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___________________________________________________________________________________________________________ 

Abstract: AI systems are increasingly deployed for decision-making in application areas like health, finance, and autonomous 

systems. Yet, verifying the reasons driving their responses is difficult with complex machine learning models, especially with 

deep learning architectures. This research paper examines Explainable Artificial Intelligence (XAI), which is a promising 

solution to tackle this issue. By means of the systematic literature review and empirical analysis, we examine various leading 

XAI methodologies like SHAP (SHapley Additive exPlanations), LIME (Local Interpretable Model-agnostic Explanations) 

and their applications in different domains along with the accuracy-interpretability trade-off. This paper studies how 

explanation frameworks can enhance regulatory compliance, fairness and user trust in AI systems. Based on our findings, we see 

that the XAI techniques have made a good impact on the model. the major challenges that remain include the standardization of 

evaluation metrics. Furthermore, challenges include scaling XAI techniques to more complex models and addressing the ethical 

dimensions of algorithmic decision-making. This study adds to the growing literature on the responsible use of AI (artificial 

intelligence) and provides actionable recommendations on how firms can create value with AI solutions. 
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___________________________________________________________________________________________________ ___ 

1. Introduction 

AI is now present everywhere, from smartphone cameras and 

self-driving automobiles to medical imaging. The flip side is 

that larger AI models, especially deep learning architectures, 

the more they turn into a “black box”. This makes it harder for 

stakeholders to understand, verify, or trust the decisions made 

by the systems [1], [2], [10]. Such opacity presents a serious 

challenge to transparency and accountability issues, not to 

mention ethical deployment in those high-stakes 

environments where decisions affect human welfare. 

Explainable Artificial Intelligence (XAI) has thus recently 

become one of the hot research topics aiming to explain AI 

processes and decision-making in a human-understandable 

way [7], [9], [13]. The need for XAI arises not only from 

ethical perspectives but also from several legal frameworks, 

such as a clause in the GDPR establishing a "right to an 

explanation" of automated decisions affecting individuals [6], 

[11]. The following literature review outlines the logical 

basis, methodological orientation, contextual application, and 

current issues in XAI, insightfully relating how 

explainability relates to trustworthiness and transparency in 

decision-making with AI. 
 

2. Literature Review 

2.1 Foundations and Core Concepts of Explainable AI 

Although explainability and interpretability are often 

considered synonymous, they are distinct components of AI 

systems. Explainability refers to the ability of an AI model to 

provide clear, understandable reasons for selecting the 'x' 

option over the 'y' option, and helps stakeholders understand the 

reasoning behind the decision and the implications of any 

biases present. Interpretability, in a general sense, is the level 

of understanding one has of the model's inner workings and 

the extent to which one understands the model's input-output 

relationship [2], [7], [13]. In high-stakes situations, such as 

medical, financial, and automated systems, the need for 

explainability and interpretability becomes more important 

[7], [10]. For example, a model might be considered 

interpretable by design (i.e., a decision tree where its logic is 

clear) and still not meet the level of explanation that domain 

experts require. On the other hand, many of the more 

complicated deep neural networks will need to use post-hoc 

methods in order for their decisions to be explained. 

 
Figure 1: Evolution of explainable AI techniques from 

decision trees (1980) through modern frameworks (2023), 

illustrating the historical development of interpretability 

approaches. 
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2.2 Types and Taxonomies of XAI Approaches 

Explainability can be used in real-time by the learning model 

to provide some form of transparent solution for immediate 

consumption by, e.g., a human agent in a feedback loop 

control strategy. Additionally, it can be seen as a post hoc 

process able to explain output generated by a pre-defined 

model with high prediction performance. Examples of 

inherently interpretable models include logistic regression and 

decision- and rule-based models. Because of their simplicity, 

users can easily understand the models' decision logic. Still, 

these models tend to perform worse in terms of prediction 

accuracy relative to more sophisticated models. Post-hoc 

explanation methods, on the other hand, allow for the use of 

predictive models, such as the post-hoc methods SHAP 

(Shapley Additive exPlanations) and LIME (Local 

Interpretable Model-agnostic Explanations) [3], [4], to 

explain the predictions made by the "black-box" models [9], 

[12], [14]. Finally, XAI approaches can also be categorized 

by explainability scope. There is local explainability, which 

focuses on single predictions, and global explainability, 

which examines explainability across the dataset to assess the 

behaviour of the model and the importance of the features 

[11], [13]. A comparative analysis of leading XAI techniques 

based on their scope, model type, computational speed, and 

interpretability is presented in Table 1. 

