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Abstract: Artificial Intelligence (AI) has transformed decision-making across various industries by enabling systems to analyse 
large volumes of data and provide intelligent recommendations. However, many modern AI models, particularly deep learning 
algorithms, function as "black boxes," making it difficult for users to understand how decisions are generated. This lack of 
transparency limits the adoption of AI in critical domains such as healthcare, finance, law, and business. Explainable Artificial 
Intelligence (XAI) has emerged as a promising solution that improves transparency, interpretability, and trust in AI systems. 
Decision Support Systems (DSS) assist decision-makers by combining data, analytical models, and domain knowledge. 
Integrating XAI into DSS enables users to understand AI-generated recommendations, thereby improving confidence and 
accountability. This review paper explores the concepts of XAI, different explanation techniques, and their applications in DSS. 
The paper also discusses recent research, challenges, limitations, and future research directions. 
Keywords: Explainable Artificial Intelligence, Decision Support System, Machine Learning, Deep Learning, Business 
Intelligence, Trustworthy AI, SHAP, LIME. 

I. INTRODUCTION 
Artificial Intelligence has become one of the fastest-growing technologies of the 21st century. AI systems can learn patterns from 
historical data and make predictions with remarkable accuracy. Machine Learning and Deep Learning techniques have significantly 
improved applications such as disease diagnosis, fraud detection, customer recommendation, and autonomous systems. 
Despite these achievements, many AI models produce predictions without explaining the reasoning behind them. Such models are 
commonly known as black-box models. In applications where human lives, financial investments, or legal decisions are involved, 
understanding the reasoning behind AI predictions is as important as achieving high accuracy. 
Explainable Artificial Intelligence (XAI) addresses this challenge by providing understandable explanations for AI-generated 
decisions. XAI enables users to evaluate whether a prediction is reasonable, detect potential biases, and improve trust in AI systems. 
Decision Support Systems (DSS) are computer-based systems designed to assist individuals and organizations in making informed 
decisions. Traditional DSS rely on statistical analysis and expert knowledge, whereas modern DSS increasingly integrate AI 
techniques to improve predictive capabilities. Combining XAI with DSS ensures that decision-makers receive not only predictions 
but also understandable explanations, making AI-assisted decisions more transparent and reliable. 
 
A. Artificial Intelligence 
Artificial Intelligence (AI) is a branch of computer science that focuses on developing systems capable of performing tasks that 
normally require human intelligence. These tasks include learning from data, solving problems, understanding language, 
recognizing images, and making decisions. AI aims to create intelligent systems that can analyse information, adapt to new 
situations, and improve their performance over time. Today, AI is widely used in many fields such as healthcare, banking, 
education, agriculture, transportation, and business to increase efficiency and support better decision-making. 
Machine Learning (ML) is a subset of Artificial Intelligence that enables computers to learn from data without being explicitly 
programmed. Instead of following fixed rules, machine learning algorithms identify patterns in historical data and use them to make 
predictions or decisions. ML is commonly used in applications such as spam email detection, recommendation systems, fraud 
detection, and customer behaviour analysis. Deep Learning (DL) is a specialized branch of Machine Learning that uses artificial 
neural networks with multiple hidden layers to process large and complex datasets. Deep learning models can automatically learn 
important features from data, making them highly effective for tasks such as image recognition, speech recognition, natural 
language processing, and medical diagnosis. Although deep learning models often achieve high accuracy, they usually work as 
black-box models, meaning it is difficult for users to understand how they arrive at a particular decision. This lack of transparency 
has led to the development of Explainable Artificial Intelligence (XAI), which aims to make AI systems more understandable and 
trustworthy. 
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B. XAI 
Explainable Artificial Intelligence (XAI) is a branch of Artificial Intelligence that focuses on making AI systems more 
understandable and transparent. Unlike traditional AI models that only provide a prediction or decision, XAI explains how and why 
a particular decision was made. It helps users understand the reasoning behind AI-generated results, making the system easier to 
interpret and evaluate. The primary goal of XAI is to ensure that AI systems are not only accurate but also trustworthy and 
accountable. 
XAI was developed because many advanced AI models, especially deep learning models, work as black-box models. These models 
can achieve very high accuracy, but their internal decision-making process is difficult or even impossible for humans to understand. 
In critical fields such as healthcare, banking, law, and business, simply knowing the final prediction is not enough. Doctors need to 
know why a disease was diagnosed, banks need to understand why a loan was approved or rejected, and businesses need to know 
why certain recommendations were made. The lack of explanations can reduce user confidence and limit the adoption of AI in these 
important areas. XAI addresses this problem by providing clear and meaningful explanations for AI decisions. 
AI models are generally classified into two categories: black-box models and white-box models. Black-box models, such as deep 
neural networks, are highly complex and usually provide excellent prediction accuracy. However, they do not reveal how they 
arrive at their decisions, making them difficult to interpret. On the other hand, white-box models, such as decision trees and linear 
regression, have a transparent decision-making process. Users can easily understand how these models reach a conclusion, although 
they may not always achieve the same level of accuracy as more complex black-box models. 
 
