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Abstract 

Artificial Intelligence (AI) integration into strategic business decision-making has emerged as a 

transformative force, reshaping how organizations navigate complexity, uncertainty, and long-term 

planning. This systematic review critically examines the role of AI-driven predictive models in 

enhancing strategic decision-making accuracy, risk mitigation, responsiveness, and organizational 

alignment. By analyzing 105 peer-reviewed journal articles published between 2018 and 2023, the 

study provides a comprehensive synthesis of methodologies, applications, and emerging challenges 

surrounding the deployment of machine learning (ML) and deep learning (DL) techniques in 

strategic business analytics. The evidence demonstrates that predictive models—including Random 

Forest, Support Vector Machines (SVM), Gradient Boosting Machines (GBM), Convolutional Neural 

Networks (CNN), and Long Short-Term Memory (LSTM) networks—offer significant 

improvements in strategic forecasting across various domains such as customer behavior analysis, 

financial planning, supply chain optimization, market segmentation, and product innovation. The 

review reveals that AI tools empower organizations to transition from reactive to proactive decision-

making by leveraging real-time and historical data to identify patterns, predict outcomes, and 

simulate strategic scenarios. These capabilities facilitate more informed, agile, and evidence-based 

decisions, ultimately enhancing organizational performance and competitive positioning. However, 

the review also identifies persistent barriers to AI adoption in strategic contexts, particularly the 

black box dilemma—where the opacity of complex models undermines trust, interpretability, and 

accountability. The findings underscore the importance of leadership engagement, ethical AI 

governance, explainability frameworks (e.g., SHAP, LIME), and integrated operating models to 

ensure that AI systems align with strategic objectives and generate actionable value. Overall, this 

review contributes to the growing body of literature on AI’s strategic impact by mapping the current 

landscape of AI-enhanced decision-making, identifying key opportunities and obstacles, and 

offering insights for researchers, executives, and policymakers. It advocates for a holistic approach 

to AI integration that combines technical innovation with strategic foresight, organizational 

readiness, and responsible deployment practices, ultimately promoting more resilient and future-

oriented enterprises. 
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 INTRODUCTION 
Artificial Intelligence (AI) broadly refers to the simulation of human intelligence processes by 
computer systems, encompassing learning, reasoning, problem-solving, and decision-making 
capabilities (Tabesh, 2021). AI systems employ algorithms and extensive computational 
resources to identify patterns within large datasets, enabling automated predictive insights and 
optimized outcomes (Shank et al., 2019). At its core, AI integrates multiple sub-disciplines, 
including Machine Learning (ML), Deep Learning (DL), and neural networks, which collectively 
empower systems to execute tasks traditionally reliant upon human cognitive abilities. ML is a 
subset of AI that allows software to improve its performance through experience and exposure 
to data without being explicitly 
programmed for specific outcomes 
(Sheil, 1989). DL, another subset of ML, 
employs multi-layered artificial neural 
networks to handle complex patterns 
within vast data volumes, offering 
enhanced predictive accuracy (Simon, 
1995). Neural networks themselves are 
computational structures modeled 
loosely after the human brain, 
facilitating sophisticated data 
processing and predictive modeling 
tasks (Orsini, 1986). 
The international significance of AI 
integration into strategic business 
decision-making has accelerated due 
to its potential to enhance 
organizational competitiveness, 
operational efficiency, and market 
responsiveness. Businesses globally 
leverage AI-driven predictive models 
to forecast market trends, customer 
preferences, operational risks, and 
financial outcomes, thereby achieving 
substantial strategic advantages 
(Panch et al., 2018). The global market 
value of AI-related services reached 
approximately $95 billion in 2021 and 
is projected to continue growing 
substantially, reflecting widespread 
industry adoption and high 
expectations of economic value 
creation (Kaplan, 2022). Multinational corporations such as Amazon, Google, Alibaba, and IBM 
exemplify AI-driven organizational transformations, employing sophisticated predictive 
analytics to refine strategic initiatives, streamline operations, and enhance profitability (Joshi et 
al., 2019). Additionally, industries including finance, healthcare, retail, and manufacturing have 
increasingly adopted AI-driven predictive models to remain competitive, manage uncertainties, 
and optimize strategic outcomes (De Carlo et al., 2021). 
The application of predictive models, which utilize statistical, computational, or algorithmic 
methods to forecast future events based on historical data patterns, is integral to contemporary 
business strategies. Predictive modeling involves methodologies such as regression analysis, 

