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Abstract 

Business Intelligence (BI) has changed its meaning and scope greatly in recent years, moving from 

data warehousing to Artificial Intelligence analytics. The evolution of BI is discussed in this paper, 

starting with the practices of data warehousing and ETL (Extract, Transform, Load) that defined the 

initial structure of the framework and paved the way to the analysis of Business structured data. 

Advertising analytics have evolved with increased use of big data and higher requirements for the 

quality of data analysis to include descriptive, predictive, and prescriptive analytics to help 

organizations make better decisions with improved efficiency. More recently, BI has advanced 

through the integration of artificial intelligence, especially in the following areas: Machine learning 

and natural language processing. This paper focuses on the effects of AI on organizational 

performance and competitive supremacy and provides an understanding of future trends like BI with 

IoT & Edge Computing. In applying the discussion, it is important to understand that BI is 

continuously growing while playing a significant role as the key determinant of the future of decision-

making based on data in organizations. 

 الملخص 

ونطاق   معنى  تغير  الأعمال  لقد  انتقلذكاء  حيث  الأخيرة،  السنوات  في  كبير  الذكاء   بشكل  تحليلات  إلى  البيانات  مستودعات  من 

)استخراج، تحويل، تحميل    في هذه الورقة، بدءًا من ممارسات مستودعات البيانات و  ذكاء الاعمالالاصطناعي. تتم مناقشة تطور  

التي حددت الهيكل الأولي للإطار ومهدت الطريق لتحليل البيانات المنظمة للأعمال. تطور تحليلات الإعلان مع (  ETL)البيانات(  

زيادة استخدام البيانات الضخمة والمتطلبات الأعلى لجودة تحليل البيانات لتشمل التحليلات الوصفية والتنبؤية والإرشادية لمساعدة 

من خلال دمج الذكاء الاصطناعي،   ذكاء الأعمالتحسين الكفاءة. في الآونة الأخيرة، تقدمت    المؤسسات على اتخاذ قرارات أفضل مع

وخاصة في المجالات التالية: التعلم الآلي ومعالجة اللغة الطبيعية. تركز هذه الورقة على تأثيرات الذكاء الاصطناعي على الأداء  

في مناقشة .  الموزعةمع إنترنت الأشياء والحوسبة    ذكاء الأعمالتقبلية مثل  التنظيمي والتفوق التنافسي وتوفر فهمًا للاتجاهات المس

ينمو باستمرار بينما يلعب دورًا مهمًا كمحدد رئيسي لمستقبل صنع    ذكاء الأعمال  من المهم أن نفهم أن    توصلنا الى انه  نتائج البحث 

 القرار بناءً على البيانات في المؤسسات.
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1. Introduction 

Business Intelligence (BI) has become an essential solution that any organization needs when the 

situation comes to the BI market, enabling us to utilize the insight-generating capabilities of data 

effectively. The concept of BI has changed considerably over the past few decades, as has the 

technology underpinning it, and the increasing complexity of the data landscape. Originally BI was 

a distinct entity with roots in data warehousing, providing organizations with a means to extract, 

store, and convert voluminous quantities of structurally based data. These early systems were meant 
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to deliver retrospective information to decision makers, essentially in the form of BI reporting 

preserved by OLAP. 

Post the evolution of computing infrastructure and the availability of data, the concept of BI has 

undergone a drastic change (Gill et al., 2022). The current adoption of big data has however 

broadened the meaning of BI to encompass enhanced bigger volumes, velocities and varieties of data 

that needs enhanced tools and techniques to address. This transformation has further expanded the 

use of advanced analytics, such predictive and prescriptive, forms of analytics beyond reporting to 

gain insight about future trends and corrective action. 

More recently, the integration of Artificial Intelligence (AI) into BI systems has evolved the approach 

by allowing organizations to perform numerous analytical processes automatically and to make 

accurate real-time decisions. AI integrated BI can use machine learning, natural language processing, 

and neural networks to incorporate a new level of insight in the BI system that has not been seen with 

traditional BI tools (Chintala, 2024). 

The developments in business intelligence that have helped organizations improve their data 

processing and analysis capabilities have come with it several difficulties borne out of technological 

advancement. That means that contemporary organizations face the need to manage the extensive and 

diverse BI landscapes where the conventional tools are inadequate to address the requirements of the 

new-generation environments (Solano & Cruz, 2024). Current approaches to data warehousing and 

analytical techniques necessitate a paradigm shift in the use of artificial intelligence in data handling 

models. 

However, many organizations face difficulties in utilizing AI and BI in their existing BI system and 

framework. This may be attributed to the fact that most BI implementers may not have grasped the 

development history of BI system which was built on the data warehousing model before shifting to 

its current forms that utilize artificial intelligence to perform the analyses. Having such an 

understanding is crucial to understand various factors that have driven this evolution and can help 

organizations to properly adopt and deploy AI- BI solutions (Hechler, Oberhofer, & Schaeck, 2020).  

