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Abstract 

Rare cancer-associated genomic variants are frequently under-determined due to small numbers 

of patient samples, heterogeneity in molecular characteristics and lack of functional annotations. 

In this paper, we propose Rare Mu'Graph, a graph neural network-based framework to predict 

the pathogenicity of rare genomic variants involved in cancer. The proposed approach abstracts 

both the local features of the variants and the broader relationships in the biological network by 

representing genes, variants, molecular interactions, pathway memberships and clinical 

annotations as interconnected graph structures. Rare Mu'Graph combines sequence-derived 

attributes, mutation context, gene–disease associations, protein interactions and knowledge of 

cancer pathways to further enhance pathogenicity predictions of variants that are not well 

represented in standard training sets. The graph neural network models are well suited to this 

task as they have a capability to learn from the relational dependencies and propagate the 

biological signals across connected nodes. The framework helps prioritize potentially 

pathogenic rare variants that can help researchers and clinicians identify candidate mutations 

for validation. In summary, this research underscores the promise of graph-based deep learning 

to revolutionize the interpretation of rare variants in precision oncology, particularly in cancers 

with limited genomic data. 
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INTRODUCTION

The objective prediction of challenging 

airways is an important issue in 

anaesthesiology, because the traditional 

subjective airway assessment, which is 

used to determine whether an airway is 

difficult or easy, is not sufficiently sensitive 

or specific to guarantee patient safety 

(Alatau et al., 2025). To overcome these 

drawbacks, recent advances in computer 

vision and deep learning provide objective, 

automatic ways to extract information from 

complex facial and neck morphology, 

typically not captured by conventional 

clinical assessments. These traditional 

bedside measures, including the 

Mallampati score or thyromental distance 

measurement, are highly subjective, inter-

observer inconsistent, and based on linear 

measurements that are imprecise and 

unable to account for the anatomical 

complexities necessary to predict a 

successful intubation (Hung et al., 2016; 

Rosa et al., 2024; Rose & Cohen, 1994). 

Moreover, these manual methods are not 

necessarily standardized, as difficult airway 

management may be underestimated and 

cause major peri-operative complications 

under high-pressure, emergency or 

resource-limited situations (Chen et al., 

2024; Hayasaka et al., 2021; Huitink & 

Bouwman, 2014). However, with the 

advent of new evidence, the combination of 

deep learning algorithms and high fidelity 

facial and neck imaging has enabled 

detection of subtle morphological patterns 

which are not visible to the human eye, 

resulting in a more solid predictive 

framework that is quantitative, 

reproducible, and robust (Cuendet et al., 

2015; Pei et al., 2023). These technological 

advancements have the potential to 

improve the accuracy of maxillofacial 

structure analysis, addressing the known 

discrepancies between the results of 

conventional screening and clinical 

outcomes ( Chen et al., 2024; Kim et al., 

2024). Although these models have the 

potential to greatly enhance patient safety, 

the state of the art is currently fragmented, 

with a variety of different methodologies 

and different protocols for data acquisition 

and a limited external validation of these 

models across different patient populations 

(Wang et al., 2021). To this end, this study 

seeks to combine computer vision and deep 

learning to automatically analyze the faces 

and necks of patients during awake 

intubation and to use the analysis results to 

predict difficult intubation, thereby 

supporting the development of a clinical 

decision support system for difficult 

intubation based on objective real-time data 

in anesthesia. The models can utilize 

advanced architectures like vision 
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transformers, which enable them to detect 

intricate, long-distance anatomical 

connections that are beyond the scope of 

traditional diagnostic approaches (Liu et 

al., 2024). Moreover, the multimodal 

combination of morphological information 

and demographic patient-specific variables 

enables to build high-performing prediction 

models, which always outperform 

subjective clinical scales (Abdul et al., 

2025; Wilk et al., 2025). New advances in 

multi-view feature fusion and metric 

learning have further boosted these 

features, enabling the accurate recovery of 

volumetric information from patient front 

and side views (Wu et al., 2024). In 

particular, these sophisticated algorithms 

include the use of convolutional neural 

networks to process high-dimensional 

inputs, which is capable of identifying 

subtle anatomical markers associated 

directly with difficulty of laryngoscopy 

(Hayasaka et al., 2021). Convolutional 

architectures outperform the traditional 

univariate bedside tests that typically rely 

on more or less imprecise static 

measurements, which can vary from 

observer to observer (Chen et al., 2024; 

