
 Corresponding author: Aderonke Adebayo 

Copyright © 2025 Author(s) retain the copyright of this article. This article is published under the terms of the Creative Commons Attribution Liscense 4.0. 

Assessment of the strategic integration of artificial intelligence in enterprise decision-
making frameworks  

Oluwabukola Sambakiu 1, Victoria Kujore 2, Aderonke Adebayo 3, *, Oladiipo Ishola Oladepo 4 and Balogun 
Segun Segbenu 5  

1 College of Business Administration, Central Michigan University, USA. 
2 Department of Business Administration, Business Analysis, and Information Systems, Lamar University, Beaumont,Texas, 
USA. 
3 Department of Computer Science, University of People, Pasadena California, USA. 
4 College of Business, New Mexico State University, New Mexico, USA. 
5 Department of Psychology, University of Ibadan, Nigeria. 

International Journal of Science and Research Archive, 2025, 15(03), 179–187 

Publication history: Received on 23 April 2025; revised on 30 May 2025; accepted on 02 June 2025 

Article DOI: https://doi.org/10.30574/ijsra.2025.15.3.1682 

Abstract 

This review examines the strategic integration of artificial intelligence within enterprise decision-making frameworks. 
The research synthesizes findings from recent empirical studies, industry reports, and organizational case studies to 
identify implementation patterns and success factors. Analysis reveals that effective AI integration requires alignment 
across technological infrastructure, organizational structure, and governance mechanisms. Common implementation 
barriers include inadequate data quality, skill deficits, cultural resistance, and governance challenges. Organizations 
achieving optimal outcomes typically develop comprehensive AI strategies, establish robust data management 
practices, deploy cross-functional implementation teams, and implement multi-level governance frameworks. The 
review identifies distinct integration approaches across operational, tactical, and strategic decision contexts, each 
requiring tailored implementation methodologies. Findings indicate that while technical sophistication remains 
important, organizational readiness factors more strongly predict implementation success. This review contributes to 
both theoretical understanding of AI-augmented decision making and provides practical guidance for practitioners 
navigating the organizational complexities of AI integration. The research concludes by identifying emerging trends and 
future research directions in this rapidly evolving domain.  
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1. Introduction

Artificial intelligence has transformed from an experimental technology to a core business capability. Recent surveys 
indicate that over 70% of large enterprises now view AI implementation as a strategic priority [1]. This reflects growing 
recognition that AI can enhance decision-making at all organizational levels, from day-to-day operations to long-term 
strategic planning. 

The potential benefits of AI-augmented decision-making are substantial. Organizations can process larger volumes of 
data, identify patterns humans might miss, reduce certain cognitive biases, and make faster, more consistent decisions 
[2]. However, these advantages don't come automatically with AI adoption. They require thoughtful integration with 
existing business processes, organizational structures, and decision frameworks. 
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Many enterprises struggle to realize value from their AI investments despite significant spending. Common challenges 
include poor data quality, siloed implementation approaches, talent shortages, and resistance to change [3]. 
Organizations that overcome these obstacles typically adopt comprehensive approaches that address both technical 
and organizational dimensions of AI integration. 

The impact of AI on enterprise decision-making extends beyond efficiency gains. It often reshapes how decisions are 
made, who makes them, and what factors are considered [4]. For example, AI systems can democratize access to 
analytical capabilities, enabling front-line workers to make more data-informed decisions. At the same time, they raise 
important questions about accountability, transparency, and the appropriate balance between human judgment and 
algorithmic recommendations. 

This review synthesizes current research and industry experiences to provide a practical assessment of AI integration 
in enterprise decision-making. We examine implementation strategies, governance models, organizational impacts, and 
ethical considerations. The goal is to help business leaders develop more effective approaches to AI integration that 
align with their strategic objectives and organizational contexts. 

2. Evolution of AI in Enterprise Decision-Making 

2.1. Historical Context 

AI applications in business settings have evolved through several distinct phases. In the 1980s and 1990s, companies 
primarily used rule based expert systems for specific, well defined problems [5]. These early systems could handle 
structured decisions but lacked flexibility. The 2000s saw the rise of more advanced statistical models and basic 
machine learning algorithms that could analyze larger datasets and identify patterns that weren't immediately obvious 
to human analysts [6]. 

Since approximately 2015, significant advances in deep learning, natural language processing, and computer vision have 
dramatically expanded AI's capabilities. These technologies have enabled enterprises to apply AI to a much wider range 
of decision contexts, including those involving unstructured data like text, images, and voice [7]. This evolution has been 
accompanied by shifts in how organizations approach AI implementation, moving from isolated deployments toward 
more integrated, enterprise-wide strategies. 

