constraints 

(and not only post hoc interpretations) may 

help to better align algorithmic 

representations with known clinical 

pathophysiology, further enhancing its safety 

and reliability of risk stratification (Tran et 

al., 2021; Wang et al., 2024; Wysocka et al., 

2023). This paradigm shift towards 

transparent, accountable, and biologically 

informed AI is crucial to the realization of 

precision oncology in head and neck cancer, 

as the future of prognostic systems holds the 

promise of not just predicting optimal patient 

outcomes, but also understanding the 

intricate and complex biological dynamics of 

treatment response and disease progression, 

ultimately driving a stronger and clinician-

focused approach to personalized medicine 

(Alum et al., 2026; Azuaje, 2019). To achieve 

this, it is still crucial to conduct careful 

testing in multiple institutions with their data 

sets that will give the necessary robustness to 

the technical variation in everyday clinical 

practice (Alabi et al., 2025). In order to 

address these challenges, there is a need for 

standardized data collection methods and 

calibration using phantoms to minimize inter-

scanner heterogeneity (Koh et al., 2022). 

Furthermore, the use of systematic 

nomenclature and image processing pipelines 

as advocated by the Image Biomarker 

Standardization Initiative is crucial for the 

repeatability of these quantitative signatures 

in different diagnostic settings (Sarac & 

Güveniş, 2024). These activities are naturally 

linked to the guiding principles of FAIR 

(Shui et al., 2021) and support the goals of 

FAIR research objectives that are traceable, 

accessible and interoperable for independent 

validation. Moreover, standardized reporting 

platforms such as TRIPOD or PROBAST are 

crucial for critically evaluating prognostic 

models with regard to generalizability prior 

to clinical application (Adeoye et al., 2023). 

Besides these methodological demands, there 

is a need for the transition towards clinical 

use to develop modular regulatory regimes 

that explicitly address the specific safety and 

ethical issues of autonomous decision 

support systems (Mäkitie et al., 2023). 

Importantly, these should be designed as a 

supplementary supporting application rather 

than a replacement for the skills and 

knowledge of treating physicians, and not 

take away from the ultimate decision making 

power of the human decision maker (Hu et 

al., 2025). Third, the tools should be routinely 

evaluated in randomized clinical trials, and 

there needs to be strong evidence to support 

their introduction, based on well defined 

imaging components that would make the 
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tools broadly adoptable for clinical practice 

to be sustainable. In addition, inter-

comparability and standardization between 

radiological algorithms from various 

research institutions will be necessary, which 

will be facilitated by the use of shared 

databases that will contain radiomic 

algorithms and curated features sets. (Lambin 

et al., 2017) The main importance of this is to 

pay attention to transparency throughout the 

radiomics workflow, particularly in the 

acquisition and pre-processing stages, and 

minimize the confounding factors to support 

use of these prognostic tools (Timmeren et 

al., 2020). Safe federated learning 

environments could enable collaborative 

model training even in the face of the existing 

challenge of data silos, while meeting 

regulatory requirements for patient privacy 

(Teng et al., 2025; Sollini et al., 2019). These 

cooperative strategies can be used to improve 

the establishment of a more reliable RQS that 

can be used to objectively compare the 

predictive value of the new variables to the 

currently utilized prognostic variables (Liu et 

al., 2019; Vallières et al., 2017). In addition, 

systematic linking of these standardized 

radiomic features to multi-omic molecular 

profiles will help to develop more robust, 

integrative prognostic models that will better 

reflect the intrinsic pathophysiology of the 

tumors (Acharya et al., 2018; Tay et al., 

2023). The wide-spread application of AI-

driven oncological decision support in 

clinical practice relies on this synergy of 

heterogeneous data through common 

ontologies, and in turn it is crucial to bridging 

the longstanding translational barrier (Xu et 

al., 2025).  

METHODOLOGY 

The following section details of a 

retrospective study of the multi-institutional 

cohort of which high dimensional radiomic 

data from contrast enhanced computed 

tomography and magnetic resonance imaging 

was combined in the transcriptomic profile to 

define tumor heterogeneity (Jha et al., 2023). 