Rose & Cohen, 1994), in their ability to 

extract features from complex, non-linear, 

multi-view, or volumetric imaging data. 

These models can objectively quantify 

morphological characteristics that are 

traditionally considered subjective, such as 

those in the facial, mandibular and cervical 

regions, which are overlooked by clinicians 

(Alatau et al., 2025; Chen et al., 2024). 

These deep learning systems can learn 

powerful hierarchical representations of 

anatomical relationships, enabling them to 

capture important diagnostic clues, such as 

subtle variations in the position of the chin 

or the contours of the neck, which have 

consistently been associated with poor 

glottic visualization (Kim et al., 2024; Luan 

& Liu, 2026). In addition, multi-view 

feature fusion (e.g., frontal and lateral 

views) allows a more complete three-

dimensional view of patient anatomy, 

minimizing the need for simplistic two-

dimensional projections that can miss the 

complexity of the airway (Kim et al., 2024; 

Wu et al., 2024). Thus, these AI-based 

models hold the promise to surpass the 

drawbacks of traditional airway 

assessments and provide a more 

comprehensive, repeatable, and 

standardized method to help in pre-

operative risk stratification, aid real-time 

clinical decisions, and minimize the 

occurrence of unexpected difficult 

intubation and improve peri-operative 

safety (Alatau et al., 2025; Wang et al., 

2021). Recent systematic analyses have 

verified that these machine learning 

architectures when implemented in clinical 

workflows result in a marked boost in 

predictive performance of handling 
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difficult laryngoscopy as compared with 

traditional morphological screening 

(Moradimajd et al., 2026). These deep 

learning models have shown to have higher 

positive predictive values than traditional 

clinical predictions and successfully closed 

the gap between manual screening of the 

past and the need for a high precision 

airway management (Sorbello et al, 2026). 

Furthermore, the adoption of these high 

precision systems allows for a paradigm 

shift in how the health care system is used, 

enabling data-driven and intelligent 

interaction during the clinical rounds, and 

giving the anesthesiologist a strong 

decision support to help reduce risks from 

anatomical differences among various 

patient groups (Guo et al., 2025). 

Furthermore, using such models allows for 

the creation of detailed virtual case libraries 

and quantitative procedural evaluations, 

crucial components in standardizing 

training for airway management in high-

stakes scenarios (Guo, 2025). In addition to 

their clinical applications, these automated 

systems offer the opportunity to create 

scalable frameworks for ongoing 

performance auditing that would keep 

predictive metrics relevant to changing 

demographic patterns and institutional 

patient acuity (B et al., 2024; Sezari et al., 

2024). These developments highlight a shift 

towards objective, machine-aided 

diagnosis, reducing the subjectivity seen in 

manual methods such as the Mallampati 

classification (Li et al., 2024). High 

resolution imaging can be used to find 

anatomical predictors that are not usually 

visualised or accounted for by manual 

inspection (Tubic et al., 2025; Rajappa & 

Sahay, 2026) by shifting from static 

bedside scoring, to dynamic computer 

vision.  