Figure 1:Key Components of Artificial Intelligence (AI) 

and Their Functional Descriptions 
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 classification algorithms, and neural networks to anticipate future trends and optimize decision-
making processes (Tabassi, 2023). Predictive analytics has become pivotal in enabling strategic 
foresight, particularly in dynamic market environments characterized by rapid technological 
change and fluctuating consumer demands (Huang & Rust, 2018). Scholars note that the 
integration of predictive modeling with strategic planning allows businesses to move from 
reactive postures towards proactive, evidence-based decision frameworks, significantly 
enhancing competitive positioning (von Krogh, 2018). Furthermore, predictive models enable 
organizations to allocate resources more effectively, anticipate market fluctuations, and identify 
emerging business opportunities and risks before they materialize (Suman, 2021). Moreover, 
Machine learning algorithms have emerged as crucial tools within predictive analytics, 
profoundly reshaping strategic decision-making across diverse sectors. Random Forest, Gradient 
Boosting, and Support Vector Machines (SVM) are among the most widely adopted ML 
algorithms, praised for their robustness, adaptability, and high predictive accuracy across 
applications including financial forecasting, market segmentation, and risk management (Tambe 
et al., 2019). Random Forest models, in particular, are valued for their ability to manage large 
datasets efficiently while providing accurate predictions through ensemble learning techniques 
(Yu et al., 2018). Gradient Boosting algorithms have also gained popularity due to their iterative 
error minimization strategy, which significantly enhances predictive performance in marketing 
analytics and customer retention strategies (Bawack et al., 2022). Likewise, SVMs excel in 
financial and credit risk prediction contexts, where accuracy and reliability are paramount, due 
to their strong generalization capabilities and ability to handle nonlinear relationships within 
data (Duan et al., 2019). 
Deep learning techniques, particularly Convolutional Neural Networks (CNN) and Long Short-
Term Memory (LSTM) networks, represent advanced approaches within predictive modeling, 
significantly advancing strategic insights and decision accuracy. CNNs, primarily known for 
their applications in image recognition and classification, have been effectively adapted to 
business contexts such as market trend analysis, consumer behavior prediction, and fraud 
detection, achieving remarkable predictive accuracy (Gallego-Gomez & De-Pablos-Heredero, 
2020). LSTM networks, on the other hand, specialize in capturing sequential dependencies and 
temporal patterns within data, making them particularly valuable for forecasting tasks involving 
time-series data, such as demand prediction, customer churn analysis, and financial forecasting 

(Garbuio & Lin, 2018). 
Empirical studies 
highlight that 
integrating CNN and 
LSTM models into 
strategic analytics 
significantly improves 
predictive accuracy, 
enhances decision 
confidence, and reduces 

operational 
uncertainties compared 
to traditional predictive 
approaches (Jarrahi, 
2018). 
The integration of AI in 
strategic decision-
making, while 
providing substantial 

