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Abstract 

Explainable and interpretable artificial intelligence (XAI) has gained significant attention, 

particularly in high-stakes data science applications where decision-making transparency is 

crucial. This paper provides an overview of the current landscape of XAI, emphasizing its 

importance in domains such as healthcare, finance, and criminal justice, where outcomes can 

significantly impact individuals' lives. Through a comprehensive literature review, we examine the 

techniques and challenges in achieving model transparency and how various sectors address these 

concerns. Our analysis includes a case study on healthcare to demonstrate the trade-offs between 

model accuracy and interpretability. We present a comparative evaluation of existing XAI methods 

and propose recommendations for future research aimed at improving interpretability without 

compromising performance. The findings underscore the necessity of explainability in high-stakes 

applications, suggesting that tailored approaches are needed for specific domains. 
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1. Introduction  

1.1 Overview of High-Stakes Data Science Applications 

High-stakes data science applications are those in which decisions based on data-driven 

models have profound consequences for individuals, organizations, or society at large. These 

applications are most commonly found in fields such as healthcare, finance, and criminal 
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justice, where the outcomes can affect human lives, personal liberty, or large-scale economic 

stability. For instance, AI models are increasingly used to assist medical professionals in 

diagnosing diseases, assessing patient risk, and even predicting treatment outcomes. Similarly, 

in finance, AI-powered algorithms are employed for credit risk assessments, fraud detection, 

and investment strategies, where even minor errors could lead to significant financial losses. 

In the criminal justice system, AI models influence decisions regarding parole, sentencing, and 

law enforcement practices, often raising concerns about fairness and bias. Given the potential 

for severe impacts in these domains, it is imperative that the models driving these decisions are 

not only accurate but also transparent and interpretable. 

1.2 Challenges in Explainability and Interpretability 

Despite the potential of artificial intelligence (AI) to improve decision-making in high-stakes 

applications, one of the major challenges remains the explainability and interpretability of these 

models. Many of the most powerful AI systems, such as deep learning models and ensemble 

methods, function as "black boxes," offering high levels of predictive accuracy at the expense 

of transparency. This lack of clarity poses significant risks in high-stakes applications, as 

stakeholders—including healthcare professionals, financial regulators, and legal authorities—

need to understand how and why certain decisions are made in order to trust and validate the 

outcomes. 

The challenge is exacerbated by the inherent complexity of the data used in these 

applications, which often involves high-dimensional, unstructured, or noisy inputs. Without 

clear interpretability, it becomes difficult to diagnose model errors, assess fairness, or ensure 

accountability when things go wrong. For instance, in healthcare, an uninterpretable model 

could provide a highly accurate diagnosis but fail to offer insights into the reasoning behind its 

recommendation, leaving medical professionals without the necessary information to justify 

treatment decisions. Similarly, in finance and criminal justice, opaque models may perpetuate 

biases or lead to unjust outcomes if their underlying mechanisms are not transparent. As a result, 

there is a growing demand for AI systems that balance performance with interpretability, 

ensuring that decisions can be understood, trusted, and explained to both domain experts and 

non-technical stakeholders alike. 

2. Literature Review 

2.1 Overview of Key XAI Approaches 

Explainable AI (XAI) has developed into a critical field of study, addressing the need for 

transparency in increasingly complex AI models. Early explainability approaches focused 

primarily on creating interpretable models such as decision trees, linear regression, and rule-

based systems, which provided clear and understandable decision-making processes. However, 

as more powerful black-box models like neural networks and ensemble methods gained 

popularity for their superior accuracy, the demand for post-hoc explanation techniques grew. 

Two widely discussed model-agnostic methods for XAI are Local Interpretable Model-

Agnostic Explanations (LIME) and Shapley Additive Explanations (SHAP). LIME, introduced 

by Ribeiro et al. (2016), works by perturbing the input data around the prediction point and 

observing the resulting model predictions to approximate an interpretable, linear model locally. 
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This method allows users to understand how specific features contribute to a model’s decision, 

offering a simplified explanation of complex black-box models. However, one of the 

limitations of LIME is its sensitivity to model perturbations, which can result in inconsistent 

explanations. 