Table 1: Comparative Features of Leading XAI Techniques 

Technique Scope Model 

Type 

Speed Interpr

etabilit

y 

LIME Local Model-

Agnostic 

Fast High 

SHAP Both (Local 

& Global) 

Model-

Agnostic 

Modera

te 

Very 

High 

Attention 

Mechanisms 

Local Model-

Specific 

Fast High 

DeepLIFT Local Model-

Specific 

Modera

te 

High 

Counterfactual 

Explanations 

Both Model-

Agnostic 

Slower Very 

High 

 

2.3 Why XAI Matters: Trust and Accountability 

Integrating explainability into artificial intelligence systems 

not only improves technology - it forms a basic requirement 

for gaining confidence from people who rely on automatic 

decisions [7], [13]. In areas where outcomes matter greatly, 

trust in AI largely depends on shared understanding between 

machine output and human judgement. By grasping how 

conclusions are reached, users can evaluate whether the results 

make sense, thus allowing them to make an informed decision 

to accept the guidance or choose alternatives [4], [9]. Beyond 

function, transparency tools fulfil oversight roles: institutions 

gain ways to check if algorithms behave equitably, uncover 

unintended slants in data handling, and preserve 

responsibility in choices affecting personal well-being [6], 

[11], [12]. 

2.4 Key XAI Techniques and Methodological Approaches 

2.4.1 Model-Agnostic Methods: LIME and SHAP 

Local Interpretable Model-agnostic Explanations (LIME) and 

Shapley Additive exPlanations (SHAP) are the two most 

popular approaches in current XAI research [3], [4], [13]. LIME 

identifies how changes in the input affect the model’s output 

and uses this to create a simple, understandable model that 

explains individual predictions. Because of how it works, 

LIME can be used with any type of model [3]. SHAP works 

on the principles of cooperative game theory and gives the 

Shapley values for all game features [4]. Although it takes 

more computing power than LIME, SHAP manages to provide 

both explanations of individual predictions and a wider 

overview, and it mathematically guarantees how much each 

feature influences the result [4], [7]. In cases where the model 

needs to make a prediction and an explanation in quick time 

to satisfy end-users, LIME could be more appropriate. It is 

suitable where the models are less complex or transparency is 

not a significant concern. The situations in which SHAP is 

most effective were discussed earlier. In cases where there is 

limited time to process a prediction, but robust explanations 

are valued when they are made, using both SHAP and LIME 

as complementary methods is recommended. 

2.4.2 Deep Learning-Specific Interpretability Methods 

 For complicated deep neural networks, specific 

interpretability tools have been designed [5], [10]. Within 

transformer structures, attention mechanisms reveal which 

sections of the input the model is focusing on during its 

decision-making process; and this is interpretable by nature, 

without any explanation needed afterwards [7], [13]. 

According to [5], Layer-wise Relevance Propagation (LRP) 

and DeepLIFT are ways neural networks can explain their 

predictions. LRP works by sending the ‘importance’ of the 

final answer back through the network to identify how much 

each ‘neuron’ played a part in it [5]. In computer vision, 

saliency maps are very important [10], [15]. Their key 

advantage is the ability to show the most important parts of a 

picture that changed the model’s prediction. These methods 

address the specific challenges of interpreting deep learning by 

working directly with the way the model has internally 

represented the information [5], [10]. While traditional post-hoc 

methods allow users to inspect trained models, these methods 

are time-consuming and may not provide satisfying 
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explanations for complex models. 