2.2. Current Landscape 

Today's enterprise AI landscape shows considerable variation in maturity levels and strategic approaches. Study 
categorizes AI implementations into three main types: process automation, cognitive insight, and cognitive engagement 
[8]. Process automation focuses on improving efficiency through routine task automation. Cognitive insight applications 
analyze data to identify patterns and make predictions. Cognitive engagement uses natural language processing and 
related technologies to interact with customers and employees. 

Leading organizations are increasingly moving beyond isolated AI experiments to develop comprehensive AI strategies 
[9]. These strategies typically involve building centralized AI capabilities while enabling business units to apply these 
capabilities to their specific needs. This hybrid approach helps balance enterprise-wide coordination with local 
innovation and adoption. 

The most advanced enterprises are now integrating AI directly into their core products, services, and business models. 
Companies like Amazon, Microsoft, and Google have embedded AI throughout their operations, using it to personalize 
recommendations, optimize supply chains, and enhance customer service [10]. Many traditional enterprises are 
following similar paths, though often at a slower pace and smaller scale. 

3. Strategic Frameworks for AI Integration 

3.1. Organizational Models 

Successful AI integration requires appropriate organizational structures. Research identifies three common models for 
organizing AI capabilities [11]. The centralized model establishes a corporate AI center of excellence that serves all 
business units. This approach promotes consistency, knowledge sharing, and economies of scale but may struggle to 
address unique business unit needs. The decentralized model distributes AI capabilities across business units, enabling 
closer alignment with specific business needs but potentially creating redundancies and inconsistencies. The hybrid 
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model combines elements of both approaches, typically with a central team focusing on infrastructure, governance, and 
shared capabilities while business units develop applications tailored to their contexts. 

Evidence suggests the hybrid model delivers better outcomes for most large enterprises [12]. This approach provides 
the necessary central coordination while enabling sufficient flexibility for business-specific implementations. For 
example, JPMorgan Chase maintains a central AI research team that develops cutting-edge algorithms and tools, while 
individual business lines apply these capabilities to specific use cases like fraud detection or trading analytics [13]. 

3.2. Decision-Making Integration Points 

AI can enhance decision-making at multiple organizational levels, each with distinct integration challenges. At the 
operational level, AI typically supports high-volume, routine decisions through automation and augmentation. These 
applications often focus on efficiency, consistency, and scalability [14]. At the tactical level, AI helps middle managers 
analyze trends, allocate resources, and respond to emerging opportunities or threats. These applications frequently 
combine AI-generated insights with human judgment. At the strategic level, AI supports senior executives in making 
complex, high-impact decisions by analyzing multiple scenarios, identifying potential risks, and evaluating long-term 
implications [15]. 

Each integration point requires different approaches to implementation, governance, and performance measurement. 
Operational applications typically emphasize speed and accuracy, while strategic applications focus more on providing 
novel insights and supporting complex trade-offs [16]. Organizations that clearly define how AI will support different 
decision types achieve more successful outcomes. 

3.3. Implementation Pathways 

Research identifies several pathways for implementing AI in enterprise decision-making. The technology driven 
approach starts with available AI capabilities and identifies suitable applications [17]. This approach can deliver quick 
wins but risks creating solutions in search of problems. The problem driven approach begins with specific business 
challenges and explores how AI might help address them. This approach tends to produce more relevant applications 
but may miss opportunities to apply novel AI capabilities. The opportunity driven approach focuses on identifying new 
products, services, or business models enabled by AI [18]. This approach can yield transformative outcomes but 
typically involves higher risk and longer time horizons. 

Successful organizations often combine these approaches, using problem driven implementations to build momentum 
and credibility while pursuing more ambitious opportunity driven initiatives in parallel. They also recognize that 
implementation pathways must account for organizational readiness, including data infrastructure, skills, and cultural 
factors. 

4. Critical Success Factors 

4.1. Data Infrastructure and Governance 

Robust data infrastructure forms the foundation for effective AI implementation. Organizations need systems for 
collecting, storing, cleaning, integrating, and securing data from multiple sources [19]. Leading companies typically 
invest in centralized data platforms that enable consistent access while maintaining appropriate controls. They also 
establish clear data governance frameworks that address quality standards, ownership, privacy, and compliance 
requirements. 

Data quality remains a persistent challenge for many organizations. Common issues include incomplete records, 
inconsistent formats, and outdated information [20]. Companies that establish dedicated data quality teams and 
implement automated monitoring tools achieve better outcomes. They also recognize that data governance must 
balance control with accessibility, ensuring that data scientists and analysts can access the information they need while 
protecting sensitive data. 