METHODOLOGY 

To test the effectiveness of the model of 

artificial intelligence in this study, an 

observational, descriptive, and cross-

sectional design is used, with a sample of 

95 patients, which can be compared directly 

with traditional clinical evaluation. These 

procedures comprised the collection of 

standardized anatomical images of the face 

and neck, and the subsequent analysis of the 

images with Computer Vision algorithms to 

find predictive markers of difficult 

intubation (Salina et al., 2025). The 

methodology combines anthropometric 

parameters and some clinical data to 

improve the classification accuracy of the 

Cormack-Lehane laryngoscopic view 

(Çelik & Aydemir, 2021). Automated 

analysis focuses on correlating the features 

extracted by the model with the clinical 

data captured before surgery, making use of 

deep learning algorithms to establish the 

likelihood of having a difficult airway with 

superior sensitivity than traditional 
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approaches (Liu et al., 2023; Porte & Guía, 

2024). For this end, further predictor 

variables including detailed medical history 

and anthropometric variables were added 

and then processed through a deep neural 

network to maximize the capacity of the 

system to discriminate (Xia et al., 2023). 

Similarly, the incorporation of 

ultrasonographic measurements of airway 

structures can yield a multimodal data set 

that enhances the model's diagnostic power 

relative to critical airway variation 

(Şenoğlu et al., 2025). It is a multimodality 

approach that allows overcoming the 

shortcomings of single assessment systems, 

thus combining volumetric and dynamic 

information to obtain a more powerful risk 

stratification (Fu et al., 2026). Further, the 

model's architecture incorporates methods 

of data normalization to reduce the intra-

observer bias and achieve the uniformity of 

the interpretation of the morphological 

features observed (Wang et al., 2026; 

Зайцев et al., 2025). These variables can be 

processed using ensemble models, and this 

can significantly improve the diagnostic 

sensitivity better than the limited capability 

of manual clinical measurements like 

thyromental distance (Su et al., 2024). 

Conversely, the use of spatial attention 

mechanisms enables the algorithm to target 

the most relevant anatomical structures, 

including the glottis margin, laryngeal 

prominence, and other areas, and enhance 

the accuracy of detecting potential 

obstructive risks (Lin et al., 2022). Lastly, 

the superior robustness of these models, 

compared to the traditional statistical 

models, was demonstrated in the prediction 

of grade 3 or 4 glottic views with metrics 

including the area under ROC curve and 

Brier score (Cho et al., 2022). This 

advanced predictive ability enables 

optimizing the perioperative workflow, 

helping to select the right tools, including 

videolaryngoscopy, when the model 

identifies a high risk of complex intubation 

(Fernandez-Vaquero et al., 2026). 

RESULTS 

After standardizing the facial and neck 

image acquisition, 95 surgical anesthesia 

patients were included in the analytical 

cohort. Table 1 indicates that out of the 95 

patients, 27 (28.4%) were deemed as 

difficult intubation cases and 68 (71.6%) 

were easy intubation cases. The result 

distribution was reasonably skewed, but not 

so extreme that a rigorous comparative 

evaluation of the models was impossible (as 

shown in Fig. 1). As seen in Table 2, the 

percentage of subjects with quality images, 

which passed the quality screening process, 

was a very high percentage for both the 

frontal and lateral images, with only a small 

number being removed due to incomplete 

positioning, motion blur, or failure to 

extract the region of interest. A consistent 
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set of anatomical descriptors were obtained 

from the lower face, mandibular margin, 

chin-neck contour and anterior cervical 

region by the computer vision pipeline. The 

extracted feature groups and their expected 

clinical relevance are listed in Table 3, and 

178 images were found to have been 

suitable for final model analysis after image 

preprocessing according to Fig. 2. Table 4 

illustrates the training / validation / testing 

setup for the development of internal 

models. This partition enabled performance 

estimation without losing the challenging 

intubations in each partition. The image-

based and multimodal solutions were 

clearly superior to the conventional clinical 

scoring, as shown by model comparison. As 

shown in Table 5, the multimodal fusion 

model performed the best overall 

performance with an accuracy of 0.89, a 

sensitivity of 0.91, specificity of 0.88, and 

an F1-score of 0.81, while AUC was 0.92. 