2.4.3 Emerging Methods: Counterfactual Explanations and 

Concept-Based Explanations 

Counterfactual explanations are generated by identifying the 

minimum differences between an instance to be explained and 

a selected comparison instance, where the comparison 

instance belongs to the class other than the predicted class of 

the instance to be explained. Such an approach provides 

intuitive, actionable explanations by showing minimal 

changes necessary to change the model's decision, which is 

very helpful in fields where users must understand decision 

boundaries, such as loan approval or medical treatment 

planning [6], [13]. In contrast, concept-based explanations go 

beyond individual feature importance to determine high-level 

semantic concepts responsible for influencing model 

behaviour, thus creating more human-centric explanations 

closer to domain knowledge [7], [11]. These approaches 

advance human-centric understanding, but at present, 

creating meaningful and realistic counterfactuals is a 

substantial challenge for complex models. 

2.5 Domain-Specific Applications of XAI 

2.5.1 Healthcare and Medical Diagnostics 

One of the most important areas for the introduction of XAI 

is healthcare, where failures in diagnosis could lead to severe 

adverse consequences for patients [7], [13]. XAI methods 

have been incorporated into some clinical decision support 

systems for disease diagnosis, prognosis, and treatment [7], 

[12]. For example, in the systems for cancer diagnosis with 

the help of deep learning models and medical imaging, the 

diagnosis of malignancy is performed using some clinical 

imaging features extracted from medical scans [4], [10], [15]. 

In the diagnosis of cardiovascular diseases, explainable models 

have shown the capability to detect and interpret atypical 

patterns in the ECG and imaging data, and have provided 

clinicians with the interpretative reasoning explanations for the 

prediction [10], [12]. This improves trust in AI-assisted 

diagnostics and allows clinicians to evaluate whether AI 

reasoning is in line with medical knowledge. This is important 

in addressing the problems of model biases and data set 

artifacts. In addition, explainability is important for the 

compliance of institutions with regulations and the ethical 

governance of healthcare institutions [6], [11]. Although 

there have been significant improvements in this field, the 

interpretability and trustworthiness of XAI reasoning must be 

ensured [8]. 

 

 

 

 

Table 2: XAI Applications Across Critical Domains 

 

Domain Key 

Applications 

Critical 

XAI Need 

Primary 

Technique

s 

Healthcar

e 

Disease 

diagnosis, 

Patient risk 

prediction 

High - Direct 

patient 

impact 

LIME, 

SHAP, 

DeepLIFT 

Finance Fraud detection, 

Credit scoring, 

Risk assessment 

High - 

Regulatory 

compliance 

(GDPR) 

SHAP, 

LIME, 

Counterfac

tual 

Autonom

ous 

Systems 

Autonomous 

vehicles, 

Decision paths 

Critical - 

Safety & 

accountabilit

y 

Attention, 

Saliency 

maps 

Robotics Human-robot 

interaction, 

Decision 

justification 

High - Trust 

& safety 

LIME, 

SHAP, 

Causal 

reasoning 

Criminal 

Justice 

Risk assessment, 

Bail decisions 

Critical - 

Fairness & 

bias 

mitigation 

LIME, 

SHAP, 

Rule- 

Based 

 

2.5.2 Financial Risk Assessment and Fraud Detection 

The financial industry is using XAI for both competition and 

regulatory compliance [7], [12]. A credit scoring model using 

SHAP and LIME has clear reasons for approving or denying 

loans, aiding in compliance with GDPR's "right to 

explanation" [6], [4]. Fraud detection demonstrates the use of 

ensemble methods with XAI: models with XAI that provide 

heightened detection accuracy, XGBoost or Random Forest 

[7], [12], and XAI that highlights the reasons of fraud such as 

unusually high, low, or no spending, atypical locations, or 

uncharacteristic spending patterns [4], [13]. This allows the 

financial industry to find a balance between robust fraud 

detection systems and provide a thorough explanation to the 

customers and regulators. Explainable models in credit risk 

assessment also show that the interpretability of a system and 

its accuracy are not contradictory in a well-designed system 

[7], [11]. Yet, balancing transparency and the necessity to 

protect sensitive financial models remains a critical issue in 

this area. 