C. Decision Support System 
A Decision Support System (DSS) is a computer-based system that helps individuals and organizations make better decisions by 
analysing data and providing useful recommendations. It supports decision-makers by processing large amounts of information and 
presenting meaningful insights rather than replacing human judgment. DSS is widely used in healthcare, finance, business, 
education, and government organizations. 
A typical DSS consists of four main components: the Data Management component, which stores and manages data; the Model 
Management component, which analyses data using mathematical or AI models; the Knowledge Base, which contains rules and 
domain-specific information; and the User Interface, which allows users to interact with the system and view the results. 
Decision Support Systems are generally classified into five types: Data-driven DSS, Model-driven DSS, Knowledge-driven DSS, 
Document-driven DSS, and Communication-driven DSS. Each type is designed to support different decision-making needs based 
on the available data and application. 
The main advantages of DSS include improved decision accuracy, faster analysis of large datasets, reduced human errors, and better 
planning. When combined with Artificial Intelligence and Explainable Artificial Intelligence (XAI), DSS can provide intelligent 
recommendations along with clear explanations, making decisions more transparent, reliable, and trustworthy. 
 
D. Why Integrate Explainable Artificial Intelligence with Decision Support Systems? 
Artificial Intelligence has significantly improved the performance of modern Decision Support Systems by enabling them to analyse 
large volumes of data and generate accurate predictions. However, many AI models, especially deep learning models, operate as 
black-box systems, where the reasoning behind a prediction is not visible to users. While these models often achieve high accuracy, 
the lack of transparency makes it difficult for decision-makers to fully trust the recommendations provided by the system. 
Integrating Explainable Artificial Intelligence (XAI) with Decision Support Systems addresses this challenge by making AI-
generated decisions more understandable and transparent. XAI provides clear explanations about how a prediction was made, which 
factors influenced the result, and why a particular recommendation was generated. These explanations help users verify AI outputs 
and understand the reasoning behind important decisions. 
The integration of XAI is particularly valuable in critical fields such as healthcare, finance, law, and business, where incorrect 
decisions can have serious consequences. For example, if an AI-based Decision Support System recommends approving a loan, 
doctors diagnose a disease, or businesses predict customer demand, users should be able to understand the reasons behind these 
recommendations before taking action. Explainable AI helps identify possible errors, reduces bias, and increases confidence in AI-
assisted decisions. By combining the predictive power of Artificial Intelligence with the transparency of Explainable AI, Decision 
Support Systems become more reliable, accountable, and user-friendly. This integration not only improves the quality of decision-
making but also encourages greater trust and acceptance of AI technologies. As organizations continue to adopt AI-driven systems, 
the role of Explainable Artificial Intelligence in Decision Support Systems is expected to become increasingly important. 
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II. RELATED WORKS 
Recent advancements in Artificial Intelligence have significantly improved the performance of Decision Support Systems across 
various domains. However, the increasing use of complex machine learning and deep learning models has raised concerns about the 
transparency and interpretability of AI-generated decisions. To address these concerns, researchers have proposed several 
Explainable Artificial Intelligence (XAI) techniques that help users understand how AI models arrive at their predictions. This 
chapter reviews the existing research on Explainable AI, popular explanation methods, and their applications in Decision Support 
Systems across different sectors. 
 
