
Australian Journal of Machine Learning Research & Applications  
By Sydney Academics  260 
 

 
Australian Journal of Machine Learning Research & Applications  

Volume 3 Issue 2 
Semi Annual Edition | Jul - Dec, 2023 

This work is licensed under CC BY-NC-SA 4.0. 

Explainable AI in Neural Networks: Investigating techniques for 

explaining the decisions and behaviors of neural network models to 

improve transparency and trust 

By Dr. Siarhei Katsevich 

Associate Professor of Computer Science, Belarusian State University of Informatics and 

Radioelectronics (BSUIR) 

 

Abstract: 

Explainable Artificial Intelligence (XAI) has emerged as a crucial area of research, especially 

in complex models like Neural Networks (NNs), where understanding model decisions is 

challenging. This paper provides a comprehensive review of techniques for enhancing the 

explainability of NNs. We first discuss the importance of explainability in AI, highlighting its 

significance in ensuring trust and facilitating decision-making. Next, we delve into various 

methods for explaining NNs, including feature visualization, attribution methods, and model 

distillation. We also explore the challenges and future directions in XAI, emphasizing the need 

for interpretable models in critical applications. Through this paper, we aim to provide 

researchers and practitioners with a deep understanding of XAI techniques in NNs, fostering 

the development of transparent and trustworthy AI systems. 
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Introduction 

Artificial Intelligence (AI) has made significant advancements in recent years, particularly in 

the field of Neural Networks (NNs). NNs, inspired by the structure of the human brain, have 

shown remarkable capabilities in various applications such as image recognition, natural 

language processing, and autonomous driving. However, as these models become more 

complex, understanding their decisions becomes increasingly challenging. This lack of 

transparency raises concerns regarding their reliability, safety, and ethical implications. 
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Explainable AI (XAI) aims to address these issues by providing insights into the decision-

making process of AI systems. 

In this paper, we focus on the importance of explainability in NNs and investigate various 

techniques for enhancing their transparency and trustworthiness. We begin by providing an 

overview of NNs, highlighting their architecture and functioning. We then delve into the 

concept of explainability in the context of NNs, emphasizing its significance in ensuring the 

reliability of AI systems. Subsequently, we discuss different techniques for explaining the 

decisions of NNs, including feature visualization, attribution methods, and model distillation. 

Furthermore, we examine the challenges associated with XAI in NNs, such as the complexity 

of neural networks and the trade-off between performance and explainability. We also explore 

future directions and trends in XAI for NNs, including the development of interpretable 

models for critical applications and the ethical considerations surrounding XAI. Through this 

paper, we aim to provide a comprehensive understanding of XAI techniques in NNs, 

ultimately fostering the development of transparent and trustworthy AI systems. 

 

Overview of Neural Networks 

Neural Networks (NNs) are computational models inspired by the structure and functioning 

of the human brain. They consist of interconnected nodes, or neurons, organized in layers. 

The input layer receives data, which is then processed through hidden layers using weighted 

connections. The output layer generates the final result. 

NNs are capable of learning complex patterns from data through a process called training. 

During training, the model adjusts the weights of connections between neurons to minimize 

the difference between predicted and actual outputs. This process, known as 

backpropagation, allows NNs to learn from examples and improve their performance over 

time. 

NNs have been successfully applied in various domains, including image and speech 

recognition, natural language processing, and robotics. Their ability to learn from data and 

generalize to new inputs makes them valuable tools in AI research and applications. However, 
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the complexity of NNs poses challenges in understanding their decision-making process, 

leading to the need for explainable AI techniques. 

 

Explainability in Neural Networks 

Explainable Artificial Intelligence (XAI) is essential for ensuring the transparency and 

trustworthiness of Neural Networks (NNs). In the context of NNs, explainability refers to the 

ability to understand and interpret the decisions made by the model. 

Explainability is crucial for several reasons. First, it helps users understand why a particular 

decision was made, which is especially important in critical applications such as healthcare 

and autonomous vehicles. Second, it enables developers to debug and improve the model by 

identifying and correcting errors or biases. Third, it facilitates regulatory compliance and 

ethical considerations by providing transparency into the decision-making process. 

The complexity of NNs, characterized by their numerous layers and parameters, makes them 

inherently opaque. Unlike traditional algorithms where decisions can be traced back to 

specific rules, NNs operate as black boxes, making it difficult to understand how they arrive 

at a particular decision. This lack of transparency poses challenges in deploying NNs in real-

world applications where interpretability is crucial. 