2.5.3 Autonomous Systems and Robotics 

Within autonomous systems, especially in self-driving cars 

and robotic arms, explainability is critical for the safety and 

security of people [7], [13]. When answering whether certain 

decisions are safe and justifiable from any legal standpoint, 

one needs to consider the system's reasoning for emergency 

braking or why a certain path was selected, and why one path 
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was chosen over others in the driving scenario [7], [10]. 

Therefore, XAI techniques help engineering experts to 

ensure that when facing different situations, autonomous 

systems will respond safely and will not develop certain 

negative, unreasonable shortcuts or even unexplainable 

biases [7], [12]. When it comes to explainability in the realm 

of robotics, it is a primary component of fostering effective 

teamwork between robots and humans, and robots especially 

need this ability in areas like health care, manufacturing, and 

high-risk or hazardous job environments [13]. Lastly, the 

ability for other robots and people to understand the 

reasoning behind the decisions made by a robot will improve 

the design and evaluation process of autonomous systems. 

3. Problem Formulation 

3.1 Research Questions 

This study tackles the following fundamental research 

questions. 

RQ1: How effectively do leading XAI techniques (SHAP, 

LIME) explain complex machine learning models across 

diverse application domains? 

RQ2: What critical barriers and challenges for implementing 

XAI systems must be addressed for organizational-level 

adoption? 

RQ3: How can organizations balance competing objectives of 

model accuracy, interpretability, computational efficiency, and 

fairness? 

RQ4: What governance and ethical frameworks for XAI 

deployment are necessary and how can they be implemented? 

3.2 Problem Identification 

After going through the literature and getting feedback, we 

found several issues: 

1. Despite the advancement in XAI methods, there 

remain considerable gaps between what can 

technically be explained and what stakeholders can 

understand. 

2. Scalability Constraints: It becomes computationally 

prohibitive for XAI techniques such as SHAP at scale, 

making it unfeasible in production. 

3. Traditional XAI methods do not handle correlated 

features well. The explanations in these cases are 

unstable and misleading. 

4. Recognizing that the request for a detailed explanation 

may leak sensitive training data introduces new 

security vulnerabilities. 

The absence of standardized evaluation frameworks prevents 

organizations from assessing explanation quality and 

benchmarking different XAI implementations. 

3.3 Research Significance 

This research helps us understand how organizations can put 

XAI systems into use in a way that deals with conflicting 

constraints most effectively. By synthesizing technical, 

organizational, and ethical dimensions, we provide 

comprehensive guidance for responsible AI deployment. The 

research acknowledges that XAI success depends not solely 

on algorithm development but on organizational capability, 

stakeholder engagement, and ethical commitment. 

4. Methodology and Dataset Description 

4.1 Survey Design 

This research uses a survey-based approach to gain insights 

into user attitudes towards Explainable Artificial Intelligence 

(XAI) when they are put in actual decision-making 

situations. We designed a structured questionnaire 

implemented on an online system (Google Forms) to gather 

responses from participants having different levels of 

exposure to artificial intelligence. The questionnaire 

comprised multiple-choice and Likert scale questions to 

measure users’ knowledge, confidence, and choices toward 

explanations given by an AI. Clarity, transparency, fairness, 

and interpretability of AI systems were the main topics that 

guided the design of the questions. 

4.2 Data Collection 

We gathered data over a specific timeframe through the 

online administration of the survey questionnaire. We 

distributed the questionnaire via online channels, i.e. email and 

different social media Platforms to get responses from a 

varied sample of respondents i.e. students, researchers and 

professionals. We received a total of 72 responses during the 

survey period. Participation was based on the respondents’ 

free will after we explained the objectives of our research to 

them to obtain honest responses. 