Therefore, the main goal of this research is to analyze the developmental history of BI from its origin 

based on data warehousing to its advancement in the incorporation of AI in analytics. This paper 

seeks to give a comprehensive description of important developments in BI to paint a picture of the 

technological progression that has occurred within this sector. Focusing on the shift between 

conventional BI approaches and the incorporation of artificial intelligence into analytics, the paper 

aims at exploring the risks and benefits of such change. 

Specific objectives include: 

1. Analyzing the history of BI and the use of data warehouses in early BI systems. 

2. Thus, this work aims at understanding the role and significance of big data in the evolution of 

BI with enhanced analytical tools. 

3. Consider the process of combining AI technologies into business intelligence systems and the 

impact of the subsequent changes on organizational decision-making processes. 

4. Recognize trends that are likely to develop in BI in the future, with emphasis on AI and other 

related technologies. 

The paper is structured as follow, introduction to BI in section 1, then in section 2 we delve into the 

origins of BI. Section 3 discusses the shift to advanced analytics, driven by the rise of big data. In 

Section 4, the integration of AI into BI is examined. Section 5 assesses the impact of these 
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developments on organizational performance, while Section 6 explores future trends in BI. The paper 

concludes with a summary of key findings and recommendations for future research. 

2. The Origins of Business Intelligence 

BI has emerged as a tool for organizations in the process of decision-making that aims to improve 

organizational performance and competitiveness. Nevertheless, the contemporary complex BI 

systems that have developed over several decades can be considered the outcome of basic principles 

such as data warehousing and traditional BI. Studying such roots is important as it gives us an insight 

into the problems and constraints that defined the progression of modern BI tools. 

The concept of Business Intelligence, as recognized today, traces its origins to the 1960s and 1970s, 

a time when managers began focusing on collecting and preserving data for future use. During this 

era, information was often stored in scattered, isolated systems, creating barriers to efficient, 

integrated access and analysis. To address this issue, the late 1980s and early 1990s saw the 

emergence of a novel solution known as data warehousing (Srivastava, Venkataraman, V, & N, 

2022). 

Data warehousing, by contrast, involves consolidating data from various parts of an organization into a single 

location to enable easier access and utilization. The primary goal is to preprocess data collected from multiple 

sources and present data in an analysis-friendly format. While operational DBMSs are designed to support 

transaction processing, data warehousing focuses on query and analysis capabilities, making data warehousing 

particularly well-suited for Business Intelligence applications. 

Another significant milestone in the evolution of BI is the development of the data warehouse. This 

innovation allowed organizations to collect data more effectively, eliminating the issue of fragmented 

data stored across multiple computers, servers, and storage systems. Early implementations of data 

warehousing systems relied on relational database management systems (RDBMS), which provided 

scalability and strong performance for handling large data volumes. However, these systems were 

typically costly and resource-intensive, requiring substantial investments in hardware, software, and 

skilled technical staff. 

The first BI tools and technologies emerged during the emergence of data warehouses as well as data 

management systems. These tools have been developed to assist organizations in their use of data to 

give insightful information, and these could often be done in the use of fixed reports or queries. Early 

versions of BI tools were not very sophisticated, and ROIs were low as the tools had restricted 

functionality and analysts spent much of their time in building reports. However, while these tools 

had these limitations, they were a huge advancement in the efficiency organizations had in making 

decisions based on data. 

When data warehousing became mainstream, business intelligence practices evolved into structured 

processes entailing processes such as the Extract, Transform, Load (ETL) and Online Analytical 

Processing (OLAP) (Dhaouadi, Bousselmi, Gammoudi, Monnet, & Hammoudi, 2022). 

ETL, an acronym for Extract, Transform, and Load, is a fundamental process central to every data 

warehouse. This process involves extracting data from one or multiple sources, transforming data 

into a format suitable for analysis, and loading data into the data warehouse. ETL plays a crucial role 

in managing and converting data from diverse sources into a structured and unified format, enabling 

systematic analysis (Chatzistefanou, 2023). ETL processes can be intricate where the data undergoes 

several transformations to meet the organization’s data quality demands for analysis. 
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After the data is stored in the warehouse, OLAP tools are employed for analyzing it. OLAP enables 

users to analyze data from different angles since it supports multidimensional analysis. For instance, 

OLAP could be used by a business to examine sales by region, product, and time at once. OLAP tools 

generally utilize the concept of a cube, which is multiple dimensional structures meant to aid in 

viewing data along multiple axes (Kasprzyk & Devillet, 2021). 

Other components included in traditional BI systems were reporting tools that were used to develop 

predetermined reports from data that is stored in the warehouse. These reports aimed at assisting the 

decision makers to monitor business performance by providing information on various factors such 

as KPIs and other indicators. However, these reports were not as dynamic as they are today and could 

not assist in real-time data analysis, as well as providing on-demand details. 

While traditional BI practices represent a significant improvement in organizations' ability to utilize 

data, they come with certain limitations. One notable drawback of conventional BI is its reliance on 

batch processing, where data extraction, transformation, and loading occurred at scheduled intervals. 