To address these challenges, researchers have developed various techniques for explaining 

the decisions of NNs. These techniques include feature visualization, which visualizes the 

learned features of the model; attribution methods, such as Layer-wise Relevance Propagation 

(LRP) and Shapley Additive Explanations (SHAP), which assign importance scores to input 

features; and model distillation, which trains a simpler, more interpretable model to mimic 

the behavior of the NN. 

 

Techniques for Explaining Neural Networks 

Various techniques have been developed to enhance the explainability of Neural Networks 

(NNs). These techniques aim to provide insights into the decision-making process of NNs, 

making them more transparent and interpretable. Some of the key techniques include: 

https://sydneyacademics.com/
https://sydneyacademics.com/index.php/ajmlra


Australian Journal of Machine Learning Research & Applications  
By Sydney Academics  263 
 

 
Australian Journal of Machine Learning Research & Applications  

Volume 3 Issue 2 
Semi Annual Edition | Jul - Dec, 2023 

This work is licensed under CC BY-NC-SA 4.0. 

1. Feature Visualization: Feature visualization techniques aim to visualize the learned 

features of the NN. By visualizing the activations of individual neurons or layers, 

researchers can gain insights into what features the model has learned to detect. This 

can help in understanding how the model processes input data and makes decisions. 

2. Attribution Methods: Attribution methods assign importance scores to input features 

based on their contribution to the model's output. These methods help in 

understanding which features are most influential in the model's decision-making 

process. Popular attribution methods include Layer-wise Relevance Propagation 

(LRP), Shapley Additive Explanations (SHAP), and Integrated Gradients. 

3. Model Distillation: Model distillation involves training a simpler, more interpretable 

model to mimic the behavior of the NN. This distilled model is easier to understand 

and can provide insights into how the NN makes decisions. Distillation can also help 

in identifying and mitigating biases in the original model. 

4. Counterfactual Explanations: Counterfactual explanations involve generating 

alternative scenarios in which the model's decision would change. By exploring these 

counterfactuals, researchers can gain insights into the factors influencing the model's 

decision-making process. 

5. Attention Mechanisms: Attention mechanisms in NNs highlight the parts of the input 

that are most relevant to the model's decision. By visualizing these attention maps, 

researchers can understand which parts of the input are most important for the 

model's decision-making. 

Overall, these techniques play a crucial role in enhancing the explainability of NNs, making 

them more transparent and trustworthy for various applications. However, each technique 

has its strengths and limitations, and further research is needed to develop more robust and 

interpretable XAI techniques for NNs. 

 

Challenges in Explainable AI for Neural Networks 
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Despite the advancements in Explainable Artificial Intelligence (XAI) for Neural Networks 

(NNs), several challenges remain that hinder the widespread adoption and effectiveness of 

XAI techniques. Some of the key challenges include: 

1. Complexity of Neural Networks: NNs are inherently complex models with numerous 

layers and parameters. This complexity makes it challenging to explain their decisions 

in a clear and interpretable manner. As NNs become more sophisticated, explaining 

their decisions becomes increasingly difficult. 

2. Trade-off between Performance and Explainability: There is often a trade-off 

between the performance of NNs and their explainability. Techniques that enhance 

explainability, such as simplifying the model or using interpretable features, may 

reduce the performance of the NN. Balancing performance and explainability is a key 

challenge in XAI for NNs. 

3. Human-Centric Challenges: XAI techniques need to be designed with human users 

in mind. It is essential to ensure that explanations provided by XAI techniques are 

understandable and actionable for users. Designing XAI techniques that meet the 

needs and expectations of users is a significant challenge. 

4. Interpretability vs. Accuracy: There is a tension between the interpretability of a 

model and its accuracy. More interpretable models, such as linear models, are often 

less accurate than complex NNs. Finding the right balance between interpretability 

and accuracy is a challenge in XAI. 

5. Scalability: XAI techniques need to be scalable to large and complex NNs. As NNs 

grow in size and complexity, XAI techniques must be able to provide explanations for 

these models efficiently. 

Addressing these challenges requires a multidisciplinary approach involving researchers 

from AI, psychology, ethics, and other fields. By overcoming these challenges, XAI can help 

improve the transparency and trustworthiness of NNs, making them more suitable for critical 

applications. 