It is an integrative approach that is based on 

a hybrid feature selection strategy to address 

the dimensionality problem always 

associated with multi-modality of data (Kang 

et al., 2023). In particular, the methodology 

employs attention-based neural networks to 

adaptively emphasize the importance of each 

imaging phenotype and gene expression, 

enabling a unified integration of diverse 

information sources (Li et al., 2025). To 

ensure the robustness of this integration, the 

pipeline features a series of preprocessing 

steps designed to ensure consistency of 

feature extraction across multi-center 
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imaging platforms (Horvat et al., 2024; Li, 

2026). Following this synchronization, the 

next set of inputs undergoes another 

dimensionality reduction via elastic net 

regularization, to identify the most 

biologically relevant biomarkers to predict 

modeling (Zheng et al., 2025). The dual-

stream architecture allows for the model to 

identify non-linear prognostic associations 

which are not captured by the traditional 

feature concatenation techniques (Trivizakis 

et al., 2023). In addition, to measure the 

reproducibility of imaging phenotypes 

extracted from the model, a Radiomics 

Quality Score was included in this 

framework and to ensure that the model 

meets the defined standardization criteria (Li 

& Zhou, 2022). Moreover, the clinical factors 

and longitudinal health information were 

integrated into the model, which has been 

demonstrated to have an RCI of over 0.80 for 

predicting ST recurrence (Shen et al., 2025). 

Along with these complex feature 

relationships, these features are also 

interpreted through the use of integrated 

gradient-based saliency maps, allowing for 

the visualization of the similarity of the 

spatial distribution of radiological features 

across molecular signatures (Paverd et al., 

2024). Such saliency maps are extremely 

helpful to the clinician when interpreting the 

observed imaging patterns and are a benefit 

over the “black-box” deep learning models 

(Ran et al., 2025; Zhao et al., 2026). 

Additionally, with the adoption of attention-

based architectures, regions of interest can be 

identified, each with a molecular 

heterogeneity associated with it, providing a 

step from the high-level radiographic 

phenotype to molecular expression 

(Haghighat et al., 2025). The framework uses 

a multimodal dynamic pooling scheme, with 

the model having different trainable 

parameters for every input modality and thus 

the relative predictive contributions of 

imaging data and genomic data can be 

determined separately (Vanguri et al., 2022). 

This task-specific optimization approach 

helps to avoid overfitting by selecting subsets 

of features which are stable in the face of 

changes in the training data cohort (Shi et al., 

2025). The modular structure enables easy 

processing of multi-institutional data without 

losing properties of complex interactions in 

prognosis, which avoids the common 

problem of using simple hand-crafted feature 

sets that do not capture complex interactions 

in prognosis (Braman et al., 2021). 

Moreover, the framework provides a 

straightforward interpretation of the 

significance of image areas, which avoids the 

ambiguity of the complex deep learning 
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architectures ( Zhang et al., 2024; Zhuang et 

al., 2025). This approach is unique in that it 

directly integrates domain knowledge from 

the biological world into the design of the 

architecture, enabling greater generalizability 

of models as compared to traditional post-hoc 

explanation methods like saliency maps or 

attention maps. This direct mapping of the 

domain-specific biological prior enables the 

model to directly map the latent feature 

activation to pathophysiologic features such 

as extra-tumoral invasion or stromal 

infiltration, without relying on abstract 

mathematical correlations (Jin et al., 2021). 

Thirdly, the design is based on biology to 

increase clinical confidence; the model is 

capable of predicting physiological events, 

which are known to be oncological, and are 

physiologically plausible, as the model's 

decision making process (Jiang et al., 2023).  

RESULTS 

Following the pre-processing, harmonization 

and quality control, 420 head and neck cancer 

patients were included. From Table 1 it is 

evident that the cohort was very clinically 

heterogenous with the majority having 

advanced stage disease and nearly one-third 

of the patients with the predefined high risk 

outcome. All genomic alterations, radiomic 

descriptors, and clinical covariates were 

included in the final matrix for the analytics 

(Table 2), which yielded a compact 

multimodal feature set that is appropriate for 

explainable machine-learning analysis. The 

proposed explainable ensemble model 

achieved the best discrimination with an 

AUC of 0.928 and an accuracy of 0.881 

among all the models evaluated as shown in 

figure 1. The performance of the different 

classifiers and multimodal fusion models are 

presented in Table 3 and the results indicate 

that the multimodal fusion models and deep 

learning models provide enhanced risk 

stratification, which demonstrates that the 

risk stratification was improved by modeling 

imaging and tumor genomics together. 