4.2. Talent and Skills Development 

Successful AI integration requires a mix of technical, business, and interpersonal skills. Technical roles include data 
scientists, machine learning engineers, and data engineers. Business roles include product managers, domain experts, 
and change management specialists. Organizations also need "translators" who can bridge the gap between technical 
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and business perspectives, helping to identify high-value use cases and communicate AI capabilities in business terms 
[21, 22]. 

Most enterprises face significant talent challenges, including shortages of qualified data scientists and competition from 
technology companies offering higher compensation. Leading organizations address these challenges through multiple 
approaches: developing internal talent through training programs, partnering with universities and specialized firms, 
and creating attractive work environments for AI professionals [23]. They also focus on building cross functional teams 
that combine technical expertise with domain knowledge, recognizing that effective AI applications require both types 
of insight. 

4.3. Change Management and Culture 

Organizational culture significantly influences AI adoption outcomes. Research indicates that companies with data-
driven cultures achieve better results from their AI initiatives [24]. These cultures typically value evidence-based 
decision-making, encourage experimentation, and maintain healthy skepticism toward both human intuition and 
algorithmic recommendations. 

Effective change management strategies for AI implementation include; demonstrating early wins through pilot 
projects, involving end-users in the design process, providing appropriate training and support, and communicating 
how AI will affect roles and responsibilities [25]. Leading organizations also address concerns about job displacement 
by emphasizing how AI will augment rather than replace human capabilities, and by investing in reskilling programs 
for affected employees [26]. 

5. Governance and Ethical Considerations 

5.1. Governance Models 

Governance frameworks for AI decision-making systems must balance innovation with appropriate oversight. Effective 
models typically include clear policies regarding algorithm development, testing, deployment, monitoring, and updating 
[27]. They establish accountability mechanisms that specify who is responsible for decisions made with AI support. 
They also define processes for handling exceptions, overriding algorithmic recommendations, and reviewing system 
performance. 

Many organizations create dedicated AI ethics committees or review boards to evaluate high-risk applications [28]. 
These bodies typically include representatives from multiple disciplines, including technology, legal, ethics, and relevant 
business domains. They review proposed AI systems against established criteria, recommend modifications when 
necessary, and monitor deployed systems for unintended consequences. 

5.2. Ethical Frameworks 

Ethical considerations in enterprise AI applications encompass multiple dimensions: fairness, transparency, privacy, 
accountability, and alignment with organizational values [29]. Fairness concerns arise when AI systems might 
disadvantage certain groups or reinforce existing biases. Transparency issues involve the explainability of AI decisions 
and appropriate disclosure to affected parties. Privacy considerations include data collection practices, consent 
mechanisms, and protection against unauthorized access or use [30]. Leading organizations develop explicit ethical 
principles for AI development and deployment. These principles typically establish red lines (applications the 
organization will not pursue) and provide guidance for navigating complex tradeoffs.  

5.3. Regulatory Compliance 

The regulatory landscape for AI is evolving rapidly, with new frameworks emerging in multiple jurisdictions. The 
European Union's AI Act, for example, establishes risk based regulatory requirements for AI systems [31]. Organizations 
must navigate these evolving requirements while maintaining sufficient flexibility to adapt to new regulations. 

Compliance strategies typically include monitoring regulatory developments, conducting regular risk assessments, 
documenting design decisions and testing processes, and establishing clear procedures for addressing compliance 
issues [32]. Leading companies view regulatory compliance not merely as a constraint but as an opportunity to build 
trust with customers, employees, and other stakeholders. 
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6. Measuring Impact and ROI 

6.1. Performance Metrics 

Organizations use various metrics to evaluate AI's impact on decision-making. Technical metrics assess algorithm 
performance through measures like prediction accuracy, false positive rates, and processing speed [33]. Business 
metrics evaluate outcomes such as cost savings, revenue growth, customer satisfaction, and market share [34]. Process 
metrics examine how AI affects decision-making processes, including time to decision, consistency across similar cases, 
and the quality of supporting analysis [35]. 

Leading organizations develop balanced measurement frameworks that address both short-term results and long-term 
capability building [36]. They recognize that different stakeholders care about different metrics and tailor their 
reporting accordingly. They also acknowledge that some benefits, such as improved decision quality or organizational 
learning, may be difficult to quantify directly. 

6.2. ROI Calculation Approaches 

Calculating return on investment for AI initiatives presents significant challenges. Traditional ROI models often struggle 
to account for indirect benefits, option value, and network effects [37]. Organizations are experimenting with several 
approaches to address these challenges. Some use decision analysis techniques to quantify the value of improved 
decision quality [38]. Others employ real options frameworks to account for the future flexibility created by AI 
investments. 

