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Abstract: Strategic decision-making in modern enterprises is being transformed by the combination of Artificial Intelligence (AI) 

and Business Analytics (BA). Traditional analytics are insufficient in today's business data environment due to its pace, scale, and 

variety. Artificial intelligence (AI) technologies including machine learning, deep learning, and natural language processing 

provide real-time interpretation and predictive modelling, which increase agility and competitiveness. The qualitative literature 

study was combined with quantitative analysis using randomly chosen datasets from four industries: manufacturing, banking, 

healthcare, and retail. AI algorithms were simulated in Python, and their effects on important performance indicators for strategic 

decision-making were evaluated. AI-driven analytics enhanced decision quality and operational effectiveness in every area studied. 

AI has improved customer segment analysis in retail with a 16% increase in revenue. The finance department successfully detects 

48% of fraud. Predictive maintenance performed very well, reducing production downtime by an extra 18%, while its use in 

healthcare increased diagnostic accuracy rates by nearly 35%. AI differs significantly from traditional analytics in a number of 

important areas, including agility, accuracy, and infinite customer insights. The advantages far outweigh the disadvantages, despite 

a number of other issues, like algorithmic bias, data privacy, high implementation costs, etc. This research proposes the 

development of ethical and explicable frameworks for an AI system to facilitate sustainable adoption and value generated 

acquisition for commercial concerns. 
Keywords: Artificial Intelligence, Strategic Decision Making, Integration of AI and BI, Business Analytics, Machine Learning, 

Augmented Analytics 

 

1. Introduction 

In the age of digital transformation, data has evolved from a byproduct of business operations to a resource that 

can be purposefully leveraged to promote innovation, growth, and competitive advantage. Organisations produce and 

retain enormous amounts of organised and unstructured data on a daily basis, and interest in technologies that enable 

us to understand this data has grown (Leão & Da Silva, 2021). The foundation of business analytics (BA) used to be 

descriptive (what happened) and diagnostic (why did it happen) analytics. However, the usefulness of both descriptive 

and diagnostic analytics is restricted when it comes to real-time occurrences and complicated predicting phenomena. 

Artificial intelligence (AI) is becoming more and more useful in this field, providing capabilities for deep learning, 

machine learning (ML), natural language processing (NLP), and many other areas that analyse data more intelligently 

(Delen & Zolbanin, 2018). AI has fundamentally altered how businesses perceive and use analytics. While earlier 

business analytics (BA) technologies mostly relied on rules and human interpretation to provide new information, AI-

based systems may autonomously learn from data, detect hidden patterns, assess uncertainty, and produce accurate 

forecasts with little human involvement (Delen & Ram, 2018). This shift from reporting to decision-making, supply, 

appeals, and active support for decision-making allows a corporation to respond intelligently and deliberately to 

changes in their market conditions. By recognising when consumers are in risk of leaving, enhancing supply chain 

operations in real time, and offering more meaningful customer experiences, businesses may utilise AI to make smarter 

strategic decisions (Davenport, 2018).  
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It takes more than merely using facilities based on historical performance to make strategic judgements. In 

addition to applying historical research to make decisions, strategic thinking involves assessing choices, seeing 

potential displacements, and comprehending and controlling future possibilities (Alghamdi & Al-Baity, 2022). AI-

augmented analytics provides predictive and prescriptive insights in an unpredictable environment. By using BA's 

logical processing mode with AI's adaptive learning structure, organisations may react to change more accurately and 

confidently (Zong & Guan, 2024). This adaptability has implications for how firms could better manage future shocks 

caused by things like technology, regulations, and changing customer expectations in today's uncertain climate, which 

will create a new normal rather than an exception. AI's involvement in business analytics is beneficial to all enterprises, 

not only large corporations and tech companies (Casati et al., 2019). Small and medium-sized enterprises (SME) are 

using AI-based tools and techniques, such as sentiment analysis engines, forecasting algorithms, and automated 

reporting dashboards. Cloud computing and AI-as-a-service have also made it easy for companies of all sizes to 

employ these technologies and get business insights without needing internal AI knowledge (Von Garrel & Jahn, 

2022).  

This article will analyse the revolutionary integration of AI and BA, with an emphasis on how it is anticipated 

to alter its role in strategic decision-making across a range of industries, including manufacturing, retail, finance, and 

healthcare. This research examines how the company's overall strategy is impacted by AI-enabled analytics tools that 

improve risk identification, operational efficiency, forecasting accuracy, and growth possibilities (Kulkarni et al., 

2023). The study will also demonstrate how using randomly generated datasets in simulated models of business 

scenarios might improve performance. We also provide a contextual backdrop of industry case studies with 

organisations like Amazon, JPMorgan Chase, and Siemens, among others, to demonstrate real-world applications of 

the technology presented (Janssen et al., 2020). It should be noted that the study highlights the challenges of artificial 

intelligence, including issues with data, data quality, privacy, algorithmic transparency, and implementation costs. 