A. XAI in Healthcare 
Healthcare is one of the most widely studied application areas of Explainable Artificial Intelligence (XAI). Researchers have 
explored the use of XAI techniques such as SHAP, LIME, and Grad-CAM to improve the transparency of AI-based Clinical 
Decision Support Systems (CDSS). These methods help healthcare professionals understand the reasoning behind disease diagnosis, 
medical image classification, and treatment recommendations. Studies have shown that explainable models increase clinicians' trust 
in AI systems and support safer medical decision-making. However, challenges such as balancing model accuracy with 
interpretability and integrating explanations into clinical workflows remain important research problems. 
 
B. XAI in Finance 
Artificial Intelligence is increasingly used in the financial sector for credit scoring, fraud detection, loan approval, and investment 
analysis. Since financial decisions have legal and economic consequences, researchers have emphasized the importance of 
explainable AI for ensuring transparency and fairness. XAI techniques allow financial institutions to identify the factors influencing 
automated decisions and detect potential bias in prediction models. These explanations improve regulatory compliance and help 
customers better understand AI-assisted decisions 
 
C. XAI in Business Intelligence 
Business organizations use AI-powered Decision Support Systems to analyze customer behavior, predict sales, manage inventory, 
and optimize business strategies. Recent studies suggest that integrating Explainable AI into Business Intelligence systems enables 
managers to understand the reasoning behind sales forecasts and customer recommendations. This transparency improves 
confidence in AI-generated insights and helps organizations make more informed business decisions. 
 
D. XAI in Cybersecurity 
Cybersecurity has become another major application area of Explainable Artificial Intelligence. AI models are commonly used for 
malware detection, intrusion detection, phishing identification, and network security monitoring. However, security analysts often 
need explanations to verify why an activity is classified as malicious. Researchers have found that XAI techniques improve threat 
analysis by highlighting the features responsible for security alerts, allowing experts to investigate attacks more effectively and 
reduce false alarms. 
 
E. XAI in DSS 
Recent studies have focused on integrating Explainable Artificial Intelligence with Decision Support Systems to improve user 
confidence and accountability. Researchers have proposed frameworks that combine machine learning models with explanation 
techniques, allowing users to understand the reasoning behind AI-generated recommendations. These systems have been 
successfully applied in healthcare, manufacturing, education, and business intelligence. Despite these advancements, researchers 
continue to investigate more effective explanation methods that are accurate, user-friendly, and computationally efficient 

III. PROPOSED METHODOLOGY 
This chapter presents a conceptual framework for integrating Explainable Artificial Intelligence (XAI) into a Decision Support 
System (DSS). The framework demonstrates how data is collected, processed, analysed using Artificial Intelligence, and then 
explained through XAI before being presented to the decision-maker. Unlike traditional AI systems that only provide predictions, 
the proposed framework generates understandable explanations that help users verify and trust the recommendations. 
The proposed framework consists of six major stages: Data Collection, Data Preprocessing, AI Model Development, Explainability 
Layer, Decision Support System, and Human Decision-Making. Each stage plays an important role in ensuring that the final 
recommendation is accurate, transparent, and easy to understand. 
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A. Data Collection 
The first stage of the framework involves collecting data from different sources. Depending on the application, the data may come 
from hospitals, financial institutions, business databases, government records, sensors, or online platforms. The quality of collected 
data directly affects the performance of the AI model. Therefore, it is important to use reliable, complete, and relevant data for 
decision-making. 

