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ABSTRACT 

Explainable Artificial Intelligence (XAI) tackles the rising demand for interpretable and trustworthy AI 

like systems, where users are able to understand and trust the machine decisions for critical applications. 

This paper discusses XAI techniques, described architectural designs, and discusses their influence on 

complex decision making systems in applications such as health care, finance and autonomous systems (e.g., 

self-driving cars). We survey interpretable models and post-hoc explanation methods. Our approach uses 

theoretical analysis and case studies to probe the effectiveness of XAI at enhancing user trust and system 

reliability. Use cases such as medical diagnosis, credit scoring, and self-driving cars underscore the 

importance of XAI in liability and equity sensitive domains. Experimental results demonstrate that XAI 

can improve the interpretability of the original network structure without having an adverse-effect to the 

accuracy of the model up to 90% of user trust in healthcare tasks. Challenges are dealing with explanation 

versus efficiency and standardizing the evaluation metric. This paper highlights the potential benefit of 

XAI methods in connecting state of the art AI systems to human comprehension, which becomes the 

necessity for more accountable decision making systems. 
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Introduction 

Artificial Intelligence (AI) has disrupted industries of all sorts of industries by achieving unerring levels of 

accuracy when performing all manner of tasks, from diagnosing diseases to approving loans. But the very 

complexity of some of today’s AI models — namely deep neural networks — tends to make it hard to explain 

their decisions, a phenomenon British philosopher Nick Bostrom calls a “black-box” problem, which can 

jeopardize trust and accountability. Explainable AI (XAI) aims at addressing this need by creating approaches 

that render AI predictions comprehensible to a human, so they will be more trustable, ethically possible to be 

adopted in sensitive fields such as health, finance or autonomous systems. XAI is especially important in high-

stakes applications, where it may be as valuable to know why a decision was made as what the actual decision 

was, such as a doctor having to explain an AI-based diagnosis or a bank needing to clarify a loan denial. 

XAI consists of two primary categories of techniques: interpretable models (e.g., decision trees or linear 

regression) and post-hoc explanation methods (e.g., Local Interpretable Model-agnostic Explanations (LIME) and 

SHAP, which help explain complex models after completion of the training process. These techniques attempt to 

trade performance for interpretability, such that the explanations are accurate and comprehensible to non-expert. 

A driving force for the development of XAI is the surge of regulatory requirements, e.g., Europe’s General Data 

Protection Regulation (GDPR) stating the right to explanation, and the need to address biases in AI models. For 

example, XAI can explain why an AI model denies credit to certain demographic groups at a higher rate than 

others, leading to a more fair outcome. 

The objective of this article is to offer an accessible and complete description of XAI approaches with illustrative 

applications in decision makers. We investigate how recent developments in interpretable models and explanation 

methods are employed through case studies, and their effect on trust and credibility. This article is organized as 

follows: literature review of XAI methods, proposed methodology via a combination of theoretical and practical 

aspects, application to important areas, conclusion, future prospects, and references. By examining the role of 

XAI in transparent AI, we emphasize the potential of XAI to bridge the gap between the technology and the value 

and regulation demands of humans. 
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Literature Review 

Explainable AI (XAI) has been gaining momentum as a significant area in computer science that tackles the 

opacity of AI models. The section presents major XAI approaches, their evolution and application in decision-

making systems. 

Interpretable Models 

Some models, like decision trees, rule-based systems, and so on, are by construction interpretable, i.e.\ they have 

simple explanations. Breiman (2001) observed that decision trees are interpretable and provide transparent 

decision paths, and thus ideal for scoring purposes, such as credit scoring. Although simpler, linear regression and 

logistic regression are still effective for understandable predictions in finance (Hastie, Tibshirani, and Friedman, 

2009). However, such models are also less accurate (relative to complexity) compared to complex models such 

as neural networks. 

Post-Hoc Explanation Techniques 

Post-hoc techniques interpret intricate models, once they are trained. Local Interpretable Model-agnostic 

Explanations (LIME) is able to build local explanations of individual predictions, with high fidelity, even in the 

context of healthcare applications (Ribeiro et al., 2016). SHapley Additive exPlanations (SHAP), which is 

grounded in game theory, measure the feature effects and thus provide fair explanations to the deep learning 

models (Lundberg & Lee, 2017). Both approaches have been used in areas such as fraud detection and medical 

diagnosis. 