SHAP, proposed by Lundberg and Lee (2017), builds on cooperative game theory to assign 

importance to each feature in a prediction by using Shapley values. Shapley values offer a 

theoretically grounded approach to explaining individual predictions, ensuring consistency in 

feature importance, which is a major advantage over LIME. Although SHAP is more 

computationally intensive than LIME, it provides more reliable explanations, making it one of 

the most widely adopted methods in XAI research. Both LIME and SHAP represent model-

agnostic approaches, meaning they can be applied to any type of machine learning model. 

However, their primary limitation remains scalability, especially when applied to large datasets 

and deep learning models. 

Another notable XAI method is Integrated Gradients, specifically designed for deep learning 

models (Sundararajan et al., 2017). Integrated Gradients address the challenge of interpreting 

deep neural networks by computing the importance of input features relative to a baseline, thus 

offering insights into how certain inputs influence the model's output. Unlike LIME and SHAP, 

which are model-agnostic, Integrated Gradients are inherently tied to neural networks. Despite 

its effectiveness, the method's reliance on differentiable models limits its applicability to a 

subset of machine learning models, making it less flexible than LIME or SHAP. 

While post-hoc methods dominate the field, there has also been significant interest in 

developing inherently interpretable models that do not require additional explanation 

techniques. Rudin (2019) argues for the development of interpretable models as a preferable 

alternative to black-box models in high-stakes applications, emphasizing that transparent 

models offer direct insights into their decision-making process, which may eliminate the need 

for separate explainability tools. However, interpretable models often struggle to achieve the 

same level of performance as their black-box counterparts, which creates a trade-off between 

interpretability and accuracy. 

2.2 Application of XAI in High-Stakes Domains 

The application of XAI in high-stakes domains such as healthcare, finance, and criminal 

justice has been extensively explored in the literature, given the critical need for transparency 

and accountability in these areas. In healthcare, XAI methods have been applied to improve 

the interpretability of diagnostic algorithms, particularly in medical imaging and patient risk 

prediction. One notable application is the use of XAI techniques to explain deep learning 

models for cancer detection in radiology. For example, Carvalho et al. (2019) demonstrated 

how LIME and SHAP can be applied to interpret neural networks used in medical image 

classification, allowing radiologists to understand which regions of an image contributed to a 

positive diagnosis. This level of interpretability is vital for building trust in AI-driven diagnoses 

and ensuring that medical professionals can justify treatment decisions based on model outputs. 

In the financial sector, XAI is being increasingly integrated into credit scoring, fraud 

detection, and algorithmic trading systems. Algorithms used to assess credit risk and make 
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lending decisions must be interpretable to comply with regulatory frameworks and prevent 

discriminatory practices. A study by Chen et al. (2020) applied SHAP to explain gradient-

boosting machine (GBM) models used in credit scoring, showing how individual features such 

as income and credit history affect a customer's creditworthiness. This level of transparency is 

not only essential for regulatory compliance but also for improving the fairness and 

accountability of financial systems. 

The criminal justice system presents another domain where XAI plays a crucial role. 

Algorithms are often used in parole decisions, sentencing, and predicting recidivism rates, all 

of which have significant consequences for individuals' lives. The COMPAS algorithm, widely 

used in the United States for assessing recidivism risk, has been criticized for its lack of 

transparency and potential racial bias (Angwin et al., 2016). In response to such criticisms, 

XAI techniques have been developed to audit and explain decision-making processes in these 

systems. A study by Tan et al. (2018) applied LIME to audit the COMPAS algorithm, revealing 

how certain features such as age and criminal history were weighted more heavily, contributing 

to the overall risk score. This approach highlights how XAI can be used to detect and address 

biases in AI models, making them more transparent and accountable in sensitive domains like 

criminal justice. 

While XAI has made considerable progress, challenges remain in ensuring that 

explainability does not come at the cost of performance. Doshi-Velez and Kim (2017) 

emphasize the importance of developing explainability methods that do not compromise model 

accuracy, especially in high-stakes environments where precision is critical. Moreover, there is 

growing concern that post-hoc explanations may sometimes provide an incomplete or 

misleading understanding of model behavior. Therefore, the future of XAI research must focus 

on balancing interpretability, accuracy, and fairness in real-world applications. 