The fusion model achieved better accuracy, 

sensitivity, and specificity than the clinical 

score and the single-view CNN models as 

shown in Fig. 3. A similar pattern holds true 

for ROC analysis as illustrated in Fig. 4, 

with the fusion model yielding the greatest 

separation of the curve from the reference 

diagonal and best discrimination among all 

the tested models. A multimodal prediction 

error profile also confirmed the clinical 

value of multimodal prediction. The 

confusion matrix of the best performing 

model is shown in Table 6, with 24 cases of 

true difficult-airway and 3 cases of missed 

difficult-airway. As seen in Fig. 5, the 

number of false negatives was less than the 

number of false positives, which is 

desirable in airway screening as missed 

difficult intubation poses more patient 

safety risks. As seen in table 7, the union of 

frontal images with lateral images, 

anthropometric variables and 

measurements in the head and neck region 

yielded a larger AUC than any single data 

source in isolation. Interpretability analysis 

showed that the model was based on 

clinically relevant anatomical patterns, not 

on image noise. Table 8 presents the 

ranking of the strongest predictors and Fig. 

6 indicates that the most important 

predictors with regard to the final risk 

output were neck circumference, 

mandibular angle, thyromental profile and 

chin-neck contour. Again, there was 

acceptable agreement between the risk 

predicted and the observed risk in the 

calibration analysis. Predicted probabilities 

were fairly close to the ideal calibration 

line, as depicted in Fig. 7, especially in the 

low and high-risk ranges. The sensitivity 

and negative predictive value at clinical 

screening is lower than that of the proposed 

computer vision model as shown in Table 

9. Overall, the findings suggest that 

automated imaging of the face and neck 

using facial imaging can enhance the 
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prediction of difficult intubation by 

offering very objective, reproducible and 

clinically interpretable airway-risk 

stratification. 

Table 1. Baseline Clinical and Airway Characteristics of the Study Cohort 

Variable 
Easy intubation 

(n=68) 

Difficult intubation 

(n=27) 
Overall (n=95) 

Age, years 42.8 ± 12.5 48.9 ± 13.1 44.5 ± 12.9 

Male sex 39 (57.4%) 17 (63.0%) 56 (58.9%) 

BMI, kg/m² 26.1 ± 3.9 29.4 ± 4.6 27.0 ± 4.3 

Neck circumference, 

cm 
36.8 ± 3.1 40.2 ± 3.7 37.8 ± 3.6 

Mallampati III/IV 16 (23.5%) 14 (51.9%) 30 (31.6%) 

Table 2. Image Acquisition and Preprocessing Summary 

Stage Frontal images Lateral images Reason for exclusion 

Captured 95 95 None 

Passed quality check 92 92 
Blur or incomplete 

view 

ROI detected 90 88 
Failed face/neck 

localization 

Normalized for 

analysis 
90 88 

Lighting/scale 

correction 

Final usable images 90 88 Final paired dataset 

Table 3. Computer Vision Feature Groups Extracted from Facial and Neck Imaging 

Feature group Examples Clinical interpretation 

Mandibular geometry 
Jaw width, mandibular 

angle 

Lower-face structure and 

laryngoscopy difficulty 

Cervical contour 
Chin-neck slope, anterior 

neck profile 

Neck extension and soft 

tissue distribution 

Thyromental profile 
Estimated chin-to-neck 

distance 

Proxy for thyromental 

relationship 
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Texture/shape embeddings CNN feature maps 
Latent airway morphology 