This approach was often time-consuming and expensive, resulting in delays between data generation 

and its availability for analysis. As a result, traditional BI systems struggled to provide real-time 

information, limiting their effectiveness in dynamic and fast-paced business environments. 

One of the greatest disadvantages of traditional BI was the strong reliance on IT departments. Since 

DW and ETL were more intricate than simple databases, business users could not always handle the 

data autonomously, which led to the creation of intermediate users. Consequently, they had to rely 

more on the IT experts who would manage the BI systems, prepare reports and do analysis. This 

dependence usually caused problems because the IT departments were usually flooded with such 

demands, and this deprived the business users of the much-needed transformations that they required 

to make sound decisions quickly (Souibgui, Atigui, Yahia, & Si-Said Cherfi, 2020). 

Furthermore, conventional BI systems could be narrowly defined and were not very capable of 

dealing with non-relational information. Many conventional BI solutions were implemented to 

operate with relational databases; therefore, working with unstructured data like text, images, and 

videos are challenging. This proved to be a big issue as organizations started to produce more of big 

data from social media, emails, and IoT devices. 

Thus, it is crucial to note that while the traditional BI practices outlined above serve as a foundation 

for modern data analysis, they were somewhat limited by the technology and organizations in place 

at that time. Such challenges would compel the evolution of more enhanced BI tools and technologies, 

the introduction of Artificial intelligence and today’s efficient, real-time BI systems. 

3. The Shift to Advanced Analytics 

The introduction of the BI solution of previous generations can be described as the evolution from 

previous generations that was influenced by the appearance of big data and the use of new analytical 

tools. This shift has revolutionized how organizations use data even in its simplest form of 

information and allowing business users to use more sophisticated tools that used to be the preserve 

of IT professionals. 

3.1 The Rise of Big Data 
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Big data emerged as organizations began utilizing data on an unprecedented scale, driven by the rise 

of digital technology, social networks, mobile devices, and the Internet of Things (IoT). Big data is 

characterized by the three Vs: volume, velocity (the speed at which data is generated), and variety 

(the range of information encompassed). The sheer volume and diverse formats of data presented 

challenges for traditional BI systems, which were originally designed to work with relational models 

and struggled to manage such complex and fast-moving data. 

BI is not immune to the critical impacts of big data. In the big data context crammed full of enormous 

and constantly increasing datasets, the original data warehousing and ETL processes are not suitable. 

Additionally, there is a diverse type of data including relational database data as well as other textual, 

image and video data that created the demand for innovation in data integration, storage and 

processing. Consequently, businesses started to look for better solutions that can manage big data 

properly (Mariani & Wamba, 2020). 

Big data also engendered the emergence of other computing models such as the distributed 

computation models including Hadoop and spark that supports big data computations through 

distributed clusters of computers. These technologies allowed organizations to process and analyze 

big data to support the development of the next generation of complex BI solutions (Omar & Jumaa, 

2022). 

3.2 Emergence of Advanced Analytical Techniques 

With the rising volume and richness of data, the need for enhanced analysis methods was also 

realized. The information that was provided through Traditional BI relying on descriptive analytics 

that analyzed what occurred was not enough anymore. It became important for the organizations to 

have models of analyses that were able to not only summarize the past performance but also forecast 

the future results and suggest the right strategies. 

Descriptive analytics remains an integral part of BI as it focuses on reporting and data visualization 

of historical data. However, the increasing amount of data and progress in computing have led to the 

creation of tools like predictive analytics, the aim of which is based on statistical models and machine 

learning algorithms to make probable assumptions on future events with the help of past events. For 

instance, predictive analytics can be employed to ascertain customers’ behavior, risks, and the likely 

demand for products. 

Building on this, prescriptive analytics extends the concept of prediction to include prescription where 

a certain action should be taken to realize specific results. Prescriptive analytics works by mining 

data and producing recommendation decisions like changes in the prices, utilization of resources or 

popular marketing techniques. Analyzing data up to this level offers beneficial information for 

organizations that can contribute to improved decision-making (Khan, Usman, & Moinuddin, 2024). 

However, the contribution of Machine Learning (ML) in BI cannot be overemphasized. Computer 

algorithms that can analyze the input data, learn from it, and make consequent predictions have 

emerged as one of the key tools of advanced analytics. Some of the advantages of implementing ML 

models include: the implementation of ML models makes it possible for organizations to detect 

patterns and trends within big data faster and with greater accuracy than traditional BI techniques. 

This has resulted in the creation of self-sufficient AI systems for BI that can perform highly 

sophisticated analytical jobs ranging from data cleansing and aggregation to forecasting and 

optimization (Ossai & Wickramasinghe, 2021). 
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3.3 Self-Service BI Tools 

The modern transition to being analytics-driven has also led to the democratization of BI through 

creation of self-service BI tools that allow business users conduct their own analysis instead of 

depending on IT personnel. Tableau, Power BI and QlikView have become self-service tools that 

change the way data is adopted in organizations. 