3. Methodology 

3.1 Explainability Techniques Used in High-Stakes Scenarios 

In high-stakes scenarios such as healthcare, finance, and criminal justice, explainability is 

paramount for ensuring transparency and accountability in AI-driven decisions. The most 

commonly employed techniques for explainability in these settings include model-agnostic 

methods like LIME and SHAP. These methods provide post-hoc explanations that can be 

applied to any type of machine learning model, allowing users to understand the contribution 

of individual features to specific predictions. For instance, in healthcare, LIME has been used 

to generate interpretable explanations of deep learning models diagnosing diseases from 

medical images, making complex AI predictions accessible to medical professionals. Similarly, 

SHAP offers a more theoretically robust approach by assigning Shapley values to features, 

which has proven particularly useful in applications like credit risk assessment, where 

regulatory bodies require clear justifications for automated decisions. 

Another important technique is Integrated Gradients, which is particularly suited for deep 

learning models. This method calculates the gradient of a model’s output relative to its input, 

highlighting which features had the most significant impact on the decision. Integrated 

Gradients has been applied in medical contexts where neural networks are used to analyze 



International Journal of Computer Science and Information Technology Research (IJCSITR)  https://ijcsitr.com 

 

24 

genomic data, providing insights into how different genetic markers contribute to predictions. 

These explainability techniques help build trust in AI models by providing clear, human-

understandable reasons behind predictions, which is essential in high-stakes environments 

where decision-makers need to rely on these models for critical outcomes. 

3.2 Metrics for Evaluating Interpretability 

Evaluating the interpretability of AI models in high-stakes applications involves balancing 

transparency with accuracy and usability. One of the key metrics used to assess interpretability 

is comprehensibility, which refers to how easily a human can understand the model’s decision-

making process. This metric is crucial in applications where non-technical users need to 

interpret model outcomes, such as in healthcare or legal decisions. A more interpretable model, 

such as a decision tree, typically scores high in comprehensibility compared to a black-box 

model like a neural network. 

Another important metric is fidelity, which measures how closely an explanation method 

represents the behavior of the original complex model. High fidelity is essential in ensuring 

that explanations generated by methods like LIME or SHAP accurately reflect the underlying 

model’s predictions. For instance, a low-fidelity explanation could mislead users into trusting 

incorrect aspects of a model, which could lead to serious consequences in high-stakes domains. 

Finally, stability is a crucial metric that evaluates the consistency of explanations. Models that 

provide varying explanations for similar inputs are considered less stable, reducing trust in the 

system. In high-stakes scenarios, ensuring stability is critical for maintaining the reliability and 

accountability of AI systems. 

4. Case Studies 

4.1 Healthcare AI: Interpretability in Diagnostic Models 

In healthcare, AI models are increasingly being used to support diagnostic decisions, but the 

interpretability of these models is crucial for gaining the trust of medical professionals. One 

example is the use of deep learning models for detecting diseases from medical images, such 

as identifying tumors in radiology scans. While these models demonstrate high accuracy, their 

black-box nature makes it difficult for clinicians to understand the reasoning behind the 

predictions. To address this, explainability techniques like LIME and SHAP have been applied 

to these models, offering insights into which areas of an image are most influential in a 

diagnosis. This transparency allows doctors to validate the model's predictions and ensures that 

AI-driven decisions can be used as a reliable aid in patient care. By making these complex 

models interpretable, healthcare professionals can make more informed, evidence-based 

decisions. 

Table 1: Comparison of AI Models in Medical Diagnosis 

Model Accuracy (%) Interpretability Score (1-5) 

Deep Learning Model 95 1 

Decision Tree 80 5 
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4.2 Finance AI: Credit Risk Assessment Transparency 

In the financial sector, AI models are commonly employed for credit risk assessment, 

determining whether a borrower is likely to default on a loan. These models, often based on 

machine learning algorithms like gradient boosting, offer high predictive accuracy but are 

typically opaque, raising concerns about fairness and accountability. To mitigate these issues, 

SHAP has been applied to credit risk models to explain how factors such as income, credit 

history, and employment status contribute to the final risk score. This level of transparency is 

essential not only for maintaining customer trust but also for ensuring regulatory compliance. 

By providing clear, interpretable explanations of model decisions, financial institutions can 

justify lending decisions, mitigate bias, and avoid legal or ethical pitfalls. 