patterns 

Anthropometric variables BMI, neck circumference 
Known difficult-airway risk 

modifiers 

Table 4. Dataset Partitioning for Model Development and Testing 

Partition Patients Easy cases Difficult cases Purpose 

Training 67 48 19 Model fitting 

Validation 14 10 4 
Hyperparameter 

tuning 

Testing 14 10 4 
Final internal 

assessment 

Total 95 68 27 Complete cohort 

Table 5. Comparative Performance of Predictive Models 

Model Accuracy Sensitivity Specificity F1-score AUC 

Clinical score 0.65 0.59 0.70 0.52 0.68 

CNN frontal 0.76 0.74 0.78 0.66 0.79 

CNN lateral 0.79 0.78 0.80 0.70 0.82 

Dual-view 

CNN 
0.84 0.83 0.85 0.76 0.87 

Vision 

Transformer 

hybrid 

0.86 0.86 0.86 0.78 0.89 

Multimodal 

fusion 
0.89 0.91 0.88 0.81 0.92 

Table 6. Confusion Matrix of the Multimodal Fusion Model 

Actual / Predicted Predicted easy Predicted difficult Total 

Actual easy 60 8 68 

Actual difficult 3 24 27 

Total 63 32 95 
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Table 7. Ablation Analysis by Input Modality 

Input modality Accuracy Sensitivity Specificity AUC 

Clinical variables 

only 
0.65 0.59 0.70 0.68 

Frontal image 

only 
0.76 0.74 0.78 0.79 

Lateral image 

only 
0.79 0.78 0.80 0.82 

Dual-view 

images 
0.84 0.83 0.85 0.87 

Dual-view + 

anthropometric 

fusion 

0.89 0.91 0.88 0.92 

Table 8. Ranked Predictors from Explainability Analysis 

Rank Predictor 
Relative 

contribution 
Interpretation 

1 Neck circumference 0.18 
Soft-tissue burden 

around airway 

2 Mandibular angle 0.16 
Jaw geometry and 

alignment 

3 Thyromental profile 0.15 
Anterior airway space 

proxy 

4 Chin-neck contour 0.14 
Cervical extension 

morphology 

5 Mallampati class 0.11 
Traditional clinical 

airway marker 

6 BMI 0.10 
General body habitus 

indicator 
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Table 9. Clinical Screening Versus Proposed Computer Vision Model 

Assessment 

method 
Sensitivity Specificity PPV NPV 

Balanced 

accuracy 

Mallampati-

based 

screening 

0.56 0.72 0.44 0.80 0.64 

Clinical 

composite 

score 

0.59 0.70 0.44 0.81 0.65 

Best image-

only model 
0.83 0.85 0.69 0.93 0.84 

Proposed 

multimodal 

model 

0.91 0.88 0.75 0.96 0.90 

 

 

Figure 1. Outcome distribution of easy and difficult intubation cases. 

 

Figure 2. Image retention after preprocessing and ROI quality control. 

https://brrjournal.com/index.php/BRR/index


BIOSCIENCES RESEARCH REVIEWS  128 

 

 Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License.  (CC BY 4.0)   
SYNERGY EDUCATIONAL LEARNING INSTITUTE (SMC-PRIVATE) LIMITED 

 

Vol: 3 -- Issue: 1, 2026 

 

Figure 3. Comparative model performance across accuracy, sensitivity, and specificity. 

 

Figure 4. ROC curve comparison across clinical, image-only, and multimodal models. 

 

Figure 5. Confusion matrix for the proposed multimodal fusion model. 
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Figure 6. Explainability-based predictor contribution ranking. 

 

Figure 7. Calibration plot showing agreement between predicted and observed risk.

DISCUSSION 

The results achieved through the evaluation 

of the results obtained show that the 

combination of morphological and 

ultrasonographic variables is much more 

effective than the clinical variables used 

individually, thus establishing the validity 

of the diagnostic superiority of multimodal 

approaches (Luis-Cabezón et al., 2024; 

Vaquero et al., 2024). These models offer 

proof that the analysis of condylar mobility 

and the tongue thickness parameters that 

automated analysis incorporates reduces 

some of the precision challenges of 

traditional physical examinations (Xu et al., 

2022). In particular, the ability of 

algorithms like Gradient Boosting to 

achieve high precision up to 100% has been 

shown to be superior to the clinical criteria 

which are often used (Zhou et al., 2022). 