These tools offer easy to use interface where even typical IT illiterate person can easily get connected 

with the source of data, prepare reports and design the dashboards. Probably some of the components 

which can be mentioned include drag and drop capability, the ability to explore data in real-time and 

many others makes it very convenient to get insight. Since, business users have been empowered to 

code and build, the role of IT departments has been somewhat diminished, and business can react 

quicker to challenges (Ossai & Wickramasinghe, 2021). 

Furthermore, common tools for self-service BI also result in working together with different 

platforms in the cloud, which offers flexibility, accessibility and data collaboration by cross 

departmental teams. Modern BI strategies have made these tools very important and have provided 

organizations with the opportunity to implement advanced analytics capabilities at every level in an 

organization (Ploder, Bernsteiner, & Dilger, 2020). 

Overall, the proponents of advanced analytics are mainly driven by the demands of big data and the 

need for more powerful tools to manage and analyze such data. Hyped to the next level by machine 

learning, BI has morphed into predictive and prescriptive analytics, becoming a more proactive tool. 

Along with this, the emergence of new self-service tools has ensured that the evolution of BI is not 

solely dependent on IT departments. 

3.4 Deep Learning and Reinforcement Learning 

Deep learning and reinforcement learning are powerful AI techniques that have shown considerable 

promise in enhancing Business Intelligence (BI) applications. Deep learning, a subset of machine 

learning, involves the use of neural networks with many layers (hence "deep") to model complex 

patterns in large datasets. In BI, deep learning can be applied to tasks such as predictive analytics, 

anomaly detection, and natural language processing (NLP), enabling organizations to uncover hidden 

insights from vast amounts of unstructured data, such as text, images, and videos. For example, in 

customer sentiment analysis, deep learning algorithms can process social media data or customer 

reviews to provide businesses with a clearer understanding of consumer preferences (Anisuzzaman, 

Siddique, Al Mamun, Jamil, & Mukta, 2022). 

Reinforcement learning, another advanced AI technique, is centered around agents learning to make 

decisions through trial and error. In BI, reinforcement learning can optimize decision-making in 

dynamic environments. For instance, it can be used for resource allocation in supply chain 

management, where an AI system continuously adjusts strategies based on real-time feedback to 

improve efficiency (Gronauer & Diepold, 2022). 

Despite their potential, both techniques face challenges. Deep learning models require large datasets 

and substantial computational power, while reinforcement learning can be time-consuming and 

difficult to implement in complex environments. Solutions include leveraging transfer learning to 
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reduce data requirements and using simulation environments for reinforcement learning to expedite 

learning processes. 

4. The Integration of AI in Business Intelligence 

Recent development where AI has been incorporated into BI has triggered one of the most significant 

changes in data analysis and decision-making processes among companies today. The deployment of 

AI has improved the efficiency of traditional BI by expanding the complexity, precision, and 

immediacy of BI. This section defines and explains the application of AI in BI, major techniques used 

in AI-based BI, automation of BI by means of AI, and prominent examples of the usage of AI in BI 

(Bharadiya, 2023). 

AI analytics can be defined as the application of intelligence technologies to process and analyze data 

to achieve business insights. While the capabilities of conventional BI are limited by historical data 

and predetermined queries, AI free analytics can analyze huge amounts of data in real time, study the 

results and modify its work under the influence of new data (Phillips-Wren, Daly, & Burstein, 2021). 

The utilization of AI in BI is about the possibilities of making the process of analyzing data faster, 

more accurate, and profound. BI systems powered by AI can minimize the time and efforts necessary 

to produce insights as the analysis occurs automatically. Also, the AI system can have a better insight 

of data patterns and trends that might not be easily observed by human analysts. BI also benefits from 

integration with AI to allow for predictive and prescriptive analytics needed to forecast future trends 

and develop future business strategies. 

4.1 AI Techniques in BI 

Several AI techniques have become integral to modern BI systems, each offering unique 

capabilities that enhance data analysis: 

• Machine Learning (ML): Artificial intelligence in general is the ability of a particular system 

to perform a task without being directly programmed to do so and is comprised of two 

subcategories which are machine learning. In BI, the set-up of machine learning algorithms 

is employed on datasets to look for trends, make forecasts and decide automatically. For 

instance, ML can be applied to analyze the likelihood of a customer buying a certain product, 

flag fraudulent transactions or even improve the chances of successful supply chain 

management. Big data can easily be dealt with using ML models, they give far better insights 

than using BI in the conventional manner (Mishra & Tripathi, 2021). 

• Natural Language Processing (NLP): The last but not the least is NLP that is another 

significant AI method aimed at the interaction between computers and language in use. 

Considering BI application, NLP enables people to employ questions and answers in plain 

English to work with data. For instance, rather than coding commands into ALP’s, a user can 

type, “What was the sales performance of the fourth quarter?” and the BI system will respond 

with an answer. NLP also helps organizations convert unstructured data – including customer 

feedback or posts on social media, into analyzable textual data (Hidayatullah, Kalinaki, Gul, 

Yusuf, & Shafik, 2024). 

