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Abstract 

The increasing complexity of new artificial intelligence (AI) models has led to their being 

referred to as "black boxes," in order not to attribute complex decision-making processes to them. 

This opacity is a big issue in critical areas like legal systems, finance and healthcare spheres, where 

it is essential to understand how AI makes its decisions. Explainable AI (XAI) is the answer to 

this problem as it makes the AI models and decisions more understandable and transparent 

without compromising efficiency.  

This paper presents a study of various XAI techniques with their effectiveness, 

applicability, and the challenges encountered in finding the right balance between transparency 

and performance across domains. It provides a comprehensive taxonomy of interpretable AI, 

emphasizing its critical role in sectors such as healthcare, finance, and law. The paper highlights 

the necessity of transparency, trust, and compliance in leveraging XAI to enhance decision-

making processes and ensure ethical and accountable AI adoption. 
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Introduction 

The result of the rapid advancement of AI is the development of complex models that are 

black boxes for the users, meaning their decision-making processes are opaque. The lack of 

transparency has become a significant concern, particularly in high-risk areas such as legal 

systems, healthcare and finance sectors, where it is critical to understand AI decisions. The major 

challenge in XAI is to ensure that the methods used do not come at the cost of the performance 

of the AI systems. Thus, these issues are addressed by XAI to make the AI decisions more 

interpretable in order to improve interpretability and user trust [Singh], [Tiwari]. 
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XAI techniques can be broadly categorized into three groups: pre-modeling explainability, 

interpretable models, and post-modeling explainability [Minh et al]. Pre-modeling techniques 

focus on designing models that are inherently interpretable, such as models based on Decision 

Trees and Linear Regression. In contrast, interpretable models, like generalized additive models 

(GAMs), allow for a balance between performance and interpretability. Post-modeling 

techniques, including Local Interpretable Model-agnostic Explanations (LIME) and SHapley 

Additive exPlanations (SHAP), provide explanations for the predictions made by complex models 

after they have been trained. 

 

Overview of XAI Techniques 

Pre-Modeling Explainability: These techniques are designed to create models that are 

inherently interpretable which are characterized by their simplicity and transparency, allowing 

users to easily understand how inputs are transformed into outputs. Common examples of pre-

modeling techniques include decisiоn trees and lineаr regression techniques. These pre-modeling 

techniques prioritize interpretability at the cost of potentially lower predictive performance 

compared to more complex models. Decision trees represent decisions in a tree-like structure, 

where each node corresponds to a feature and each branch represents a decision rule. They are 

intuitive and can be visualized easily, making them accessible for interpretation. On the other 

hand, the linear regression techniques are derived from statistical methods. The coefficients of 

the model provide direct insights into the influence of each feature on the prediction, facilitating 

straightforward interpretation [Arrieta et al].  

Interpretable Models: These are intermediate methods that lie in the middle between 

accuracy and interpretability. They are less complex than post-modeling techniques but more 

complex than pre-modeling techniques and provide a reasonable level of transparency that makes 

them interpretable. A good example of such a model is the Generalized Additive Model (GAM), 

which is a sort of generalized linear model in which the dependent variable is thought as a 

function of the independent variables in an additive manner i.e. the effect of each independent 

variable on the dependent variable is not interactive but main effects. This makes GAM very 

useful in establishing patterns in the data and at the same time making sense of the patterns 

established [Wood]. 

Post-Modeling Explainability: These are techniques that are applied to complex models 

after beштп trained. These methods attempt to provide insight into the decision-making 

processes of models that are otherwise considered to be “black boxes”. Two of the most popular 

techniques for post-modeling are LIME and SHAP. LIME produces locally interpretable 

explanations by approximating the complex model with an interpretable model in the vicinity of 

a specific prediction. However, SHAP uses fundamental concepts in cooperative game theory to 

give a unified measure of feature importance. SHAP tells the user not only which features are 

used but also how each feature contributes to the prediction, making it a very useful tool for 
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explaining complicated models. These post-modeling techniques are particularly useful in high-

stakes areas like legal systems, healthcare environment and financial sphere, where 

understanding model predictions is vital since they can help avoid potentially disastrous decisions 

[Singh]. 

 

XAI in the Healthcare Sector 

The use of XAI in the healthcare sector is slowly being accepted as vital to improving the 

transparency, trust, and efficiency of AI applications. With the increasing use of AI models in the 

clinical environment, there is a growing need for interpretability and explainability, primarily 

because of ethical, legal, and societal issues in the context of patient care and clinical decision-

making. The complexity of AI models can result in a black box scenario where healthcare 

professionals and patients are left wondering what has driven a particular decision, which can 

limit the utilization of these technologies [Goswami]. 

XAI aims to bridge this gap by providing insights into the decision-making processes of 

AI ecosystem, thereby fostering trust among stakeholders, including healthcare providers, 

patients, and regulators. For instance, the development of interpretable models is crucial for 

ensuring that AI tools can be effectively integrated into clinical workflows, allowing healthcare 

professionals to make informed decisions based on AI recommendations. Moreover, the need for 

explainability is particularly pronounced in high-stakes scenarios, such as stroke diagnosis, where 

the implications of AI-driven decisions can significantly impact patient outcomes [Verma], 

[Bajwa et al]. 

