
 
 

 

 
Leveraging Hybrid Dual-Level Contextual Attention 
and Spiking Neural Networks for Effective Hepatic 

Malignancy Diagnosis 
 

Shiju George1, Asha Joseph2, E Babu Raj3 and Angel Shiju4 
1,3-4Christ University, Bengaluru, Karnataka, India 

Email: drshijugeorge3, alanchybabu, angelshiju3@gmail.com 
2New Horizon College of Engineering, Bengaluru, Karnataka, India 

Email: ashaj.bti@gmail.com 
 
s 

Abstract— Liver cancer remains the leading cause of cancer-related mortality, prompt-ing 
advanced diagnostic techniques for early detection and accurate classification in the health 
sector worldwide. Multifaceted deep learning methods have shown significant potential in 
medical imaging, but challenges exist in capturing intricate contextual information. In our 
research, we propose a novel hybrid framework that integrates Dual-Level Contextual 
Attention (DLCA) with Spiking Neural Networks (SNNs) to enhance the diagnosis of liver 
cancer. The proposed framework uses a DLCA mechanism that effectively extracts both local 
and global contextual features within the medical images and aids in precise lesion 
differentiation. The SNNs module supports computational efficiency and robust pattern 
recognition, enabling precise identification of subtle cancerous patterns by reducing redundant 
activations while preserving critical diagnostic information. Experimental evaluations on 
publically available datasets demonstrate the effectiveness of our work, showcasing its 
reliability in clinical applications. Moreover, the model offers a direction for future AI-assisted 
diagnostic tools in medical imaging and oncology. 
 
Index Terms— Hepatic Malignancy, Liver Cancer, Dual-Level Contextual Attention, Spiking 
Neural Networks, Medical Data Processing, Medical Imaging. 

I. INTRODUCTION 

Liver malignancy is among the most wide-spread and fatal types of cancer posing the world and the most 
formidable challenge to economic healthcare globally. Is is much treatable when identified before it progresses 
to a more serious malignant stage. Early detection, at stage zero, allows for effective treatment options which 
significantly improves the survival rate. This requires less invasive treatments, which reduces risk of 
complications and side effects of the aggressive therapies. Conventional diagnostics methods, particularity those 
dealing with complex and heterogeneous medical data, often lack optimal precision and efficacy [1]. This has 
resulted in a rapid increase in the augment of artificial intelligence (AI), and its sub fields in the medical domain, 
which assists the more accurate diagnostic results [2].  Deep learning, a subclass of artificial intelligence models 
has demonstrated remarkable success in medical imaging.  
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The strength of advance DL architecture, known as the transformer network, has revealed notable success across 
various fields, including medical imaging, natural language processing, and more. Trans-former network capture 
long-range dependencies and complex hierarchical relationships within data to identify critical patterns, detect 
subtle abnormalities, and establish robust contextual relationships. Unlike conventional convolutional neural 
networks (CNNs), which rely on localized feature extraction, transformers employ self-attention mechanisms 
that enable them to dynamically weigh the importance of different data points across an entire input sequence. 
Transformer models excel in analysing high-resolution images, accurately segmenting lesions, and classifying 
disease states with superior precision, such as identifying micro-vascular invasion in liver cancer or detecting 
early-stage tumor formations [3]. Although the method of DL has been a real breakthrough, the intensity of 
computational resources required remains a notable weakness. This means that they are not always applicable to 
be used in the diagnostic process in the real time where immediate results are crucial [4]. For this purpose, the 
study brings the hybrid diagnostic model that integrates dual-level contextual attention mechanisms with SNNs 
into view. As the theory of contextual attention has emerged as a successful tool, which not only recognize the 
most crucial features from data but also extract the comprehensibility and the interpretation of the characteristics 
in the process of data classification. On the other hand, the advantages of SNNs in terms of energy efficiency and 
temporal information processing because they are inspired by the functioning of a human brain leading to 
various benefits [5]. Thus, because of the combination of these methods, the developed model is anticipated to 
deliver accurate and rapid liver cancer diagnoses that does not have limitations of the traditional ones. With this 
pioneering hybrid model, the aforesaid attributes of both contextual attention and spiking neural networks [6] are 
combined to create a robust solution for handling complex medical data. Imperatively, the tool will not only 
enhance the diagnostic accuracy but will also advocate for computational efficiency, which in the end makes it 
suitable for clinical implementation [7]. Further-more, the proposed solution may potentially offer significant 
benefits in the future to AI-driven healthcare systems that rely on data provided by smart, inter-connected 
wearable sensors and/or health monitoring devices [8]. In accordance with an innovative framework such as this, 
the study focuses on enhancing liver cancer detection and treatment by examining the diagnostic methods 
involved, ultimately benefiting both patients and healthcare providers [9]. 