• Neural Networks: Neural networks are special AI models that are like an associative 

consciousness of the human brain, which clearly distinguishes them as pattern recognition 
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and decision-making tools. In BI, appreciation of neural networks is for activities such as 

image and voice recognition and several opportunities of deep learning. They are most 

relevant in the situations that require processing of the great amount of the unstructured data, 

for example in recognizing of the positive and negative feedback concerning the organizations 

activity in social networks using images; or in organizing of the automatic calling and 

recognizing of the customer’s voice (Modak et al., 2024). 

 

4.2 Automation in BI 

Another aspect of AI in BI is that it could replace Traditional Data Analysis & Decision-Making 

System. Traditional BI typically remains a mundane process, which involves data preparation, model 

execution, and report generation among others, and often involves a great deal of handwork. On the 

other hand, the use of AI in BI systems can handle these tasks effectively and thus the human analysts 

can be employed to handle harder tasks. 

Automation in BI can be seen in several areas: 

• Data Preparation: AI can also clean data, harmonize different datasets from different sources 

and get them into a form ready for data analysis in an efficient manner. 

• Insight Generation: Machine learning can produce findings about the gathered data, detect 

patterns or discrepancies, or relationships without input from people. 

• Decision-Making: One of the benefits of adopting AI is that it can automate the decision-

making process by proposing appropriate actions based on computations. For instance, an AI-

incorporated BI system may change price levels according to real-time sales information or 

use predictive analytics to set inventory numbers. 

The integration of automation not only enhances BI processes but also improves decision-

making by ensuring greater consistency and reducing the likelihood of biases or errors. 

4.3 Case Studies 

Several organizations have successfully integrated AI into their BI systems, demonstrating the 

tangible benefits of AI-driven analytics: 

• Netflix: One of the most familiar examples of how an organization has incorporated the use 

of AI in BI is through Netflix. With the help of machine learning algorithms, which analyze 

viewers’ actions, Netflix can guess which content a user is to prefer. This form of 

segmentation has proved to have been beneficial to Netflix since it increases users’ loyalty 

and hence retention (Akter, Michael, Uddin, McCarthy, & Rahman, 2022). 

• Amazon: Amazon integrates Artificial Intelligence in BI to enhance the company’s supply 

chain and inventory system. The features of intelligent management include the use of 

artificial neural networks to forecast demand and the ability to update ordering quantity based 

on customer orders, inventory on hand, and the performance of suppliers. The last one has 

enabled Amazon to operate seamlessly while avoiding cases of stockouts or overstock that 

may greatly inconvenience the company (Mehrotra, 2021). 
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• Coca-Cola: Coca-Cola is one of the companies that has embraced the use of AI in BI across 

its business to get insights from social media data on the sentiments consumers have on its 

products. NLP would help Coca-Cola to track brand image and customer opinion in real time 

so that the firm responds to such things in real time. This feature provides real time 

opportunity for Clark, which has strategically benefited Coca cola in marketing by increasing 

customer appeal (Moses, Clark, & Jacknis, 2021). 

Therefore, with the incorporation of AI in BI, the functions of organizations have been expanded 

enabling them to analyze data and produce insights as well as make the right decisions. It also comes 

with AI enabled analytics with technologies such as machine learning, natural language processing, 

and neural networks, which have not been possible to implement in the traditional BI structures. The 

above advancements have not only enhanced the ways data could be analyzed to come up with the 

best results but also has enabled organizations to continue operating in the most demanding and 

emerging market space. 

Table-1 highlights how each company applies AI in BI to optimize different aspects of their 

operations, from content personalization at Netflix to inventory management at Amazon and real-

time sentiment analysis at Coca-Cola. Each organization has tailored AI technologies to suit its 

unique business needs, driving efficiency and enhancing customer engagement in the process. 

Table 1. Comparative Analysis of AI Integration in BI Systems across Netflix, Amazon, and Coca-Cola. 

Organization AI Technology Primary 
Application 

Business 
Function 
Enhanced 

Strategic Benefit 

Netflix Machine Learning 
Algorithms 

Personalized 
content 
recommendations 

Customer 
retention and 
engagement 

Increased user 
loyalty and 
retention 

Amazon Artificial Neural 
Networks 

Supply chain 
optimization, 
demand 
forecasting, 
inventory 
management 

Efficient supply 
chain and stock 
management 

Prevented 
stockouts and 
overstock, 
seamless 
operations 

Coca-Cola Natural Language 
Processing (NLP) 

Social media 
sentiment analysis 
for brand tracking 

Marketing and 
customer 
engagement 

Real-time 
response to 
feedback, 
improved 
marketing 
effectiveness 

 

5. Impact on Decision-Making and Organizational Performance 

The application of AI within BI has revolutionized the way that organizations make decisions and 

compete in their respective markets. In this section, the author discusses what new options for 
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decision making have been given using AI in analytics, the issue of real-time analytics, and the 

benefits that the companies have gained after they implemented the AI-based BI. 