A major issue of implementing XAI in healthcare is the trade-off between accuracy and 

explainability; while mоre complex models may provide higher accuracy, they often come at the 

cost of interpretability. This trade-off can result in differing stakeholder preferences based on 

their roles and job descriptions in the healthcare system. In addition, the data used for training 

AI models must cover the diverse patient populations they are exposed to avoid biases and 

guarantee equity in healthcare [Saraswat et al]. 

Thus, for further development of XAI in healthcare, interdisciplinary cooperation is 

important. Using the lessons learned from other fields, such as cognitive science and human-

centered design, researchers can come up with better and more intuitive AI systems. This 

collaborative approach can increase the availability of usable AI tools for healthcare professionals 

and patients [Higgins & Madai]. 

 

XAI in the Finance Sector 

The application of XAI in the finance sector is becoming increasingly critical as financial 

institutions leverage AI technologies for decision-making processes that significantly impact 

stakeholders. The primary goal of XAI is to enhance the transparency and interpretability of AI 

mоdels, thereby fostering trust among users and regulators. XAI techniques are particularly 
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relevant in areas including risk assessment, fraud detection, and algorithmic trading. For instance, 

XAI can elucidate the rationale behind credit scoring models, helping financial institutions justify 

their decisions to clients and regulators [Martins]. This transparency is essential not only for 

regulatory compliance but also for maintaining customer trust, as clients are increasingly 

demanding explanations for automated decisions affecting their financial well-being. 

Furthermore, the integration of XAI can enhance the robustness of financial models by allowing 

stakeholders to understand the factors influencing predictions, thereby enabling them to make 

more informed decisions [Martins]. 

Despite the advantages, the implementation of XAI in finance is not without challenges. 

One significant challenge is the trade-off between model complexity and interpretability; more 

sophisticated models often yield better predictive performance but at the cost of transparency. 

Additionally, the diverse needs of various stakeholders complicate the development of 

universally applicable XAI solutions. As such, a contextualized approach to XAI is necessary, 

where the specific requirements of different financial applications are considered [Martins], [Kim 

et al]. 

Besides, the evolving landscape of financial technologies necessitates continuous research 

into XAI methodologies. Recent studies have proposed various frameworks and taxonomies for 

categorizing XAI techniques, which can guide the development of more interpretable models 

tailored to financial applications. For example, the usage of model-agnostic methods allows for 

explanations that can be applied across different types of AI models, thereby enhancing their 

usability in diverse financial contexts [Kim et al]. 

 

XAI in the Legal Sphere 

The integration of XAI within the legal sphere is increasingly recognized as a vital 

component for ensuring transparency, accountability, and compliance in legal decision-making 

processes. As AI technologies become more prevalent in areas such as legal research, case 

prediction, and contract analysis, the necessity for XAI arises to address the inherent opacity of 

many machine learning models. This opacity can lead to significant challenges in understanding 

how decisions are made, which is particularly critical in legal contexts where the implications of 

decisions can be profound. 

XAI enhances the interpretability of AI systems, allowing legal professionals to 

comprehend the reasoning behind AI-generated recommendations and decisions. This capability 

is essential for ensuring compliance with regulatory standards and for maintaining the trust of 

stakeholders, including clients, judges, and regulatory bodies. For instance, in compliance and 

regulatory models, XAI can elucidate the rationale behind risk assessments and fraud detection, 

thereby facilitating audits and ensuring adherence to legal standards. Furthermore, the 

integration of XAI can improve the auditability of AI systems, providing regulators with the 
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necessary tools to validate and verify compliance with established laws and policies [Mallela], 

[Hacker et al]. 

However, the implementation of XAI in the legal domain is also not without its 

challenges. A significant issue is the trade-off between the complexity of AI models and their 

explainability. More sophisticated models may offer better predictive accuracy but can obscure 

the decision-making process, making it difficult for legal professionals to understand and justify 

the results produced by AI models. Additionally, the diverse needs of various stakeholders in the 

legal field (ranging from lawyers and judges to clients and regulators) complicate the development 

of universally applicable XAI solutions. As such, a contextualized approach to XAI is necessary, 

where the specific requirements of different legal applications are considered [Garingan & 

Pickard], [Lima et al], [Mallela]. 

On the other hand, the ethical implications of using AI in legal decision-making cannot 

be overlooked. Concerns regarding fairness, accountability, and transparency are paramount, 

particularly as AI systems are increasingly used in high-stakes scenarios that include sentencing 

and case outcomes. The potential for bias in AI algorithms necessitates robust frameworks that 

ensure ethical standards are upheld, thereby fostering public trust in AI applications within the 

legal system [Demertzis]. 

 

Conclusion 

XAI is vital for ensuring that AI technologies are trustworthy, accountable, and 

transparent when they are deployed in critical sectors including healthcare infrastructures, 

financial sphere, and legal field. 

The sector-specific analysis reveals that XAI can improve decision-making, build 

confidence, and comply with regulations. However, there are still some issues that need to be 

addressed, including the question of balancing the accuracy and interpretability of a model, 

ethical issues, and the multistakeholder environment. These challenges can only be overcome 

through interdisciplinary cooperation and further research. Applying cognitive science, human-

centered design, and domain-specific knowledge will help in creating more intuitive and effective 

XAI systems that support the development of responsible and effective AI usage across industries. 
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