 

Future Directions and Trends 
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The field of Explainable Artificial Intelligence (XAI) for Neural Networks (NNs) is rapidly 

evolving, with several promising directions and trends emerging. Some of the key future 

directions include: 

1. Advances in XAI Techniques: There is ongoing research to develop more advanced 

and effective XAI techniques for NNs. This includes exploring new attribution 

methods, improving model distillation techniques, and enhancing the interpretability 

of attention mechanisms. 

2. Interpretable Models for Critical Applications: There is a growing need for 

interpretable models in critical applications such as healthcare, finance, and 

autonomous vehicles. Future research will focus on developing NNs that are both 

highly accurate and interpretable, ensuring trust and transparency in these 

applications. 

3. Ethical Considerations and Regulatory Aspects: As AI technologies become more 

prevalent, there is increasing attention on the ethical implications of AI systems. 

Future research will focus on addressing ethical considerations such as bias, fairness, 

and accountability in AI systems. Additionally, regulatory frameworks for XAI may 

be developed to ensure the responsible use of AI technologies. 

4. Human-Centric Design: XAI techniques need to be designed with human users in 

mind. Future research will focus on designing explanations that are understandable, 

actionable, and trustworthy for users. This may involve incorporating user feedback 

into the design of XAI techniques. 

5. Scalability and Efficiency: As NNs become larger and more complex, there is a need 

for XAI techniques that are scalable and efficient. Future research will focus on 

developing XAI techniques that can provide explanations for large-scale NNs in a 

timely manner. 

Overall, the future of XAI for NNs holds great promise, with the potential to enhance the 

transparency, trustworthiness, and societal impact of AI systems. By addressing these future 

directions and trends, researchers can further advance the field of XAI and unlock new 

possibilities for AI applications. 
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Case Studies and Applications 

Explainable Artificial Intelligence (XAI) techniques for Neural Networks (NNs) have been 

applied in various real-world scenarios, demonstrating their effectiveness in enhancing 

transparency and trustworthiness. Some notable case studies and applications include: 

1. Healthcare: XAI techniques have been used to explain the decisions of NNs in medical 

diagnosis and treatment planning. By providing explanations for the predictions made 

by NNs, healthcare professionals can better understand and trust the 

recommendations provided by AI systems. 

2. Finance: In the finance industry, XAI techniques have been applied to explain the 

decisions of NNs in risk assessment, fraud detection, and algorithmic trading. By 

providing explanations for these decisions, financial institutions can improve 

transparency and accountability. 

3. Autonomous Vehicles: XAI techniques are crucial for explaining the decisions of NNs 

in autonomous vehicles. By providing explanations for the vehicle's actions, XAI can 

help improve safety and trust in autonomous driving systems. 

4. Legal and Regulatory Compliance: XAI techniques are also important for ensuring 

legal and regulatory compliance in AI systems. By providing explanations for the 

decisions of NNs, organizations can ensure that their AI systems comply with relevant 

laws and regulations. 

5. Customer Service: XAI techniques can be used to explain the decisions of NNs in 

customer service applications, such as chatbots and virtual assistants. By providing 

explanations for the responses provided by these systems, organizations can improve 

customer trust and satisfaction. 

Overall, these case studies and applications demonstrate the practical benefits of XAI 

techniques for NNs in various domains. By enhancing transparency and trustworthiness, XAI 

can help unlock the full potential of AI systems in society. 
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Conclusion 

Explainable Artificial Intelligence (XAI) is essential for ensuring the transparency and 

trustworthiness of Neural Networks (NNs). In this paper, we have explored the importance 

of explainability in NNs and investigated various techniques for enhancing their transparency 

and trustworthiness. We provided an overview of NNs, highlighting their architecture and 

functioning, and discussed the concept of explainability in the context of NNs. 

We then delved into various techniques for explaining the decisions of NNs, including feature 

visualization, attribution methods, and model distillation. We also examined the challenges 

associated with XAI for NNs, such as the complexity of NNs and the trade-off between 

performance and explainability. Furthermore, we discussed future directions and trends in 

XAI for NNs, including advances in XAI techniques, interpretable models for critical 

applications, and ethical considerations. 

Overall, XAI techniques play a crucial role in enhancing the transparency and trustworthiness 

of NNs, making them more suitable for critical applications in healthcare, finance, 

autonomous vehicles, and other domains. By addressing the challenges and exploring future 

directions in XAI for NNs, researchers and practitioners can further advance the field and 

unlock new possibilities for AI applications. 
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