 
B. Data Processing 
The collected data is usually incomplete or contains duplicate and inconsistent information. During preprocessing, missing values 
are handled, duplicate records are removed, and the data is cleaned and transformed into a suitable format. Data normalization and 
feature selection may also be performed to improve the efficiency and accuracy of the AI model. 
 
C. AI Model 
After preprocessing, the prepared data is provided to an Artificial Intelligence or Machine Learning model. The model analyzes 
patterns within the data and generates predictions or recommendations. Different algorithms such as Decision Trees, Random 
Forest, Support Vector Machines, Artificial Neural Networks, and Deep Learning models can be used depending on the application. 
Although these models often provide highly accurate results, many of them behave as black-box models and do not explain their 
decisions. 
 
D. Explainability Layer 
The Explainability Layer is the most important component of the proposed framework. It uses Explainable Artificial Intelligence 
techniques such as LIME, SHAP, Grad-CAM, or Attention Mechanisms to explain how the AI model arrived at its prediction. 
Instead of displaying only the final result, the system highlights the important features that influenced the decision. These 
explanations improve transparency, help detect possible errors or bias, and increase user confidence in AI-generated 
recommendations. 
 
E. Decision Support System 
The explanations generated by the XAI layer are integrated into the Decision Support System. The DSS presents both the AI 
prediction and its explanation through an interactive interface. Decision-makers can review the recommendation, understand the 
reasoning behind it, and compare different alternatives before making the final decision. This improves the reliability and usability 
of AI-assisted decision-making. 
 
F. Human Decision-Making 
The final decision is always made by the user or domain expert. The Decision Support System provides intelligent 
recommendations along with clear explanations, allowing decision-makers to verify the AI output before taking action. Human 
feedback can also be collected to improve the performance of the AI model over time. This creates a transparent, trustworthy, and 
continuously improving decision-making process. 
 

IV. APPLICATIONS OF EXPLAINABLE ARTIFICIAL INTELLIGENCE IN DECISION SUPPORT SYSTEMS 
Explainable Artificial Intelligence (XAI) has become an important component of modern Decision Support Systems because it 
enables users to understand the reasoning behind AI-generated decisions. Traditional AI models often provide highly accurate 
predictions but fail to explain how those predictions are made. By integrating XAI into Decision Support Systems, organizations 
can improve transparency, increase user confidence, and make better-informed decisions. This chapter discusses the major 
application areas where XAI is transforming decision-making. 
 
A. Healthcare 
Healthcare is one of the most significant application areas of Explainable Artificial Intelligence. AI-powered Decision Support 
Systems assist doctors in diagnosing diseases, analysing medical images, predicting patient risks, and recommending treatment 
plans. However, medical professionals must understand the reasoning behind AI predictions before making clinical decisions. XAI 
techniques such as SHAP, LIME, and Grad-CAM explain which symptoms, laboratory reports, or image regions influenced the 
diagnosis. This improves trust, reduces diagnostic errors, and supports better patient care. 
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B. Finance 
Financial organizations use AI-based Decision Support Systems for credit scoring, loan approval, fraud detection, insurance 
assessment, and investment planning. Since financial decisions directly affect customers, transparency is essential. Explainable AI 
helps banks and financial institutions understand why a loan application was approved or rejected and identifies the factors 
responsible for fraud detection or risk prediction. This improves fairness, regulatory compliance, and customer confidence in 
automated financial services. 
 
C. Business Intelligence 
Business Intelligence systems help organizations analyse customer behaviour, predict sales, optimize inventory, and improve 
strategic planning. Modern Business Intelligence platforms increasingly rely on Artificial Intelligence to generate recommendations. 
Explainable AI enables managers to understand the factors influencing sales forecasts, customer segmentation, and marketing 
strategies. As a result, organizations can make data-driven decisions with greater confidence and reduce the risk of incorrect 
business decisions. 
 