Applications and Evaluation 

XAI, for example, has been applied in healthcare to explain diagnostic predictions, where 85–90% of users trust 

explanations offered (Holzinger et al., 2019). In financial transactions, XAI guarantees adherence with regulations 

such as GDPR, by explaining credit decisions (Molnar, 2020). Driverless vehicles utilize XAI to justify route 

decisions, for safety reasons (Kim & Canny, 2017). Particularly, the evaluation of explanation quality scores (i.e., 

the fidelity of explanation and user satisfaction) are also not unified, which is still one of the open challenges 

(Doshi-Velez & Kim, 2017). 

Challenges and Trends 

Problems are how to reconcile interpretability with accuracy and the standardization of XAI metrics. Current 

trends include hybrid models of interpretability and performance, and interactive XAI systems for real-time user 

feedback (Adadi & Berrada, 2018). These are not only advancements in explainability, but they also signal the 

increasingly important part XAI is playing in ethical AI. 

This paper lays the groundwork for our approach and critique of XAI for decision-making systems. 

Methodology 

In our study of XAI methods, we took both theoretical and practical perspectives, and we concentrated on 

interpretable models (as well as post-hoc explanation techniques) in a decision-making system. This section 

outlines our methodology. 

Theoretical Analysis 

We analyzed two XAI approaches: 
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1. Interpretable Models: In a healthcare dataset (diabetes diagnosis), decision tree and logistic regression 

were trained in scikit-learn for outcome prediction. We obtained interpretability using feature 

importance generated by decision paths and regression coefficients. 

2. Post-Hoc Explanations: LIME and SHAP were used for a pre-trained deep neural network (DNN) on 

credit scoring. LIME used local linear models to describe single predictions, and SHAP estimated 

feature contribution using Shapley values. 

Practical Implementation 

Case studies were found using the open-source datasets: 

• Health care: Decision trees and DNNs were trained with the PIMA Indians Diabetes Dataset with 

explanations created for predictions about the condition. 

• Finance: A synthetic credit scoring dataset was employed to conduct the evaluation of LIME and SHAP 

on a DNN for loan approval decisions. 

• Autonomous Vehicles: Rule-based XAI was used to test for decisibility (the algorithm clarity allowed 

people to understand the decision of the case) in a simulated navigation dataset. 

Explanations were computed with Python libraries (scikit-learn, LIME, SHAP) on a standard computing 

environment (8GB RAM, 2.4 GHz CPU). User trust was assessed with surveys of 50 participants and explanation 

clarity rated on a scale of 1–5 for each case study. 

Data Analysis 

F1-score was used as criterion of the model accuracy. Explanation fidelity was also evaluated through the 

comparison of predicted and explained outcomes. An average of the trust scores provided by users were used to 

measure acceptance. Differences in trust between interpretable and post hoc methods were tested using t-tests. 

Table 1: XAI Methods Overview 

Method Type Strengths Weaknesses 

Decision Tree Interpretable Clear decision paths Limited accuracy 

Logistic Regression Interpretable Simple coefficients Poor for non-linear data 

LIME Post-Hoc Model-agnostic, local focus Computationally intensive 

SHAP Post-Hoc Robust feature contributions Complex for non-experts 

Applications 

XAI strengthens decision making systems by increasing transparency in high stake domains. Applications to 

healthcare, finance, and autonomous vehicles are then discussed in this section. 

Healthcare 

XAI can explain diagnostic predictions and enhance clinician trust. Decision trees have transparent decision rules 

to classify diabetes, and SHAP explains DNN prediction, where they identify that variables for diabetes prediction 

include glucose levels. Clinician trust is 90% in XAI-diagnostic according to (Holzinger et al., 2019). 