Logistic regression baseline had moderate 

discrimination while the random forest and 

XGBoost classifiers had better 

discrimination as they were able to capture 

the interaction of the features which is 

nonlinear in nature, for better classification. 

Fusion-based DNN models were the best, 

outperforming imaging-only Radiomics-

CNN and genomics-only DNN models. 

Finally, the final ensemble had the highest 

true positive rate at most of the false positive 

thresholds as shown in Figure 2, meaning that 

it was able to discriminate between low and 

intermediate-risk patients and high-risk 

patients better than any other model. 
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Combining imaging biomarkers with the 

genomic features (AUC = 0.861 – AUC = 

0.889) and attention-based fusion (AUC = 

0.889 – AUC = 0.906) improved the AUC 

values as shown in Table 4. The final 

explainable ensemble had an F1 score of 

0.872, with a balanced sensitivity and 

precision, that was the best performing model 

in the experiments. The confusion matrix of 

the final model is presented in figure 3, which 

indicates a high accuracy and with 

comparatively low number of false positive 

and false negative predictions: 121 high-risk 

patients and 128 low/intermediate-risk 

patients were correctly classified. Model 

calibration analysis also validated the 

reliability of the model. The ensemble had 

the smallest Brier score of 0.137 and the 

closest calibration slope of 0.99 (Table 5). 

The probabilities predicted by the model 

were close to the ideal calibration line in 

Figure 4, so that the model outputs can be 

interpreted as predictions of risk, not simply 

a rank. Table 6 showed that the rate of change 

was 8.5% for the low risk group and 64.4% 

for the high risk group and the clinical order 

of the strata was derived. The separation 

achieved by the proposed framework is 

shown by the changes in the prediction 

probabilities of the high risk patients (Figure 

6). Biologically and radiologically plausible 

prediction-driving drivers were identified 

through explainability analysis. Tumor 

volume, nodal burden, TP53 mutation status, 

ADC texture, and EGFR amplification were 

the most influential variables for the final risk 

score as indicated in figure 5. Table 7 ranks 

the biomarkers, and interpretable genomic 

patterns and imaging evidence support model 

decisions. The satisfactoriness of 

generalizability in the validation settings was 

satisfactory. Table 8 indicates that the AUC 

did not drop below 0.887 in validation with 

external data, and it only slightly decreased 

compared to the internal testing. Finally, as a 

whole, the ensemble performed best on 

clinically relevant thresholds (see Figure 7). 

As a result of the information shown in Table 

9, the proposed approach may reduce the 

number of unnecessary treatment escalations 

by approximately 23 per 100 patients as 

compared to treating every patient with 

severe risk. Overall, these results suggest that 

explainable multimodal AI can offer reliable, 

calibrated and clinically interpretable risk 

stratification scores for patients with head 

and neck cancer. 

 



 
133 

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

MIND QUEST RESEARCH & EDUCATIONAL CENTER (SMC-PRIVATE) LIMITED 

Table 1. Baseline clinical and disease characteristics of the study cohort 

Characteristic Value 

Patients 420 

Median age, years 59 (IQR 51-67) 

Male sex 286 (68.1%) 

HPV-positive tumors 188 (44.8%) 

Stage III-IV 301 (71.7%) 

High-risk outcome 135 (32.1%) 