II. LITERATURE SURVEY  

The detection of liver cancer has achieved substantial advancements through the integration of machine learning 
and deep learning methodologies [10]. A notable study highlights the utilization of deep Convolutional Neural 
Networks (CNNs) in medical imaging for liver cancer diagnosis, underscoring their positive impact on 
enhancing diagnostic accuracy and reducing human error [11]. Another study concentrated on integrating 
transfer learning into CNN architectures to enhance prediction accuracy in liver cancer classification. This 
approach demonstrates that pre-trained models can be effectively fine-tuned for specific medical datasets, 
thereby achieving success in the task [12]. The crossover CNNs with RNNs have been used to analyse temporal 
data, focusing on the aspect of the model’s ability to accurately plot temporal data, incorporating attention 
mechanisms into deep learning models, particularly in the context of liver tumour segmentation in medical 
images [13]. These attention mechanisms enable the models to focus on the most relevant segments of the image, 
thereby increasing the precision of tumour detection [14].  
Furthermore, a study examines the usage of deep reinforcement learning (DRL) to the tuning of a liver cancer 
diagnostic machine in which the model will learn from the environment what are the best features to be selected 
& diagnosed [15]. Additionally, another paper explores the integration of support vector machines (SVM) with 
deep learning models for liver cancer classification, advocating a hybrid approach to enhance model robustness 
and improve classification accuracy [16]. One advanced approach in this regard is through the use of hybrid deep 
learning architectures that deploy CNNs and Auto encoders for liver cancer detection, removing the dimensions 
of the data by using the auto encoders and letting the CNN do the work on feature extraction in the medical 
images [17]. In line with that, the feasibility of using generative adversarial networks (GANs) has been 
suggested for the generation of artificial liver cancer data such as synthetic data that will be used for the training 
of the model. This way the data scarcity issue is solved and the models can work really well in general. Yet 
another study deals with the possibility of applying unsupervised learning to liver tumors, whereby clustering is 
used to detect the nuances in liver-related datasets without any featured data. Finally, a study investigates the 
combination of a few machine learning algorithms by ensemble learning models to increase the overall accuracy 
and reliability of liver cancer diagnosis, especially when faced with diverse and imbalanced data. These 
alternatives present more possibilities for the use of AI and machine learning technologies in the upgrading of 
liver cancer diagnosis. 
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III. PROPOSED SYSTEM   

The proposed work for the liver cancer diagnosis follows a structured series of processing steps to ensure 
efficient and accurate results. Initially, medical data, such as liver images, are pre-processed to remove noise and 
enhance feature quality. Next, a hybrid model integrating dual-level contextual attention mechanisms is applied 
to the pre-processed data, enabling the system to focus on critical features relevant to cancer detection. This is 
followed by the integration of Spiking Neural Networks (SNNs), which efficiently process temporal and spatial 
information, improving both accuracy and computational efficiency as depicted in Fig. 1 a. as Flow diagram of 
proposed system. 
Fig.1a. is an Architectural view of Proposed system. The final output is generated by combining the insights 
from the attention mechanism and the SNN, providing a robust diagnosis of liver cancer. This approach ensures 
a precise, computationally efficient, and scalable solution for real-time clinical applications  

 
Figure 1. Architectural view of Proposed framework 

The proposed liver cancer diagnosis model consists of a series of steps that incorporate specific mathematical 
relationships to effectively process and analyse data. The model initially starts with a data pre-processing, where 
the dataset was standardized and normalized to reduce variability and improve the reliability of subsequent 
analysis. It also maintains the integrity of the data by preventing features with large ranges from dominating the 
model. The input dataset X is represented by the equation (1) 

X= {x1, x2,..., xn }  (i=1,2,3….n)                                        (1) 

The normalization is carried out by Equation (2) 

௜ᇱ = ௫೔ ିஜݔ
஢

     for i=1, 2,...,n.          (2) 
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where μ be the mean value and σ as the standard deviation of the information. It will ensure all data-sets is on a 
comparable scale.  
Next, the proposed method extracts related features from the data, especially the medical imaging, using the 
concept of the convolution mechanism. It can be denoted by the equation (3) 

F(I)=I∗K                                                               (3) 

where I carries the detail of the input image, and K is the convolutional kernel. After extracting features, a hybrid 
dual- stage contextual attention mechanism is employed for highlighting crucial features.  
The feature will be associated with a weighted matrix W that emphasizes on the relevant parts of the data, as 
expressed by the equation (4).  