5.1 Impaired Decision Making 

Decision making within organizations is another area that has been impacted by AI driven analytics, 

with better accuracy and speed. Historically, BI systems delivered fixed and canned reports based on 

stored data that may have slowed the decision-making process and offered skewed conclusions. On 

the other hand, AI-BI utilizes machine learning and other artificial intelligence approaches, where 

raw data can be analyzed in real-time and offer the most accurate analysis to the end users. 

Another benefit of using AI in decision making is that an AI system is specially designed to find 

relationships that are not easily recognizable through normal human perception. For instance, 

customers’ behavioral patterns information can be used to forecast the future consumption and/or the 

financial transactions record can be checked to find out any irregularities that may suggest 

embezzlement. They help organizations minimize the potential for mistakes while enhancing 

effectiveness across various processes and activities. 

Furthermore, by automating decisions and tasks, AI in BI systems frees up decision-making personnel 

to engage in more significant assignments. For instance, an AI operating system might set prices in 

response to real-time data of demands to achieve maximum profit without any human interference. 

This automation also enhances the speed of decision-making and harmonizes the decision-making 

process with the available data. 

5.2 Real-Time Analytics 

The transformation of historical trend analysis to real-time analysis is one of the drastic alterations 

that AI has brought about in BI. Older forms of BI were characterized by batch reporting, where data 

was gathered, compiled and analyzed over a period; it sometimes took considerable time to provide 

valuable insights. However, with today’s dynamic business scenarios, the ability to analyze the data 

in real-time has emerged as a strategic differentiator. 

Real-time analytics help organizations to adjust changes in the market environment, customer 

behavior, and company’s internal processes in a timely manner. For instance, real-time data analysis 

in shops and stores can be used to track the sales rate throughout the day and therefore makes it 

possible to change the marketing strategies, stock, and human resources in the business within the 

same day. In the financial industry the real-time analysis of the data can be used for the identification 

of the new trends in the market, which can provide the traders with the appropriate opportunities to 

make the correct and profitable decisions. 

AI-driven BI systems significantly enhance real-time analysis by processing large volumes of data 

quickly and efficiently. Additional benefits include the capability to evaluate multiple inputs 

simultaneously and deliver predictions that adapt in real-time as new data becomes available. This 

functionality is especially valuable in highly volatile situations, where timely access to updated 

information is critical for making informed decisions and maintaining a competitive edge. 

5.3 Competitive Advantage 



 Al-Basaer Journal of Business Research (2024), 22, 1-13 

Many companies that managed to implement technologies of the AI-enhanced BI have obtained large 

competitive benefits. About decision making and real time analytics, those organizations can benefit 

from adoption of AI to operate more efficiently, innovate faster and be more customer centric. Below 

are a few case studies that highlight the business impact of AI-enhanced BI: 

• Walmart: One of the research findings shown by Walmart is the use of AI-driven BI in 

enhancing its supply chain management and effective inventory management. Walmart can 

use machine learning to forecast the sales needs based on the data analytics captured in real-

time as a way of making certain that there is product availability at the right time and place. 

This optimization has promoted low levels of stockout, removal of wastage levels in inventory 

management and high levels of satisfaction among the customers hence granting Walmart a 

competitive advantage in the competitive retail market (Ahmad, Hasan, Olushola, & 

Maqsood, 2024). 

• Procter & Gamble (P&G): P&G has put into practice AI-based analytical systems within 

product designing and marketing of its products. The provider of consumer data from social 

networks, surveys and others helps P&G to react to changes in consumers’ behavior timelier 

than its competitors to changes in consumers’ behavior. This helps the company to add more 

products in the market quickly, most of which would suit the consumers better; thus, they 

make a huge competitive advantage (Sham, Abdhul, & Reddy, 2024). 

• General Electric (GE): AI has also been applied at GE in BI to optimize the industrial 

processes of the company. The time data collected from the operation of the machinery and 

equipment used by GE enables the company to anticipate the required maintenance and avoid 

equipment breakdown. This has enhanced predictive maintenance capacity resulting in less 

downtimes apart from cutting many operational costs hence providing better products and 

services to the clients (Wang, Ma, He, Huang, & Gu, 2020). 

In summary, the advanced use of AI in BI has transformed decision making and organizational 

performance. As such, the application of artificial intelligence as BI has made it possible for 

organizations to make decisions with better accuracy, accomplishing real-time analysis, and gaining 

competitive advantages which are rare in today’s world. The case studies included in the paper show 

how foremost organizations have effectively incorporated AI as a strategic booster to enhance their 

competitive advantage and performance so that other companies can emulate it. 

6. Practical Implementation Challenges: 

Implementing AI-driven Business Intelligence (BI) solutions presents several practical challenges 

that organizations must navigate to successfully leverage these technologies. These challenges 

include data integration, talent acquisition, and organizational change management. Addressing these 

obstacles is essential for ensuring that AI-driven BI systems function effectively and provide the 

desired value. 