Research suggests that successful organizations focus first on well-defined use cases with clear financial impact before 
pursuing more ambitious applications [39]. They also recognize that AI initiatives often deliver benefits beyond their 
initial scope, such as reusable data assets, transferable knowledge, and organizational capabilities that enable future 
innovations. 

6.3. Case Studies and Success Stories 

Numerous case studies demonstrate AI's potential impact on enterprise decision-making. In financial services, for 
example, banks use machine learning algorithms to improve credit risk assessment, reducing default rates while 
expanding access to underserved markets [40]. In healthcare, organizations employ AI to optimize resource allocation, 
improve diagnosis accuracy, and personalize treatment plans. In manufacturing, companies leverage AI for predictive 
maintenance, quality control, and supply chain optimization [41, 42]. 

These examples highlight common success patterns: starting with clear business objectives, ensuring data readiness 
before implementing sophisticated algorithms, combining AI with human expertise, and continuously refining models 
based on performance feedback [43]. They also demonstrate that significant value often comes not from AI technology 
itself but from its thoughtful integration with business processes and organizational capabilities. 

7. Future Directions and Emerging Trends 

7.1. Technical Advancements 

Several technical trends are reshaping enterprise AI applications. Advances in large language models are enabling more 
sophisticated natural language understanding and generation capabilities [44]. Multimodal AI systems that combine 
text, image, and other data types are opening new application possibilities [45]. Synthetic data generation techniques 
are helping organizations overcome data limitations. Edge computing is moving AI processing closer to data sources, 
enabling real-time applications with reduced latency [46, 47]. These advancements are expanding the scope of AI-
supported decisions. For example, large language models are enhancing creative processes like product development 
and marketing. Multimodal systems are improving complex decision scenarios that involve multiple information types, 
such as facilities management or event planning [48]. 

7.2. Organizational Evolution 

Organizations are evolving their approaches to AI integration as the technology matures. Early adopters are moving 
from centralized AI teams toward more distributed models where business units have greater autonomy in applying AI 
to their specific needs [49]. This evolution reflects growing AI literacy across organizations and the increasing 
embeddedness of AI in business processes. 
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Companies are also developing more sophisticated approaches to human-AI collaboration. These approaches recognize 
the complementary strengths of human and machine intelligence and design interaction models that maximize these 
complementarities [50]. For example, some organizations are implementing "human in the loop" systems that leverage 
AI for initial analysis but incorporate human judgment for final decisions or exception handling [51]. 

7.3. Emerging Challenges 

New challenges are emerging as AI becomes more integrated into enterprise decision-making. Explainability remains a 
significant concern, particularly for complex models like deep neural networks [52]. Organizations are investing in 
techniques to make AI decisions more transparent and understandable to stakeholders. Privacy preservation is growing 
in importance as regulations tighten and consumer awareness increases. Techniques like federated learning and 
differential privacy are enabling organizations to derive insights from sensitive data while minimizing privacy risks 
[53]. 

Model governance is becoming more complex as organizations deploy multiple AI systems that interact with each other 
[54]. Ensuring consistency, managing dependencies, and avoiding unintended consequences requires sophisticated 
governance frameworks. Sustainability considerations are also gaining prominence, with organizations examining the 
environmental impact of AI systems and seeking ways to reduce their carbon footprint [55].  

8. Conclusion 

The strategic integration of AI into enterprise decision-making represents both a significant opportunity and a complex 
challenge. Organizations that approach this integration thoughtfully addressing technical, organizational, and ethical 
dimensions are more likely to realize substantial benefits. The evidence suggests several key success factors: developing 
clear AI strategies aligned with business objectives, investing in robust data infrastructure, building cross-functional 
teams, establishing appropriate governance mechanisms, and creating cultures that balance data-driven decision-
making with human judgment. 

As AI capabilities continue to advance, the potential impact on enterprise decision-making will likely grow. 
Organizations that develop strong foundations now will be better positioned to leverage future innovations. However, 
realizing this potential requires moving beyond viewing AI as merely a technology initiative to recognizing it as a 
fundamental transformation in how enterprises make decisions and create value. 

Future research should examine how different organizational contexts affect AI integration outcomes, how to optimize 
human-AI collaboration models, and how to measure the long-term impact of AI on organizational performance and 
adaptability. Practitioners would benefit from more detailed guidance on implementing governance frameworks, 
developing AI talent, and designing effective change management strategies for AI initiatives.  
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