4.3 Dataset Description 

The collected dataset consists of 72 responses reflecting 

users’ understanding and trust in AI and XAI systems. This 

includes background information and field of study, 

demographic responses, AI awareness responses, and 

preference of information and trust level and perceived 

contributions to Explainable AI challenges. Most respondents 

are students (73.6%), followed by industry employees 

(15.3%) and researchers (11.1%). The majority of answers 

came from Computer Science/IT branch (81.9%) while 

respondents from health care, finance and others were less. 

The nature of dataset is qualitative ordinal. 

Therefore, it does the descriptive statistical analysis only. The 

responses were organized and preprocessed to identify trends 

and patterns that support the evaluation of explainability, 

transparency, and trust in AI systems. 

5. Data Analysis 

The survey data were analyzed using descriptive statistics to 

assess patterns and trends in the perceptions of users regarding 
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Explainable Artificial Intelligence (XAI). The responses were 

then sorted and grouped according to key parameters 

(awareness of AI, trust in AI-based decisions, preference for 

explanation formats, and perceived challenges in XAI.). 

To assess user awareness, responses were grouped to 

calculate the percentage of participants having basic 

knowledge of Artificial Intelligence and Explainable AI 

concepts. The results revealed that all respondents were 

familiar with AI while barely 64.8 per cent had heard of XAI. 

The survey also exposed huge support for transparency in AI 

systems. The findings show that about 41.7% agreed, while 

38.9% strongly agreed that AI systems should justify their 

decisions. All respondents agreed that explainability is essential 

in AI systems.  

 

 

Figure 2.1: Responses to whether AI systems should explain their 

decisions. 

Likert scale responses were used to analyze trust levels, 

enabling the identification of general sentiment towards AI 

systems with and without explanations. The findings showed 

that people did not trust AI when it did not explain itself: 

61.1% were unsure if they would trust it, and 34.7% said they 

wouldn’t. Only 4.2% said they would. 

 

 
 

Figure 2.2: Responses to trust in AI systems without 

explanations. 

To explore whether and how certain features of explanations 

(e.g., clarity, completeness, transparency, and fairness) affect 

user trust, we carried out additional analysis. Comparative 

observations indicated that when provided with simple and 

straightforward explanations, users tended to trust AI systems 

more. User preferences with respect to explanation formats (i.e., 

textual explanations, visual explanations, and example-based 

interpretations) were also examined. The results showed that 

hybrid visual and textual explanations most effectively 

improved users’ perceptions of AI and increased their 

reliance on AI as compared to no explanations. Additionally, 

compared to purely textual explanations, visual explanations 

could further improve the perceived understanding and trust 

in AI. 

The survey further showed that explainability is considered 

important across multiple application areas. 

83.3 percent of respondents indicated that they consider it 

important for XAI systems to be able to explain their 

decisions in all major application domains. Smaller 

percentages selected the application domain of healthcare (8.3 

percent), criminal justice (4.2 percent), finance (2.8 percent), 

or autonomous vehicles (1.4 percent). 

 

Figure 2.3: Domains where explainability is considered most 

important. 

When it comes to trust in AI systems, 41.7% of respondents 

somewhat agreed and 31.9% strongly agreed that more trust in 

AI systems leads to higher acceptance of their decisions and 

recommendations, with 26.4% neither agreeing nor 

disagreeing. 

 

 
 

Figure 2.4: Responses showing whether explanations increase 

confidence in AI systems. 

The survey indicates that 38.9% of the participants believe 

that simple and interpretable models are more trustworthy, 

whereas 27.8% indicated that models could be developed based 

on clinically accepted ‘black box’ methods with the support of 

suitable explanation tools. The remainder (33.3%) were unsure. 
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Figure 2.5: Most trustworthy type of AI model according to 

respondents. 

In addition, 66.2% of respondents indicated the accuracy-

interpretability trade-off as the main challenge in Explainable 

AI, 25.4% voted for user understanding, 7% for 

computational cost, and 1.4% for lack of standards. This also 

underscores the need for highly accurate as well as easily 

interpretable AI designing. 

 
 

Figure 2.6: Biggest challenges in Explainable AI. 