6.1. Data Integration: 

One of the primary challenges organizations face when implementing AI-driven BI is integrating 

data from disparate sources. Often, organizations have multiple legacy systems, databases, and 

applications that store data in different formats. This fragmented data landscape can make it 

difficult to consolidate information for AI-driven analytics. Moreover, ensuring data quality, 
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consistency, and completeness across various sources is critical to obtaining reliable insights from 

AI models. 

Strategies to Overcome: 

• Implementing data warehousing solutions or data lakes can centralize and standardize data 

from various sources. 

• Utilizing advanced data integration tools and platforms can automate the process of data 

cleaning, transformation, and consolidation, reducing manual effort and minimizing errors. 

• Developing data governance frameworks that outline data standards, policies, and quality 

assurance procedures will ensure consistency and reliability. 

6.2. Talent Acquisition: 

The successful implementation of AI-driven BI solutions requires specialized skills, including 

expertise in machine learning, data science, and AI algorithms. However, there is a shortage of 

qualified professionals in these fields, making it challenging for organizations to build the necessary 

talent pool. Moreover, the integration of AI within BI requires cross-disciplinary knowledge that 

combines both technical and business expertise. 

Strategies to Overcome: 

• Organizations can invest in training and upskilling existing employees to bridge the skills gap, 

enabling current staff to adapt to AI-driven BI systems. 

• Partnering with universities or external training programs can help build a pipeline of talent 

specialized in AI and BI. 

• Leveraging AI-powered tools with user-friendly interfaces can enable non-technical users to 

engage with AI systems, reducing the need for highly specialized talent for every aspect of 

the BI process. 

6.3. Organizational Change Management: 

Introducing AI-driven BI systems often requires significant changes to organizational processes, 

workflows, and decision-making structures. Employees may resist the adoption of new technologies 

due to concerns about job displacement or unfamiliarity with AI tools. Additionally, aligning 

leadership, departments, and stakeholders around the benefits and objectives of AI-driven BI is 

crucial for successful implementation. 

Strategies to Overcome: 

• Organizations should foster a culture of innovation and continuous learning, emphasizing the 

benefits AI will bring to employees by enhancing decision-making and productivity rather 

than replacing jobs. 

• Conducting pilot programs or phased rollouts of AI-driven BI systems allows employees to 

become comfortable with new tools while minimizing disruption. 

• Effective communication and leadership involvement are key to ensuring organizational buy-

in. Engaging stakeholders early in the process and clearly articulating the value of AI-driven 

BI solutions can help manage resistance. 
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By addressing these practical challenges—data integration, talent acquisition, and organizational 

change management—organizations can ensure a smoother implementation of AI-driven BI 

solutions. Strategies such as investing in training, developing robust data governance frameworks, 

and fostering a supportive organizational culture are essential to overcoming these obstacles and 

achieving long-term success. 

 

7. Future Trends in Business Intelligence 

BI is a field that is still in a state of continuous development and can be linked to advancements in 

technology and heightened awareness of the significance of data analysis. The integration of AI in BI 

systems will continue to progress in the following years, and with this integration, new trends have 

started to emerge that will define the future of data collection, analysis, and utilization across 

organizations. This part explains how AI is applied to predictive and prescriptive analytics, BI 

integration with IoT and edge computing, and the ethical aspect of BI leveraged by AI. 

7.1 AI-based models 

With the future progress of these technologies, BI has the potential to see a vast usage of AI in 

predictive and prescriptive analytics. The difference between the two is that predictive analytics uses 

statistical tools and machine learning techniques to extrapolate future circumstances from past data, 

but prescriptive analytics focuses on recommending the most appropriate action to initiate to obtain 

a desired outcome. 

The future of AI in BI promises even more powerful and accurate outcomes. Advancements in deep 

learning and neural networks will enable BI systems to process and analyze non-numerical or non-

relational data, such as text, images, and videos, resulting in more comprehensive and precise 

insights. Furthermore, AI's role will expand in detecting patterns and regularities within data that 

traditional algorithms might overlook, significantly improving the accuracy of predictive models. 

Prescriptive analytics is another area that will benefit from AI advancements. As AI systems gain a 

deeper understanding of business contexts, they will be able to provide actionable recommendations 

based on key conditions and a broader range of factors. For instance, in supply chain management, 

AI will not only identify vulnerabilities but also suggest strategies for contingency sourcing, adjusting 

inventory levels, and rerouting transportation, thereby optimizing decision-making and improving 

overall operational efficiency. 

The other new trend is the use of autonomous BI systems that work independently or do not require 

human intervention due to their ability to adjust to changing circumstances. Such systems will be 

most relevant in rapidly evolving industries where timely decision-making is paramount, including 

the financial sector, healthcare, and retail. With the advancement of AI in BI, the technology is set to 

become a strategic tool to assist organizations to adapt to future trends and adapt to them. 