Finance 

In credit scoring XAI helps to ensure fairness and protect against legal liabilities (e.g., GDPR). LIME explains 

loan rejections citing factors such as income and credit history, minimizing bias debates. Banking uses XAI 

systems with an acceptance rate of 85% (Molnar, 2020). 
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Autonomous Vehicles 

XAI makes navigation decisions transparent and increases safety. Lane change interpretations provide 

explanations based on rules, and obstacle avoidance with DNN is interpreted using SHAP to increase drivers' 

confidence. (XAI), the performance of autonomous systems on this task can be improved by 80% (Kim & Canny, 

2017). 

Challenges and Opportunities 

Drawbacks of these approaches consist in computational overhead for post-hoc methods, and in the necessity of 

user-specific explanation formats. Challenges include the incorporation of XAI to real-time systems and the 

establishment of standard metrics on interpretability. 

Table 2: XAI Application Performance 

Domain XAI Method Accuracy (F1-Score) User Trust (%) 

Healthcare SHAP 0.88 90 

Finance LIME 0.85 85 

Autonomous Vehicles Rule-Based 0.82 80 

Results 

Our analysis of XAI techniques offers a glimpse into the role they can play in decision-making systems 

applicable to healthcare, finance and self-driving vehicles. 

Interpretable Models 

Diabetes diagnosis decision tree had an F1-­‐ score of 0.82, and the decision paths were clear (e.g. glucose > 140 

mg/dL increased risk). Logistic regression had a smaller F1-score (0.75) on non-linear data but provided 

interpretable coefficient-based explanations (e.g. glucose coefficient = 0.4). Decision trees were considered well-

interpretable (average user trust rate of 4.2/5). 

Post-Hoc Explanations 

For credit scoring, feature attribution algorithms LIME and SHAP were used to a DNN (F1 score = 0.90). LIME 

accurately explained 85% of the predictions, with income and debt as major contributors. SHAP calculated strong 

feature contributions with 90% explanation fidelity. User trust in upper and lower limb representations for user n 

was rated 4.5/5 for SHAP and 4.0/5 for LIME: SHAP was found to be slightly more consistent. 

Application Performance 

SHAP-boosted DNNs were found to achieve F1-score of 0.88 and trust of 90% in health care. In Finance, LIME 

achieved 0.85 F1-score with 85% trust. The best performing algorithm on rule-based XAI in autonomous vehicles 

on this dataset scored a F1-score of 0.82 and trust of 80%. SHAP trust scores were significantly greater than 

decision trees according to statistical analysis (p < 0.05). 

Table 3: User Trust Scores 
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XAI Method Healthcare (1–5) Finance (1–5) Autonomous Vehicles (1–5) 

Decision Tree 4.2 4.0 3.8 

LIME 4.0 4.1 3.9 

SHAP 4.5 4.3 4.1 

Discussion 

The findings also support that XAI can be useful for XAI in satisfying the transparency with minimum loss in 

accuracy. SHAP dominates other methods in trust and fidelity but has higher computational overheads. Challenges 

include making explanations that are generic enough for all users and aligning met rics. Future efforts could be 

directed to the development of real-time XAI and hybrid models.. 

Conclusion 

Explainable Artificial Intelligence (XAI) is fundamentally reshaping decision-making systems by bringing 

transparency and trust to AI in safety-critical domains such as healthcare, finance and autonomous vehicles. This 

work highlights that interpretable models, such as decision trees, and post-hoc methods (LIME and SHAP) are 

able to trade off accuracy (F1-score up to 0.90) and interpretability, with score of user trust between 80–90%. 

Case studies in the context of diabetes diagnosis, credit scoring, and navigation demonstrate the necessity of XAI 

for accountability, fairness, and regulation. Yet, caveats remain such as the computational burden of post-hoc 

approaches, the user-dependent nature of explanations and lack of common evaluation metrics. Prospective work 

may focus on real-time XAI systems, hybrid models that combine interpretability and performance, and universal 

metrics for explanation quality. Overcoming these barriers, XAI has the potential to narrow the gap from complex 

AI models to human understanding, leading to the widespread adoption that is necessary for the ethical adoption 

of AI and providing trustworthy and transparent systems that conform to societal and regulatory standards. 
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