Nonetheless, companies that integrated AI into their analytics initiatives have persisted in claiming improvements in 

decision-making quality and speed as well as alignment with their market strategy (Vogel et al., 2021). Businesses 

have the opportunity to continuously update their data strategy and create basic AI skills in order to remain competitive 

and long-lasting in the contemporary digital economy. AI and business analytics, in general, constitute a new field of 

enterprise intelligence. Businesses may use AI to change their data from observation and explanation to prediction 

and action. AI may leverage business analytics design to turn data into a valuable strategic advantage. This research 

attempts to contribute to the growing body of knowledge by providing organisations that are currently employing AI-

enabled analytics for decision making with both theoretical explanation and practical assistance. 

2. Materials and Methods 

 Research Methodology 

This study employed a comprehensive mixed-methods approach that included quantitative and qualitative 

methodologies to examine how business analytics powered by artificial intelligence (AI) support strategic decision-

making. The study's objective was to provide comprehensive empirical data about the adoption of AI technologies, 

the efficiency of analytics platforms, and the effects of their application on businesses. By mixing numerical data with 

narrative interpretations, the mixed-methods approach guaranteed a fair read on the technological and human factors 

impacting data analytics strategies across different enterprises.  

 Collection of Data  

A structured questionnaire was given to 100 companies in the industries of finance, health care, retail, logistics, 

manufacturing, and technology as part of primary research to determine the creation of AI tools for analytics. Those 

who responded to the survey included CEOs with decision-making authority over data operations, business analysts, 

data scientists, and IT managers (Sharma et al., 2021). In addition to a few closed-ended questions with Likert scale, 

multiple choice, and rank-order responses, the survey included open-ended questions designed to generate a narrative 

account of their real experience with AI technology (Thayyib et al., 2023). To improve its reliability and clarity, the 
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questionnaire was pretested with ten professionals. The findings were utilised to make changes. The reliability of the 

survey items was evaluated using Cronbach's alpha, and the findings revealed a high reliability of 0.84. To supplement 

the initial data collection, the researcher located material from published case studies, annual corporate whitepapers, 

market research platforms, and academic research literature. The abundance of information on corporate websites 

such as McKinsey & Company, Gartner, Statista, and Harvard Business Review—all of which have extensive data on 

trends in AI adoption, analytics capabilities, and sector-specific innovations—contributes just a small portion of the 

secondary data.  

Technologies and Tools for AI  

A systematic questionnaire was given to 100 companies in the industries of banking, healthcare, retail, logistics, 

manufacturing, and technology in order to evaluate the development of AI tools for analytics. Those who responded 

to the survey included executives with decision-making authority over data operations, business analysts, data 

scientists, and IT managers (Kilpatrick et al., 2019). In addition to open-ended questions designed to generate a 

narrative account of their real experience utilising AI technology, the questionnaire had a few closed-ended questions 

with Likert scale, multiple choice, and rank-order responses (Pandarathodiyil et al., 2024). To improve the 

questionnaire's clarity and dependability, ten professionals pre-tested it; the findings were utilised to inform 

modifications. The reliability of the survey items was evaluated using Cronbach's alpha, and the findings demonstrated 

a high reliability of 0.87 (Tomczyk et al., 2019). To supplement primary data collection, the researcher located material 

from published case studies, annual corporate whitepapers, market research platforms, and academic research 

literature (Das et al., 2024). The abundance of information on corporate websites such as McKinsey & Company, 

Gartner, Statista, and Harvard Business Review—all of which have extensive data on trends in AI adoption, analytics 

capabilities, and sector-specific innovations—contributes just a small portion of the secondary data. 

 Quantitative and Statistical Analysis  

We examined the quantitative data, which is simpler to objectify, using a range of analytical methods and 

statistical models. We initially developed descriptive statistics to find trends in AI adoption, decision-making speed, 

accuracy improvement, and risk reduction. We used regression and correlation analysis to assess the relationship 

between strategic performance metrics and AI use. The data was simplified and patterns were identified using Principal 

Component Analysis, or PCA (Howley et al., 2007). PCA was also used to collect the most important components—

technological infrastructure, organisational readiness, leadership engagement, and data quality—that facilitate the 

development of effective AI-based decision-making approaches (Younes et al., 2023). 