7.2 Integration with IoT and Edge Computing 

Another trend that will define the future of BI is the convergence of BI with the IoT and edge 

computing. IoT in the context of manufacturing systems, smart homes, connected automobiles, and 
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other connected structures provide real-time or near real-time data in the form of streams. This 

information was earlier sent to centralized data centers for analysis, however, with edge computing 

one can analyze data near where it is generated, at the edge. 

In edge computing, analytics can be executed at the network’s peripherals without the delay 

experienced when transporting data to a central hub. Enabling this capability is especially important 

in industries that need real-time information, like autonomous vehicles, industrial automation, and 

healthcare. For instance, enhanced by edge computing, a smart factory can analyze the performance 

of the equipment in real-time, resulting in predictive maintenance. 

Combining BI with IoT and edge computing will extend the applicability of BI from traditional data 

sources to real-time IoT streaming data from connected devices. This will facilitate better analysis of 

the organization’s data and faster decision-making based on a wide range of variables. Furthermore, 

use of AI in BI systems will be essential in interpreting the large and diverse data arising from IoT 

devices to pinpoint significant patterns suitable for analysis. 

More and more devices will be connected over the coming years, thus the capacity to assimilate IoT 

information will become a significant factor that influences organizational competitiveness. BI and 

AI along with Edge computing will give rise to new opportunities leading to timely decision making 

across verticals. 

7.3 Ethical Considerations 

With a rise in the adoption of AI in the BI systems, social issues such as data privacy, security and 

bias are coming to light. AI in BI brings the following ethical issues, which organizations need to 

consider making sure they are adhering to proper data practice and accountability. 

Security is high on the list given that BI systems are now using personal data in their analysis. 

Businesses must make sure that they are not violating various privacy laws like the GDPR in the 

European Union or the CCPA in the United States. Some of these are getting permission before 

collecting data, explaining how the data will be used, and keeping the data safe from other parties 

and undesirable uses. 

In AI-Driven BI, another paramount ethical concern is referred to as algorithmic bias. This means 

that even a machine learning model is only as reliable as the data that was used to develop it, and if 

that data is prejudiced, then the resulting model will be as well and may even exacerbate those 

preconceived notions. For instance, if BI is applied for analyzing hiring practices and the training 

data contained biased views against a certain group, then the AI will promote bias again. This means 

that companies must monitor and regularly analyze their AI algorithms to look for unequal treatment 

and achieve BI that is equitable. 

A key challenge in AI-driven decision-making within BI systems is determining accountability, 

especially as these systems become more autonomous or self-governing. When AI algorithms make 

or influence decisions, it becomes difficult to pinpoint who is responsible for the outcomes. To 

address this, organizations must establish robust governance frameworks that clearly define 

accountability and ensure human oversight in critical and sensitive areas, such as finance, healthcare, 

and criminal justice. This will help maintain transparency and prevent potential risks associated with 

AI-driven decisions. 
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To ensure the ethical implementation of AI in BI systems, organizations should adopt clear ethical 

guidelines and best practices that prioritize transparency, fairness, and accountability. These 

guidelines should include measures to ensure that AI algorithms are developed and tested with 

diverse, representative datasets to minimize bias. Regular audits of AI models and decision-making 

processes are essential to identify and address any unintended consequences or discrimination. 

Organizations should also implement explainability mechanisms, which make the decision-making 

processes of AI systems transparent and understandable to humans. This enables stakeholders to 

comprehend how decisions are made and ensures that AI solutions are not operating as “black boxes.” 

Additionally, businesses should enforce strict data privacy policies, ensuring that personal 

information is only used with explicit consent and handled in compliance with relevant laws. 

Establishing a code of ethics for AI use can further guide organizations in making responsible choices, 

focusing on human-centered AI design and the broader social impact of their technological adoption. 

By fostering a culture of accountability and adherence to ethical standards, organizations can mitigate 

the risks associated with AI in BI and build trust with customers and the public. 

8. Conclusion 

Transitioning from data warehouse to BI and finally the use of AI as a tool to enhance strategic 

decision making and performance management is the new trend in organizations. BI has been 

improved by AI, which has offered the capability of real-time data processing, self-service operation, 

and predictive and prescriptive analysis. These advancements have applied organizational capabilities 

to provide better and potentially quicker decisions in order to enhance the competitiveness and 

efficiency of operations. With the continued advancement of BI capabilities, AI will be increasingly 

combined with the other related technologies such as IoT and edge computing that will expand BI’s 

role and application across distributed data sources. However, the emergence of AI-driven BI also 

poses new ethical risks, especially concerning data protection, impartiality, and responsibility, which 

organizations must consider using correctly and sustainably. Finally, AI is the future of BI that opens 

great opportunities for innovation and business development. Thus, at present and into the future, 

there will be an unending evolution within the BI space, and organizations that have effectively 

integrated AI and upheld ethical principles shall stand well to benefit from the advancement of this 

world with an emphasis on data. 
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