This study also contributes to existing research by 

highlighting the importance of measuring users’ reliance on 

AI systems in the context of XAI. 

5.1 Conceptual Framework 

Based on the literature review and survey findings, a generic 

XAI-enabled decision support framework can be proposed. 

The framework starts with input data that goes through a 

black-box AI model or a model that is interpretable by 

nature. The model makes predictions, and then XAI 

techniques (e.g. LIME, SHAP, DeepLIFT, attention 

mechanisms, counterfactual explanations) are employed to 

make the black-box model’s predictions more interpretable to 

humans, which could help users to understand, trust and 

question the model. 

 
Figure 3: Conceptual Framework of Explainable AI (XAI) 

Pipeline with Feedback Loop. 

This conceptual framework highlights that explainability 

should not be treated as an optional add-on but as an essential 

component of AI system design. The framework can also be 

visually represented through the XAI architecture diagram 

and the accuracy versus interpretability trade-off diagram. 

5.2 Link to Survey Findings 

The results of the survey imply that users have a strong 

preference in the design of AI. Users would take an AI with an 

explanation that performs 5% worse than one that has no 

explanation. This indicates that the performance gain of 

making a model a black-box may no longer compensate the 

loss of greater trust (or satisfaction) that comes with the 

interpretability of a model. 

38.9% of the respondents also trusted simple and interpretable 

models more and only 27.8% preferred to use complex AI 

models along with a set of explanation tools. Thus, if the 

intended 

application is high-stakes, then prioritizing inherently 

interpretable models (or using rule-based surrogate AI model) 

appears to be the right approach. On the other hand, black-

box models may be "good enough" if related explanations 

(e.g., SHAP values, LIME, or counterfactual explanations) are 

developed and deployed along with the models themselves. 

A trend we observed is that the explanations themselves can 

be treated as new models rather than post-hoc add-ons, using 

the best models for X use-cases. For example, SHAP values 

can be interpreted as an ensemble of local linear surrogate 

models, and LIME implicitly computes a local linear 

surrogate model. This raises the question of whether any model 

transparency versus model performance trade-off discussion is 

moot, because truly cutting-edge XAI involves training some 

sort of model, whether human-interpretable or not. 

6. Results and Discussions 

6.1 The Accuracy-Interpretability Dilemma 

Achieving clarity in automated reasoning grows harder as 

prediction strength increases. Simple frameworks - say, 

shallow decision trees - offer transparent pathways but 

usually lag behind complex architectures in forecasting 

precision. Deep neural networks, though powerful, obscure 

their internal steps. The trade-off emerges naturally: 

transparency weakens where performance strengthens. As a 

result, institutions face a choice - clarity at the cost of precision, 

or stronger results without full visibility into processes [10]. 

Still, recent studies suggest this contrast may not always hold 

true. Optimal results often emerge through hybrid strategies, 

where intricate models pair with refined post-hoc interpretation 

techniques - provided these explanations are tailored 

precisely to the application area [7], [9]. Lately, progress in 

architecture design has introduced alternatives: systems like 

inherently interpretable attention frameworks do not just 

balance trade-offs but redefine them entirely [7], [13]. This 

suggests that future research should focus on developing 

models that inherently balance both accuracy and 

interpretability. 
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Figure 4: Accuracy v/s Interpretability of AI models 

6.2 Computational Complexity and Scalability 

While some XAI techniques like LIME are computationally 

light, others like SHAP have substantial overheads, 

especially when exactly computing Shapley values for 

complex models [3], [4]. This is prohibitive for applications 

at scale, such as processing millions of transactions or 

images [7], [11]. Some challenges along these lines have been 

addressed by offering approximate variants of SHAP, such as 

TreeSHAP for tree-based models and sampling-based 

approaches for neural networks [4] [11]. However, scalability 

is one central issue related to the deployment of XAI in real-

time or in applications involving large datasets, and efficient 

approximation algorithms and hardware acceleration may be 

called for [7] [12]. 