D. Education 
Educational institutions are using AI-based Decision Support Systems to monitor student performance, predict learning outcomes, 
and identify students who may require additional academic support. Explainable AI allows teachers and administrators to 
understand why a student has been classified as high-risk or why specific learning recommendations have been generated. This 
improves personalized learning and supports fair academic evaluation. 
 
E. Cybersecurity 
Cybersecurity systems generate large numbers of alerts every day, making it difficult for security analysts to identify genuine 
threats. AI-powered Decision Support Systems help detect malware, phishing attacks, network intrusions, and suspicious activities. 
Explainable AI provides clear explanations for these alerts by highlighting the features that contributed to the prediction. This helps 
cybersecurity professionals verify AI recommendations, reduce false alarms, and respond more effectively to security incidents. 
 
F. Agriculture 
Agriculture has also benefited from the integration of Explainable Artificial Intelligence. AI-based Decision Support Systems assist 
farmers in crop disease detection, yield prediction, irrigation planning, fertilizer recommendation, and weather-based decision-
making. XAI enables farmers to understand why a particular crop is predicted to be diseased or why a certain farming 
recommendation has been made. This improves decision-making and promotes sustainable agricultural practices. 
 
G. Manufacturing 
Manufacturing industries use Decision Support Systems to monitor production processes, predict equipment failures, and maintain 
product quality. Artificial Intelligence analyses sensor data to detect faults before they cause machine breakdowns. Explainable AI 
helps engineers understand the reasons behind maintenance recommendations and equipment failure predictions. This increases 
operational efficiency, reduces downtime, and supports predictive maintenance strategies. 

 
H. Smart Cities 
Smart city applications use AI to manage traffic flow, monitor public safety, optimize energy consumption, and improve urban 
planning. Explainable Artificial Intelligence enables city administrators to understand the reasons behind traffic congestion 
predictions, energy optimization strategies, and emergency response recommendations. This improves transparency in public 
decision-making and increases public trust in AI-powered government services. 

Application Domain DSS Application Benefit of XAI 
Healthcare Disease Diagnosis Improves trust and clinical decisions 
Finance Loan Approval & Fraud Detection Increases transparency and fairness 
Business Intelligence Sales & Customer Analysis Better strategic planning 
Education Student Performance Prediction Personalized learning support 
Cybersecurity Threat Detection Reduces false alarms 
Agriculture Crop Disease Prediction Better farming decisions 
Manufacturing Predictive Maintenance Reduces equipment failure 
Smart Cities Traffic & Energy Management Transparent public decision-making 
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V. CONCLUSION AND FUTURE WORK 
Explainable Artificial Intelligence (XAI) has become an essential technology for improving the transparency and reliability of 
Artificial Intelligence-based Decision Support Systems. Unlike traditional black-box AI models, XAI provides clear explanations 
for AI-generated decisions, allowing users to understand the reasoning behind predictions. This improves user trust, supports better 
decision-making, and encourages the adoption of AI in critical fields such as healthcare, finance, business, education, and 
cybersecurity. 
Although significant progress has been made, several challenges still exist. Many explainability techniques are computationally 
expensive, and there is no universal standard for evaluating the quality of explanations. In addition, designing explanations that are 
both accurate and easy for non-technical users to understand remains an important research challenge. 
In the future, researchers are expected to develop faster, more user-friendly, and more reliable XAI techniques that can provide real-
time explanations without affecting the performance of AI models. The integration of XAI with emerging technologies such as 
Generative AI, Large Language Models, and smart Decision Support Systems is expected to further improve transparency, fairness, 
and accountability. As Artificial Intelligence continues to evolve, Explainable AI will play a key role in building trustworthy and 
human-centred decision-making systems. 
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