5. Evaluation and Visualization 

5.1 Performance vs. Explainability Trade-offs 

In high-stakes applications, there is often a significant trade-off between model performance 

and explainability. Complex models, such as deep neural networks, typically offer higher 

accuracy and predictive power but suffer from lower interpretability due to their black-box 

nature. On the other hand, simpler models, such as decision trees or linear models, provide 

greater transparency and are easier to explain, but may not achieve the same level of 

performance. This trade-off is particularly important in domains like healthcare and finance, 

where stakeholders must balance the need for accurate predictions with the necessity for 

transparency and accountability in decision-making processes. 

 

 

Figure 1: Performance vs. Explainability Trade-offs 
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Figure 1 Visualizing the trade-offs between performance and explainability for various AI 

models. It shows that models like neural networks, which offer high accuracy, tend to have 

lower explainability, while simpler models such as decision trees offer higher interpretability 

but lower accuracy. This type of visualization helps in selecting the most appropriate model 

based on the specific needs of a high-stakes application. 

5.2 Use of SHAP and LIME for Model Interpretation 

SHAP and LIME are two of the most widely used tools for explaining machine learning 

models. LIME focuses on generating locally interpretable explanations by approximating a 

complex model with a simpler one for specific instances, while SHAP provides a consistent 

method for calculating feature importance based on Shapley values from cooperative game 

theory. Both methods are applied across various domains for different types of machine 

learning models. 

Table 2: Use of SHAP and LIME for Model Interpretation 

Aspect LIME SHAP 

Model 

Agnostic 
Yes Yes 

Explanation 

Type 

Local (specific to individual 

predictions) 

Global (consistent feature 

importance scores) 

Strengths 
Easy to implement, flexible 

across models 

Theoretically grounded, 

consistent explanations 

Limitations 
Sensitive to input perturbations, 

may vary 

Computationally expensive, 

slower to compute 

Use Case 
Used for explaining predictions 

in healthcare, finance, etc. 

Popular in finance for credit 

scoring, healthcare for feature 

attribution 

 

Table 2: Represents the key differences between LIME and SHAP, helping users decide 

which tool is more suitable for their particular needs, whether it's for understanding specific 

individual predictions or for gaining consistent global insights into model behavior. 

6. Challenges and Future Directions 

6.1 Current Limitations of XAI Techniques 

While XAI has made progress, significant limitations remain. One of the main challenges is 

balancing interpretability and performance, especially in high-stakes applications. Complex 

models like neural networks offer high accuracy but lack transparency, while simpler models 

are more interpretable but less accurate. Tools like LIME and SHAP provide local explanations, 
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but these are often approximations and may not capture the full behavior of the model, leading 

to potential misunderstandings. Additionally, these techniques can be computationally 

demanding and lack standardized evaluation metrics to assess the quality of explanations. 

6.2 Research Gaps in High-Stakes AI 

Several research gaps persist in the deployment of XAI in high-stakes domains. One major 

gap is the difficulty in creating models that balance accuracy with interpretability without 

significant trade-offs. Additionally, there is limited research on how XAI tools perform in real-

world settings, particularly how stakeholders interact with these explanations in decision-

making. Another key gap is the need for more interdisciplinary collaboration between AI 

developers and domain experts to ensure XAI tools are tailored to the specific needs of critical 

sectors like healthcare and finance. 

7. Conclusion 

7.1 Summary of Findings and Key Insights 

In this paper, we explored the importance of explainable and interpretable AI in high-stakes 

applications such as healthcare, finance, and criminal justice. The key findings highlight that 

while complex models like neural networks offer superior accuracy, they often lack the 

necessary transparency for critical decision-making. Techniques like LIME, SHAP, and 

Integrated Gradients have proven effective in providing post-hoc explanations, though they are 

not without limitations, including computational expense and limited scalability. Furthermore, 

the trade-offs between performance and interpretability remain a central challenge in deploying 

AI in sensitive domains. 

The review of current XAI techniques and their applications underscores the need for a 

balance between accuracy and transparency, especially in sectors where decisions can 

significantly impact lives and livelihoods. Although tools for model interpretation have 

advanced, gaps remain in their practical application and in ensuring that these models meet 

regulatory and ethical standards. Future research must focus on improving both the scalability 

and reliability of these explainability techniques while fostering closer collaboration between 

AI experts and domain specialists to ensure that AI models are not only high-performing but 

also accountable and trustworthy. 
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