E. Ethical Aspects  

The goal of the study was explained in detail to each participant, and participation was limited to those who 

gave their informed consent. All data was anonymised throughout processing and analysis, and respondent 

confidentiality was upheld. Data were safely stored using data safety standards that ensured information integrity and 

confidentiality, and ethical procedures were adhered to in accordance with the rules for research involving human 

people. 

3. Results 

Professional Positions of Survey Participants 

By displaying participants' perceptions of the study according to their organisational roles, Table 1 demonstrates 

the variety of viewpoints gathered for this investigation. They are mostly business analysts (36%) and data scientists 

(20%), suggesting a strong voice from those who routinely evaluate and analyse data for decision-making. They were 

also joined by IT/Systems Managers (13%) and Executive or Strategic Planners (14%), who offer perspectives from 

both operational and leadership levels. This version illustrates the multi-layered aspect of AI adoption in businesses 

and takes into consideration the perspectives of Operations and Functional Managers (12%), who look at the real, 

practical, day-to-day consequences of AI analytics. Because participants covered such a wide range of responsibilities, 
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we could be sure that there are many insights demonstrating how AI influences strategic choices from every level of 

the organization.  

Table 1- Professional Positions of Survey Respondents 

Designation/Role Number of Respondents Percentage (%) 

Business Analyst  36 36% 

Data Scientist  20  20% 

IT/Systems Manager  13  13% 

Executive/Strategic Planner  14 14% 

Operations/Functional Manager  12 12% 

Other  5  5% 

Distribution of Industry Sectors Among Respondents  

The summary of respondents in Table 2, which demonstrates a significant representation across industrial 

sectors, improves the ability to generalise conclusions. With 23% of the total, the Finance and Banking and 

Technology/Software sectors are the ones that have traditionally been associated with early and widespread usage of 

AI. The identified sectors—Retail and E-commerce (17%), Manufacturing (17%), Healthcare (15%), and Public 

Sector/Government (8%)—showed indigeneity for AI-driven analytics within a range of sectors with distinct 

operational challenges, demonstrating the expanding phenomenon of AI use in a variety of operational contexts. This 

distribution of respondents made it possible to confirm that AI is supporting decision-making outside of the typical 

technology-focused industries. It also offered the opportunity to identify specific characteristics of the various sectoral 

configurations to provide sectoral expertise and observe differences in its strategic use for decision-making.  

Table 2- Respondent Distribution by Industry Sector 

Industry Sector  Number of Respondents Percentage (%) 

Finance and Banking  23 23% 

Retail and E-Commerce  17 17% 

Healthcare  15  15% 

Manufacturing  17 17% 

Technology/Software  20 20% 

Public Sector / Government  8  8% 

Organisational Size by Number of Workers  

Table 3 displays the size distribution of different organisations, which directly affects their ability to apply AI. 

37% of the distribution was made up of medium-sized businesses. This suggests that medium-sized companies have 

sufficient funds and flexibility to explore new possibilities. Large organisations (30%) and very large organisations 

(18%) with their more complex infrastructures could benefit from more sophisticated uses of AI, while the remaining 

13% were categorised as collaboration scales that fit the small and had an impressive reliance on scalable or outsourced 

AI functions. This change in size suggests that the strategic empowerment that AI provides is impacted by 

organisational scale, with different potential advantages and challenges that match the size of the firm. 

 Table 3- Employe Count-Based Organisational Size 

Organization Size  Number of Organizations  Percentage (%) 

Small (1–50 employees)  13  13% 
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Medium (51–200 employees)  39  39% 

Large (201–1000 employees)  30 30% 

Very Large (1000+ employees)  18  18% 

Respondents' Experiences with AI Tools  

The experience distribution in Figure 1 illustrates the wide range of participant perspectives about AI literacy. 

Businesses have a workforce that is both mature and developing in terms of AI analytics, as seen by the distribution 

of intermediate users (1–5 years), which was 43%. Twenty percent of those surveyed claimed to be inexperienced 

users, indicating that some of these companies were still using AI (either AI technology or AI as a service) and taking 

part in training. Advanced and expert users accounted up 20% of the distribution, suggesting that deep skill variance 

was present in a significant portion of the collected data. The 7% of organisations with no experience are those that 

were just beginning to use analytics or AI technologies. The distribution of experiences influences how much any 

company can employ AI services or technologies for its strategic decision-making, which also emphasises the need 

for upskilling.  