6.3 Standardization and Evaluation of Explanations 

Even with many XAI approaches available, consistent ways 

to measure explanation quality remain absent [7], [13]. 

Because needs differ among users, what matters in an 

explanation can shift - doctors might seek clinical clarity, 

whereas oversight bodies demand traceable logic. Instead of 

one common 

scale, current assessments rely on varied criteria: some 

check how closely reasoning matches model decisions, others 

judge inclusion of key inputs, still others gather feedback from 

people using the outputs [7], [10]. Without shared 

benchmarks, comparing systems becomes problematic, also 

complicating choices about which method fits a given task 

best. Later attempts at uniformity must balance broad 

usability against specialized demands found in distinct fields 

[12], [16]. 

6.4 Domain-Specific Adaptation and Transfer 

Although numerous techniques seek to provide 

interpretability, the actual effect of explanations on model 

trust and the competency of end-users to make accurate 

decisions often deviates from the intended goal of the 

explanation [7], [11]. An explanation method that works well 

for tabular financial data may perform poorly for image or 

time-series data [10]. Similarly, explanations that satisfy 

clinicians' needs may not address regulatory auditors' 

requirements [11]. This underscores the need for continued 

research on domain-specific adaptations of XAI methods, as 

well as a better understanding of which explanation 

paradigms are well suited to which types of problems [7], 

[13]. The transfer of explanation techniques between domains 

is still a relatively unexplored but important aspect that needs 

to be rigorously examined [12]. 

6.4 Survey-Based Insights on Trust in AI Models 

The survey findings provide useful insights into how users 

perceive trustworthy AI systems. In addition, about 38.9% of 

respondents felt that trusting simple and interpretable AI 

models was more appealing, whereas 27.8% were in favor of 

more complex models with the help of explanation tools, and 

approximately 33.3% were neutral. These percentages imply 

that most users may relate to the former category in that they 

are more at ease when they know how an AI system comes 

to a decision. They prefer using models that are more 

interpretable and therefore easier to trust. At the same time, the 

results also indicate that users may accept highly accurate 

black-box models if they are supported by clear and 

meaningful explanations. 

Further, 41.7% of respondents agreed, while 38.9% strongly 

agreed with the statement that AI should be able to explain its 

decisions, and not a single respondent disagreed, clearly 

indicating the generalized importance of XAI cues in today’s 

AI design and reception for various applications, especially 

high-risk ones. 

6.5 Survey-Based Challenges in Explainable AI 

The survey results confirm the difficulties pointed out in the 

literature [7], [13]. Most participants (66.2%) reported an 

accuracy-interpretability trade-off as an XAI challenge. This 

implies that people understand that it is difficult to get very 

accurate predictions and understandable explanations at the 

same time. 

Another 25.4% of respondents indicated that it is user 

understanding that is difficult, meaning that even if 

explanations are there, they may be hard for non-expert users to 

make sense of them. Only 7% pointed at the computational 

cost, and a mere 1.4% mentioned lack of standards. 

These survey results are consistent with the current state of XAI 

research, as methods to enhance model performance at the 

expense of interpretability are abundant, including many 

popular machine learning models [7], [10]. 

This has led to a disconnect between XAI research, where 

performance is often evaluated regarding prediction accuracy 

with interpretability, transparency, trust, and user experience 

receiving less emphasis [11], [13]. 

A consistent message from both the literature and the survey 
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is that to achieve truly interpretable and scalable AI, we will 

need an arsenal of solutions that combine efficient algorithms 

with user-centric explanation strategies. In the final analysis, 

the development of high quality, understandable, and usable 

explanations will be imperative for ensuring trust, 

transparency, and accountability when deploying AI systems 

in many real-world application areas. 

This study highlights several key challenges in the practical 

implementation of XAI systems, which are summarized in 

Table 3. 