Table 2. Multimodal feature composition after preprocessing and harmonization 

Modality Features retained 
Missingness after 

preprocessing 

Tumor genomics 42 2.4% 

Radiomics/Imaging 68 1.1% 

Clinical covariates 16 0.7% 

Integrated feature set 126 1.6% 

Table 3. Comparative predictive performance of candidate AI models 

Model Accuracy Precision Recall F1-score AUC 

LR 0.724 0.708 0.691 0.699 0.781 

RF 0.771 0.752 0.744 0.748 0.824 

XGBoost 0.792 0.778 0.769 0.773 0.846 

CNN 0.803 0.791 0.786 0.788 0.858 

Radiomics-

CNN 
0.819 0.812 0.804 0.808 0.872 

Genomics-

DNN 
0.807 0.795 0.792 0.793 0.861 

Late Fusion 0.836 0.829 0.815 0.822 0.889 

Attention 

Fusion 
0.854 0.846 0.837 0.841 0.906 
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Explainable 

Ensemble 
0.881 0.876 0.869 0.872 0.928 

Table 4. Ablation analysis showing contribution of each modality 

Configuration AUC F1-score 

Clinical only 0.741 0.662 

Genomics only 0.861 0.793 

Imaging only 0.872 0.808 

Genomics + imaging 0.889 0.822 

All modalities 0.901 0.834 

All modalities + attention 0.906 0.841 

Final explainable ensemble 0.928 0.872 

Table 5. Calibration performance of selected models 

Model Brier score Calibration slope 
Calibration 

intercept 

Genomics-DNN 0.184 0.860 0.071 

Radiomics-CNN 0.176 0.890 0.058 

Attention Fusion 0.159 0.940 0.036 

Explainable 

Ensemble 
0.137 0.980 0.012 

Table 6. Model-defined risk strata and observed outcome rates 

Risk group Patients, n Observed event rate Mean predicted risk 

Low 142 8.5% 0.11 

Intermediate 143 27.3% 0.31 

High 135 64.4% 0.67 
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Table 7. Top explainable biomarkers identified by SHAP analysis 

Rank Feature Mean |SHAP| 

1 Tumor volume 0.184 

2 Nodal burden 0.163 

3 TP53 mutation 0.142 

4 ADC texture 0.128 

5 EGFR amplification 0.113 

6 Necrosis ratio 0.096 

7 SUVmax 0.081 

8 HPV status 0.064 

9 Grade 0.052 

10 Age 0.039 

Table 8. Internal, temporal, and external validation performance 

Cohort Patients Accuracy AUC 

Internal validation 84 0.881 0.928 

Temporal validation 96 0.854 0.901 

External validation 110 0.836 0.887 

Table 9. Decision-analytic comparison of clinical deployment strategies 

Strategy 
Net benefit at 30% 

threshold 

Avoided unnecessary 

escalation per 100 patients 

Treat all 0.052 0 

TNM staging alone 0.091 9 

Imaging-only model 0.121 15 

Genomics-only model 0.116 14 

Explainable ensemble 0.168 23 
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Figure 1. AUC comparison across risk-stratification models. 

 

Figure 2. ROC curves for selected unimodal and multimodal models. 

 

Figure 3. Confusion matrix for the final explainable ensemble. 
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Figure 4. Calibration curve for the final ensemble model. 

 

Figure 5. SHAP-based global ranking of genomic and imaging biomarkers. 

 

Figure 6. Distribution of predicted risk scores across clinical risk groups. 
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Figure 7. Decision curve analysis across clinically relevant thresholds.

DISCUSSION 

The results indicate that the multimodal 

attention is capable of solving the problem of 

manually defining features in complex head 

and neck tumor microenvironment and that it 

is superior in risk stratification. The results 

suggest that the multimodal attention method 

is capable of solving the challenge of 

manually delineating features within 

complex head and neck tumor 

microenvironments and that multimodal 

attention is superior with regards to risk 

stratification. It is robust against noisy and 

incomplete input features (Zhu et al., 2025) 

since it is a model with certain data 

modalities calibrated for each patient 

instance. Moreover, the observed 

transferability in a variety of clinical 

populations highlights the potential for using 

this framework in clinical practice to support 

individual therapeutic choices (Tang et al., 

2025). Beyond the current best state of the art 

benchmarks, in future, more optimizations of 

the predictive accuracy of future iterations 

will be explored, as well as additional data 

modalities, and emerging pretraining 

strategies, such as contrastive and cross-

modal learning (Azher et al., 2023). At the 

same time, integrating patient-level clinical 

longitudinal data with unannotated 

histopathology will further reduce some of 

the barriers to implementation for the 

clinicians (Esteva et al., 2022). Moreover, it 

is important to further develop methods that 

can effectively distinguish between the 

complex task of predicting survival and 

conventional regression for the 

implementation of these interpretable models 

for time-to-event data ( Chen et al., 2024). 