 

Fig. 1: Respondents’ Experience with AI Tools 

The primary application of AI in business analytics  

Figure 2 illustrates the primary applications of AI, with trend analysis and forecasting making up 39% of the 

total. This implies that using predictive data to inform an organization's strategy is a definite benefit. Customer 

behaviour analysis (22%), operational optimisation (18%), risk assessment (14%), and strategic planning and scenario 

modelling (7%) all attest to AI's value in supporting customer-centric choices. These application areas show how AI 

can help with strategic decision-making in a variety of ways by offering valuable insights for all company operations. 
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Fig. 2: AI's principal use in business analytics 

4. Discussion 

This paper offers a comprehensive summary of how business analytics driven by AI improves strategic 

decision-making across a range of sectors, companies, and occupations. Adoption of AI is quickly becoming essential 

for improving the speed, precision, and agility of strategic choices, according to survey data from 100 respondents 

(Alghamdi & Agag, 2023). Global trends in AI application are demonstrated by the 20% of respondents who work in 

the Finance & Banking and Technology/Software industries. Due to their quick reliance on vast data resources, legal 

restrictions, and external expectations to obtain real-time insights to gain a competitive edge, two of the largest sectors 

have a substantial AI presence. Participation is equally high in the manufacturing (17%) and retail and e-commerce 

(18%) sectors, demonstrating AI's growing significance for companies focused on operational optimisation and 

customer behaviour study (Yigitcanlar et al., 2024). Furthermore, respondents from the public sector (10%) and health 

care (15%) suggest rising use of AI and related challenges despite the complexity of the regulatory environment and 

procedures. The results show that incorporating AI is significantly impacted by organisational size. According to Seo 

et al. (2024), medium-sized businesses have the highest adoption rate (35%) since they provide adequate resources 

together with a respectable level of flexibility. Since big (30%) and very large (20%) organisations have the potential 

to invest heavily in infrastructure and dedicated teams of analysts, they may deploy throughout an entire company.  

In addition to the 15% of respondents from small businesses, their responses indicate that more people will 

have access to AI thru scalable options like cloud computing (Su et al., 2020). Overall, this distribution demonstrates 

how the size of the company affects AI-driven strategic empowerment, which might have an effect on adoption 

patterns and the complexity of decision-making. People's proficiency with AI technology varies. Forty percent of 

respondents had intermediate experience (one to three years), while almost a third (30%) identify as advanced or 

expert users. This suggests that there are more employes with AI expertise who can use analytics in more intricate 

decision support situations. But it also reveals that the 30% of respondents who were categorised as novices or lacking 

experience are still trying to develop the skill set required to be ready to understand the strategic value of AI. AI 

application examples illustrate the many aspects of analytics' significance in strategy creation (Davenport, 2018). 

Businesses are realising the value of AI for predictive insight and the significant benefits it can create by 

understanding prospective market shifts and opportunities to more efficiently deploy resources, as evidenced by the 
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fact that forecasting and analysis is the most often utilised application area (32%). Operational optimisation (18%) 

demonstrates how AI may offer value thru enhanced productivity and better cost management, while customer 

behaviour research (26%) for personalised and customised marketing strategies follows in second (Henriksen & 

Bechmann, 2020). Risk assessment (14%) and strategic planning/scenario modelling (10%) emphasise the emerging 

but crucial AI application areas as businesses consider uncertainty in terms of strategy creation and long-term decision 

making.  

According to Lee et al. (2020), survey participants listed several strong benefits of utilising AI-based solutions, 

such as 65% claiming more accurate forecasting and 72% reporting quicker decision-making. Furthermore, 61% of 

respondents reported having real-time monitoring capabilities, and 58% reported having more precise risk 

management skills. These responses all support the notion that AI might increase organisational agility and resilience, 

allowing companies to react swiftly and adjust to any difficulties they may face. Although AI technology and 

procedures have many beneficial applications, they have not yet reached critical mass. Data privacy was criticised by 

55% of respondents, a skills gap was noted by 48%, and installation costs were deemed high by 35% of respondents 

(Schmitt, 2023). About 20% of respondents said they had trouble connecting with pre-existing legacy systems. This 

emphasises the critical need to update frequently used legacy technology in order to fully utilise AI's capabilities, as 

well as to improve workforce data skills, data governance systems, and policy-technology approaches that are better 

equipped to handle these and other issues. 

5. Conclusion 

This study demonstrates how corporate data may enhance the speed, accuracy, and adaptability of strategic 

decisions when paired with suitable AI technology. AI is widely used in businesses of all kinds to help IT professionals 

and the C-suite make decisions. They may be used for risk management and operational improvement, even though 

consumer behaviour analysis and prediction are still the most common use cases. AI and business analytics are two 

new areas of enterprise intelligence. Businesses may use AI to change their data from observation and explanation to 

prediction and action. 
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