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Abstact 
 

Due to the growing influence of AI on decisions in various industries like healthcare, 

finance, and autonomous systems as well as criminal justice, transparency and 

trustworthiness in AI are becoming increasingly important considerations. While state-of-

the-art AI systems (deep learning models for example) are often referred to as 'black box' 

algorithms because of how they function, Explainable-AI or XAI aims to address this 

challenge through providing people with insight and understanding into how AI has arrived 

at its conclusions so as to enable users to make decisions based on their confidence in the 

decisions made by AI. This paper will provide a detailed review of all explanations generated 

from XAI techniques; organized according to either model-intrinsic or post hoc approaches 

to establishing XAI. Examples of commonly used methods/approaches include but are not 

limited to: LIME; SHAP; Grad-CAM; Attention Mechanisms; Expert Knowledge-Based 

Rule Models; etc., with each example illustrating both the pros/cons of these various 

methods along with application areas where they are most useful. Further, this paper will 

also give an overview of the different evaluation metrics used to measure XAI effectiveness, 

as well as current issues and areas needing continued research effort in the field of XAI. 
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1. INTRODUCTION 

Machine learning and deep learning have made great strides in the effectiveness of artificial 

intelligence (AI). Still, the intricate workings of AI create a situation in which it can be very 

challenging for users to understand how AI reaches its conclusions. This challenge can cause 

users significant risk in many use cases where human accountability, fairness, and safety are 

of utmost importance. Because many regulators have implemented regulations like the 
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General Data Protection Regulation (GDPR) that grant individuals the right to know how 

automated decisions are made, these regulations highlight the need for transparency in AI's 

decision-making processes. XAI has been developed to provide users with explanations that 

allow for the reconciliation of the model's proficiency and a user's ability to interpret the 

model's reasoning using an approach that is understandable, faithful, and actionable. 

2.  LITERATURE REVIEW 

2.1.Interpretable models (White-Box Models) 

Interpretable or white-box models (such as linear regression, decision trees and rule-based 

systems) are transparent by design, and their inherent simplicity makes them easy for users 

to see how input features affect their predictions. Despite their transparency, interpretable 

models typically cannot achieve the same level of predictive accuracy and effectiveness as 

more complex deep learning architectures can. 

2.2. Models using Post Hoc Explainability Techniques 

Post hoc explainability techniques are applied after the training of the model has been 

completed, and LIME generates explanations for local decision boundaries using 

interpretable surrogate models and SHAP uses game theory to estimate feature importance. 

Visualization-based explainability techniques, such as Grad-CAM, identify regions of 

interest (the most salient regions) and indicate the areas that were most responsible for a 
prediction made by a convolutional neural network model. 

2.3. Model-Specific Techniques of Explainability 

Some explainability methods are based on a given class of models. For example, attention 

mechanisms within neural networks can be used to identify the parts of an input to which a 

model directs its focus during a prediction process. Decision trees, on the other hand, have 

their own definition of importance and can be analyzed by the user based on both feature 

importance metrics and decision path analysis. 

 

3.  CLASSIFICATION OF XAI TECHNIQUES 

3.1. Intrinsically Understandable Models 

The first category of methodologies are models that have natural interpretable structures 

such as Generalized Additive Models (GAM), Decision Trees (DT) and Rule-Based 

Classifiers. These models were built with a focus on transparency, which means they are 

naturally interpretable and therefore provide insight into their predictions. They do however 

sacrifice some accuracy for interpretability when it comes to more complicated datasets. 

3.2. Post-Hoc Explainability  

This category represents methods to explain the predictions from black box (or opaque) 

machine learning models after they have been created. This category has a large degree of 

flexibility; it can be used with nearly any type of model and as a result, it has a high 
likelihood for producing estimation errors and providing less believable results compared to 

Intrinsically Understandable Models. 

4. EVALUATION METRICS 

The evaluation of methods in explainable artificial intelligence (XAI) is difficult because of 

the subjective nature of how people perceive things. Currently, common criteria by which 

we evaluate answers from machine learning methods to explain why decisions were made 
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are fidelity, interpretability, completeness, stability, and user trust. Human-centered 

evaluations are becoming increasingly prevalent in validating whether machine learning 

methods are actually providing useful explanations, and these include both user studies and 

expert assessments. 

5.  APPLICATIONS 

XAI has been implemented in a variety of fields, including Healthcare — Clinical Decision 

Support (CDS), Finance — Credit Scoring and Fraud Detection, Autonomous Vehicles — 

Vehicle Safety Assurance, Cybersecurity — Cyber Threat Analysis. 

6.  CHALLENGES 

XAI has made great strides but is still limited by issues like finding a balance between 

accuracy and interpretability, developing a set of standard methods to evaluate models with 

XAI, large models pose challenges for scalability, and sometimes we can overpromote the 

results of the implementations from XAI as they can potentially mislead users. Many 

researchers are currently looking for ways to address all of these limitations. 

7. FUTURE DIRECTIONS 

Future research in the areas of XAI will include future work on creating hybrid explainability 

methods, developing standardized benchmark methods, format and define domain-specific 

explanation frameworks, and incorporating a human-centered design approach. A major area 
of focus will be on creating a way for XAI to be integrated with fairness, robustness, and 

privacy in developing responsible AI solutions. 

 

6. CONCLUSION 

Explainable Artificial Intelligence is a critical component of ensuring transparency and 

building trust and accountability in modern AI systems. The survey examined major XAI 

techniques and their classification systems, applications, and limitations. As AI continues to 

evolve, XAI will be a foundation of responsible and ethical AI deployment. 
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