One way to resolve these challenges is to 

insert the cross-attention mechanism that can 

greatly improve the semantic match between 
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high-dimensional imaging and clinical data 

(Yuan et al., 2025). The idea of integration is 

critical and, as shown, cross-attention 

mechanisms are more effective than merely 

concatenating methods, as these allow them 

to gain knowledge from complementary 

information between the histopathological 

and transcriptomic profile (Dwivedi et al. 

2025). Along with the performance metrics, 

this could be applied to other functional 

imaging methods, like PET scans, which 

could provide additional metabolic data to 

supplement current anatomical and genomic 

risk assessment (Zhao et al., 2025). In the 

future, automated pipeline like LLM and AI 

agents can be further used to reduce manual 

input, and eventually automated end-to-end 

clinical prognostic systems can be realized ( 

Chen et al., 2024). Future research to validate 

these models should be with large 

prospective oncology cohorts that 

demonstrates the models' clinical utility in 

different clinical setting and workflows 

(Qaiser et al., 2022; Tsai et al., 2023). 

Moreover, incorporating uncertainty 

quantification methods, like Bayesian neural 

networks, would be crucial to deliver 

probabilistic confidence intervals that 

support doctors in cases with uncertainty and 

need for second opinion (Bamaqa & 

Alahamade, 2025). Finally, the importance of 

ethical and regulatory principles in the 

responsible application of automated risk 

stratification tools and the need for robust 

adherence to these principles in ensuring 

their safe and transparent use for the benefit 

of patients is evident. Going beyond the 

qualitative heatmaps into a more fine-grained 

quantitative study of model attention, and 

determining its value for improving model 

explainability in clinical scenarios, should be 

future work (Hosny et al., 2018). In addition, 

tackling the computational requirements of 

such high-dimensional models will require 

the investigation of efficient cross-modal 

refinement methods to account for scalability 

in settings with limited resources, 

particularly in clinical practice ( Yang et al., 

2025). Specifically, training techniques that 

are robust to modality can help alleviate the 

performance drop due to incomplete inputs, 

and can also maximize inference latency 

(Wang et al., 2025). In addition, applying the 

foundation model-agnostic gene 

representations may facilitate a more 

seamless integration of the molecular level 

information and the feasibility of clinical 

diagnosis ( Yang et al., 2025).  

CONCLUSION 

In this paper, we show that explainable AI 

system for risk stratification, which combines 
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tumor genomics and imaging biomarkers, 

could be used to enhance the prognostic 

ability in head and neck cancer patients. The 

framework proposed combines molecular 

cancer properties with radiologic properties, 

and provides a comprehensive description of 

the cancer risk in a patient with respect to 

clinical diagnosis. Machine learning and 

deep learning models can help identify 

patients with high risk who may require more 

intensive monitoring, personalized treatment 

or alternative treatment approaches. The 

proposed approach has one particular asset: 

the focus on explainability. In clinical 

oncology it is not just important that the 

model is predictive, it is also important that 

the clinicians understand why the patient is 

placed in one of the risk groups by the model. 

Explainable AI techniques allow 

understanding the most relevant genomic 

alterations, radiomic patterns and imaging 

features, improving interpretability, clinical 

confidence and the chances of clinical 

implementation in healthcare. Finally, the 

new incorporation of genomics, imaging 

biomarkers, and explainable AI in H&N 

precision oncology is very promising. Future 

work should validate the framework with 

larger multicenter datasets, prospective 

clinical cohorts and diverse patient 

populations. Further advances in multimodal 

AI systems could help to optimize cancer 

treatment and prognosis, predict recurrence, 

and tailor treatment for each patient based on 

their individual risk level. 
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