A=W⋅F(I)                                                                                            (4) 

Where A is the resultant output or the transformed data. F(I) is a function that operates on the input data I, 
transforming it into a form that can be processed by the weighted matrix W. 
Subsequently, the proposed system utilizes Spiking Neural Networks (SNNs), which process both temporal and 
spatial information by leveraging spike trains. The input discrete temporal sequences are encoded by SNN. Each 
spike is represented by Dirac delta function δ(t) at precise timestamps. The spike train S(t): Temporal sequence 
of output spikes (binary events: 1=spike, 0=no spike) for a neuron is mathematically expressed by the equation 
(5): 

(ݐ)ܵ = ෌ ݐ) ߜ  − ௜)   ேݐ
௜ୀଵ (i =1 to N)                                                     (5) 

where ݐ௜ represents the Precise firing time of the i-th spike, ݐ) ߜ −   ௜) represents an instantaneous spike at timeݐ
 ௜, and N is the total number of spikes in the observation window. The membrane potential of each neuron in theݐ
network is described by the relationship given in equation (6): 

(ݐ)ܸ = ߬ ௗ௏(௧)
ௗ௧

+  (6)                                                                      (ݐ)ܫ

where τ is the membrane time constant, and I(t) represents the synaptic input current to the neuron module. The 
membrane potential integrates inputs over time, with the time constant τ determining the neuron's temporal 
filtering characteristics given by (7). 

V(t+Δt) = V(t)+ ௱௧
ఛ

 [−V(t) + I(t)]                                                     (7) 

The output of the Spiking Neural Network (SNN) is computed using the firing rate r(t) as defined in the equation 
(8): 

(ݐ)ݎ = ଵ
ଵା௘షഀ(ೇ(೟)షഇ)                                                                          (8) 

where α serves as the gain parameters, and θ represents the threshold potential rate. The system integrates the 
attention strategy and SNN results into a combined decision framework, denoted by Equation (9): 

ොݕ = ∑ ௜ܹୀଵ
௔௧௧  ௜ ௜ܣ  . + ෌  ௜ܹୀଵ

௦௡௡  ௜
  . ௜ ݐ)ݎ  )   ே

௜ୀଵ

  
ே
௜ୀଵ                                             (9) 

Here, ௜ܹ
௔௧௧ and ௜ܹ

௦௡௡ are the weights assigned to the attention-modulated features and the spiking network 
outputs, respectively. ܣ௜  & r (ti) are Attention modulated features and temporal spike rates. To optimize the 
proposed model, a loss function L is utilized to minimize prediction errors, as expressed in Equation (10): 

ܮ = ଵ
ே 
෌ ௜ݕ)  − ො௜)ଶ   ேݕ

௜ୀଵ                                                         (10) 

where ݕො௜ is the predicted result, and ݕ௜ is the actual label. 
Gradient descent is employed for updating the weightages by (11)  

ܹ݅ = ܹ݅ − ) ߟ డ௅
డௐ೔

)                       (11) 

where η as the learning rates. After training phase, the proposed model's predictions for new unseen data are 
determined as in (12): 

ොݕ = ∑ ௜ܹ ݅ܣ  . + ෌  ௜ܹ
ᇱ   . ௜  ݐ)ݎ   )   ே

௜ୀଵ

  
ே
௜ୀଵ                                                        (12) 
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Here, ௜ܹ

ᇱ   ,  denotes weights fine-tuned during training. Finally, a decision boundary will be established utilizing 
a threshold rate  θ to classify liver cancer as either positive side or negative side as in equation (13) 

 
This sequence of steps ensures a precise and efficient method for diagnosing liver cancer disorders by leveraging 
the proposed models to process complex medical data and deliver actionable outcomes. 