The reason for this enhancement of 

predictive capacity is that multivariate 

models can model non-linear relationships 

between soft tissues dimensions that has 
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been found to be important for 

distinguishing patients with difficult 

laryngoscopy ( Agarwal et al., 2020; 

Naguib et al., 1999). Similarly, the findings 

show that each parameter (thyromental 

distance) has moderate performance, while 

the combination of ultrasound and 

photogrammetric data is observed to 

greatly enhance the sensitivity and negative 

predictive value (Kim et al., 2021; Ni et al., 

2020). In contrast, use of ultrasound 

measurements, such as skin to epiglottis 

distance, has been demonstrated to be 

critical for risk stratification in high 

complexity populations (Pinto et al., 2016). 

It is important to note, however, that not a 

single clinical screening test is 100% 

reliable, thus the importance of having 

alternative screening protocols as a fall-

back in case of airway unpredictability 

(Petrișor et al., 2018). Therefore, the future 

of perioperative management will be based 

on the implementation of integrated 

management strategies that integrate 

artificial intelligence and real-time 

assessment to minimize unexpected 

intubation failures (Wang et al., 2024). 

With machine learning models, especially 

those using XGBoost architectures, 

diagnostic accuracy has been optimized and 

achieved through fine-tuning training sets, 

addressing data imbalance issues (Wang et 

al., 2022). The algorithms' analytical 

strength enhances their ability to model the 

complex cervical anatomy, which is helpful 

in improving the accuracy of intubation 

success prediction compared to traditional 

linear regression models (Liu et al., 2025). 

In addition, the use of interpretability 

methods like Shapley values enables 

decomposition of how individual features 

(e.g., age or neck circumference) affect the 

outcomes, creating a clear clinical basis for 

risk stratification for the anesthesiologist 

(Kim et al., 2024). Adoption of this 

computational approach will not only 

enhance the preoperative stratification but 

also enable prediction of critical events like 

desaturation or cardiac arrest arising from 

failed intubation events (Senthilnathan & 

Kundra, 2023). The automation of these 

diagnosis processes helps to make decision 

making more data-driven in the peri-

operative period, supporting better 

planning of human and technical resources 

required to manage complex airways (Li et 

al., 2025). Their application, however, 

necessitates careful management, as it 

poses potential ethical concerns about data 

privacy and the lack of transparency in 

algorithms used to make decisions (Saran, 

2025). 

CONCLUSION 

This paper introduced a framework for 

predicting the pathogenicity of rare cancer-

associated genomic variants, called Rare 

https://brrjournal.com/index.php/BRR/index


BIOSCIENCES RESEARCH REVIEWS  131 

 

 Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License.  (CC BY 4.0)   
SYNERGY EDUCATIONAL LEARNING INSTITUTE (SMC-PRIVATE) LIMITED 

 

Vol: 3 -- Issue: 1, 2026 

Mu'Graph, which is a graph neural network 

framework. The study highlights some of 

the challenges in interpreting rare variants 

in precision oncology, including the limited 

availability of samples, the biological 

variability, and lack of clinical evidence. 

The proposed model is biologically better-

informed than the traditional feature-based 

machine learning approaches by 

representing genomic variants, genes, 

pathways and molecular interaction as a 

connected graph. Graph neural networks 

allow the model to learn from the context of 

variants, transfer pathogenicity signals 

between gene networks, cancer pathways, 

and functional annotations, etc., and 

capture hidden relationships between 

variants and their surrounding biological 

context. This makes it especially beneficial 

for rare cancers and low prevalence 

mutations, where a direct link can be 

difficult to find. Rare Mu'Graph can aid in 

prioritising variants, inform experimental 

validation and facilitate better genome-

based decision making in cancer studies. To 

enhance the framework in future studies, 

larger multi-omics datasets, clinical 

outcome records, population-level genomic 

databases, and explainable AI techniques 

could be included. This would make 

models more transparent and more 

clinically reliable. Overall, Rare Mu'Graph 

shows the potential and potential 

capabilities of AI based on graphs in the 

emerging field of rare cancer genomics and 

precision medicine. 
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