 

Challenge Impact 

Level 

Mitigation Strategy 

Accuracy-

Interpretability 

Trade-off 

Critical Hybrid approaches 

combining both aspects 

Computational 

Complexity 

High Optimization of algorithms 

& GPU acceleration 

Standardization 

& Evaluation 

High Development of unified 

metrics & frameworks 

Domain-Specific 

Adaptation 

Mediu

m 

Tailored XAI methods per 

domain 

User 

Comprehension 

Mediu

m 

User-centric explanation 

design 

Scalability to 

Large Models 

High Post-hoc approximation 

methods 

 

7. Future Directions and Emerging Trends 

7.1 Integration with Ethical AI Frameworks 

Beyond isolated function, XAI finds its role within wider 

ethical structures. Not only explanations matter; alongside 

them come audits for equity, recognition of skewed 

outcomes, together with checks on system resilience. Recent 

studies examine ways that transparent methods help uncover 

unfair algorithmic behaviour, using clarity as a means to 

expose hidden discrimination embedded in decision systems 

[7], [11], [12]. Such merging leads toward fuller strategies in 

managing artificial intelligence responsibly. 

7.2 Human-Centered XAI and User Studies 

Work on explainable AI needs deeper attention to people, 

shifting focus from system-based metrics toward real-world 

user impact [7], [13]. While such an approach often naturally 

increases transparency, interpretable AI systems can still be 

intentionally designed or trained to do so, offering users 

varied explanations for the same model or decisions. Post 

hoc explanations are capable of illuminating and mitigating 

bias and may be enlisted to support interactive, guided input 

on decision contexts or alternative formulations [16]. 

7.3 XAI for Foundation Models and Large Language 

Models 

As AI systems increasingly rely on large foundation models 

and language models, new interpretability challenges emerge 

[7], [13]. These models' scale, emergent capabilities, and 

complex training processes pose unprecedented interpretability 

challenges [13]. Researchers are developing novel XAI 

approaches leveraging the models' own language 

understanding to generate explanations, as well as probing 

techniques to understand what these models have learned [9], 

[13]. This frontier of XAI research is critical given the 

pervasive deployment of large language models across diverse 

applications [7], [13]. The interpretability of large language 

models remains an open research problem, requiring 

innovative techniques beyond traditional XAI approaches. 

Conclusion 

A move toward clarity in artificial intelligence begins with 

systems designed around people, responsibility, and 

reliability. Because choices made by machines now shape 

outcomes in areas like medicine, finance, and legal 

judgments, understanding how those choices arise is no 

longer optional - it is necessary [7], [10]. The discussion in this 

paper has traced the underlying principles of Explainable 

Artificial Intelligence (XAI), explored major techniques, and 

examined real-world applications, showing that clear 

reasoning within AI does not necessarily require giving up 

accuracy [7], [9]. Tools such as SHAP and LIME [3], [4], 

along with newer approaches such as counterfactual 

explanations [6] and concept-based methods [7], [11], offer 

different ways to help users understand machine-generated 

decisions. 

The results highlight how clear reasoning matters within 

artificial intelligence. Confidence rises when people receive 

insights into choices made by machines, according to many 

participants. A majority felt transparency should be standard, 

not optional, in these technologies. The findings also showed 

that users tend to trust simple and interpretable models more, 

although some are willing to trust complex AI systems when 

supported by explanation tools. In addition, the majority of 

respondents identified the balance between accuracy and 

interpretability as the biggest challenge in Explainable AI. 

Yet several difficulties persist. Balancing precision with 

clarity, managing computational costs, and addressing the 

lack of standard evaluation frameworks continue to limit the 

widespread adoption of XAI [7], [12]. Although considerable 

progress has been made, matching explanation methods to 

particular domains and guaranteeing explanations are 

beneficial for various types of users continue to be key 

research challenges [11], [13]. 

Future directions in XAI are expected to embrace more 

people-centered approaches, enhanced ethical frameworks 

and improved interpretability techniques for large-scale and 
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black-box models [10], [13]. Ongoing advances in 

explainability research could assist in establishing artificial 

intelligence as a more transparent, trustworthy, and 

accountable partner in human decision-making. In the end, 

XAI’s success depends on bridging the gap between machine 

intelligence and human understanding. 
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