IV. RESULT AND DISCUSSION 

The outcomes of the proposed diagnostic platform for liver cancer reveal the effectiveness of the integration of a 
hybrid dual-level deep context-aware attention mechanism as well as SNNs for the higher accuracy of 
classification for the publicly available datasets in https://cdas.cancer.gov/datasets/plco/13/. The approach 
succeeds in effectively emphasizing the vital details of medical images as well as patient data which the model 
can use for differentiating between relevant and non-relevant regions indicative of liver cancer. Together with 
SNNs, the method efficiently processes the temporal and spatial patterns, thus it accelerates diagnostics and 
increases reliability. Technically, the approach proved itself by displaying high performance in telling apart 
cancerous and non-cancerous cases, with little false positives and false negatives. The research model about the 
robustness of the approach in the processing of large, complex datasets speaks about the priority of contextual 
attention in the detection of subtle features within medical images. In addition, the use of SNNs noticeably 
boosted the system's ability to be flexible in response to the change of data. Table 1 states the results of the 
experiments done on 155,000 participants in the PLCO trial using various models.  

TABLE I. COMPARISON OF THE MODELS 

Feature Model Feature Accuracy  
SpikeAtConv Integrated spiking-convolutional attention architecture 81.23% 
SGLFormer Integrating transformer and convolution structures 83.73% 
QKFormer Hierarchical spiking transformer utilizing Q-K attention 85% 
 CFCN Cascaded Fully Convolutional Neural Network 94.21% 
HTRecNet Differentiates between normal, HCC, and CCA tissues using deep learning 96.56% 
DLCA-SNN  Dual-Level Contextual Attention (DLCA) with Spiking Neural Networks (SNNs) 97.32% 

The graph represents four key medical metrics of a liver cancer diagnosis models using with a defined threshold 
level. Data points exceeding the thresholds are highlighted to describe important insights. 

 
Figure 2. Analysis of tumor size 

In the tumor size, computed in centimeters, is plotted across 100 days using a plot (Fig 2). A threshold of 80 cm 
marked by a green dashed line, with red dots showcasing days when tumor size exceeds threshold limit. Larger 
tumor sizes, such as those reaching 85 cm or higher may associated with increased health risks, necessitating 
immediate medical interventions for preventing further complications. 
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Figure 3. Comparison of blood marker level on various days. 

The blood marker rates, visualized in a bar plot (Fig 3.), have a threshold of 95 units. Exceeding this threshold 
rate as shown by blue markers, tells a potential liver dysfunction or aggressiveness in disease progression. 
Elevated levels beyond 100 units are important, requiring close monitoring and possible adjustments to the 
medical treatment plan, as they often related with advanced stages of liver cancer. 

 
Figure 4. Levels of enzymes presence in liver 

Similarly, the liver enzyme rates are represented using a (Fig 4.), with a threshold set 65 units. A significant 
portion of the dataset exceeding the limit, showing widespread enzyme elevation. Peaks in the range of 70–75 
units suggest liver inflammation or damage, which needs an additional diagnostic evaluation to address 
underlying health risks.  

 
Figure 5. Health score computation by proposed framework. 

Finally, the overall health rates are displayed in plot (Fig 5.), with a threshold rate of 45 units. The green shaded 
area tells the health score trend, while brown markers represented instances where the score drops below the 
threshold. Health scores falling below 40 units indicates a decline in the patient’s health condition, often linked 
to disease progression or treatment side effects. These important points demanding a prompt medical attention to 
stabilizes the patient and improve their quality of life. 



 
14258 

V. CONCLUSION 

In conclusion, the performance evaluation of the four medical metrics—tumor sizes, blood marker rates, liver 
enzyme rates, and entire health score gives an important insight into liver cancer diagnosis process. The 
threshold rates for each metrics are important markers that shows when immediate medical intervention is 
needed. For instance, the tumor size exceeding 80 cm, particularly those reaching value of 85 cm or higher, 
underscores the requirement of aggressive treatment.  
Similarly, blood marker levels above 95 units, especially passing 100 units, also showcase the need for careful 
health monitoring and possible adjustment of the health treatment plan in managing advanced stages of the 
disease. The liver enzyme rates, with significant peaks around 70–75 units, showing a liver inflammation or 
damages that confirm a further diagnostic exploration. Additionally, health score dropping below 40 units tells a 
deteriorated patient health condition, demanding immediate medical intervention. The crossing of thresholds rate 
over all metrics reflects important turning points in patient health care, describing the importance of timely 
medical intervention. Hence, these outcomes provide clinicians with actionable insights that can improvise the 
accuracy level of diagnosis, aid in treatment plans, and ultimately improvises patient health by ensuring early 
identification and proactive managements of liver cancer.      
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