Figure 2: Predictive Modeling Architecture Integrating CNN and LSTM 

for Enhanced Strategic Forecasting 
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 benefits, introduces complex organizational challenges, particularly regarding data quality, 
interpretability of AI models, and ethical considerations. Data quality remains a critical 
determinant of predictive model effectiveness, as inaccurate, incomplete, or biased data directly 
impacts model performance and reliability (Goralski & Tan, 2020). Furthermore, as predictive 
models grow increasingly sophisticated, the interpretability and transparency of AI-generated 
predictions become significant concerns for strategic decision-makers, who must justify decisions 
to stakeholders and ensure regulatory compliance (Canhoto & Clear, 2020). Ethical issues also 
arise prominently, particularly concerning algorithmic bias, privacy protection, and equitable 
treatment of stakeholders affected by predictive outcomes, demanding businesses to carefully 
navigate ethical dilemmas inherent in AI deployments (Surden, 2019). Addressing these ethical 
challenges requires robust governance frameworks and adherence to ethical AI guidelines, 
underscoring the necessity of responsible innovation in strategic AI applications (Haefner et al., 
2021). A significant observation from recent literature is the evident gap between technical AI 
capabilities and strategic alignment, indicating a need for practical frameworks that effectively 
integrate predictive analytics into strategic business contexts. Although many organizations 
possess advanced predictive tools, challenges persist in aligning predictive outcomes 
strategically with broader organizational goals, thereby limiting the full realization of AI’s 
strategic potential (Kitsios & Kamariotou, 2021). Researchers stress that achieving strategic 
alignment involves more than merely technological adoption; it requires complementary 
organizational capabilities, such as strategic leadership, cross-functional collaboration, and agile 
organizational structures conducive to data-driven decision-making. Additionally, organizations 
need coherent methodologies that integrate predictive analytics systematically into strategic 
processes, ensuring that AI-driven insights effectively translate into actionable and strategically 
valuable outcomes. Therefore, literature suggests that bridging this gap demands integrative 
frameworks that balance predictive accuracy, interpretability, and strategic relevance, ensuring 
AI-driven decision-making fully supports overarching strategic objectives (Di Vaio et al., 2020). 
The primary objective of this systematic review is to comprehensively examine how the 
integration of Artificial Intelligence (AI) enhances strategic business decision-making through 
predictive modeling. Specifically, this research aims to critically analyze existing predictive 
modeling methodologies, including Machine Learning (ML), Deep Learning (DL), and neural 
network-based approaches, used by businesses across various sectors to facilitate strategic 
decision processes. Through a rigorous synthesis of peer-reviewed articles published between 
2018 and 2023, this study seeks to identify which AI-driven predictive models demonstrate the 
highest effectiveness and accuracy in forecasting essential business outcomes such as market 
trends, consumer behaviors, financial risks, and operational performance metrics. Furthermore, 
the objective extends to investigating the underlying factors that influence the successful 
adoption and implementation of these predictive models within organizational strategic 
contexts. This includes analyzing how businesses leverage predictive analytics to improve 
decision-making accuracy, minimize risks, and enhance competitive advantage. Another 
significant objective of this research involves exploring the challenges businesses face during AI 
integration into strategic decision-making processes. The systematic review aims to identify and 
synthesize critical barriers and issues frequently reported in the literature, such as data quality 
management, interpretability and explainability of predictive models, and ethical considerations 
including algorithmic bias, transparency, and data privacy. By achieving this objective, the study 
intends to provide a clear understanding of how these challenges impact the effectiveness and 
strategic utility of AI-based predictive models. The research further aims to uncover best 
practices and proposed solutions documented in the reviewed literature, offering a practical 
roadmap for businesses looking to mitigate risks associated with AI implementation. 
Additionally, this research seeks to identify significant gaps within the existing body of 
knowledge, particularly concerning the practical integration frameworks aligning predictive 
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 modeling capabilities effectively with strategic business objectives. Addressing these gaps 
through the systematic review process will enable the provision of clear insights and actionable 
recommendations for future research in the domain of strategic AI integration and predictive 
analytics in business. 
LITERATURE REVIEW 
The purpose of this literature review is to provide a comprehensive synthesis of existing research 
regarding the integration of Artificial Intelligence (AI) into strategic business decision-making 
processes through predictive modeling. Strategic decision-making involves long-term, high-
stakes decisions that determine the direction and overall success of an organization, while 
predictive modeling refers to analytical methods that use historical data to predict future 
outcomes. This review explores scholarly contributions focusing on AI methodologies, including 
machine learning (ML), deep learning (DL), and neural network models, examining their role in 
shaping strategic decisions within diverse organizational contexts. Additionally, it evaluates 
current research on the effectiveness of AI-driven predictive analytics in enhancing decision 
accuracy, reducing risk and uncertainty, and identifying strategic opportunities. Furthermore, 
critical challenges concerning data management, model interpretability, ethical implications, and 
strategic alignment are discussed, providing insights into current limitations within this field. 
The following structured outline presents a detailed overview of key areas and sub-areas within 
this extensive literature review. 
Strategic Decision-Making 
Strategic decision-making constitutes a fundamental managerial activity involving the selection 
of long-term organizational directions, resource allocation, and response to competitive 
pressures (Rodriguez-Garcia et al., 2023). According to Dabrowski (2017), strategic decisions are 
characterized by complexity, uncertainty, ambiguity, and typically require substantial 
organizational resources and interdepartmental coordination. The classical approach to strategic 
decision-making relies heavily on rational choice models, suggesting managers systematically 
evaluate alternatives based on clear preferences, defined objectives, and comprehensive analysis 

of relevant information (Rodriguez-
Garcia et al., 2023). However, multiple 
studies highlight that real-world 

strategic decisions often deviate 
significantly from rational paradigms, 
influenced instead by cognitive biases, 
heuristic shortcuts, and bounded 
rationality (Pérez-Campuzano et al., 
2022).  Behavioral decision theory 
underscores that managers, when faced 
with complex and ambiguous strategic 
contexts, tend to rely on intuition, 
experience, and subjective judgment 
rather than purely rational calculations 
(L'Heureux et al., 2017). Consequently, 
strategic decision-making involves 
navigating both objective analysis and 
subjective managerial intuition to 
achieve optimal organizational outcomes 
(Schneider & Leyer, 2019). 
The effectiveness of strategic decision-
making significantly impacts 
organizational performance and 

Figure 3: Streamlined Strategic Decision-Making Framework 

for Enhanced Organizational Agility 
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 sustainability across diverse industries (Marquès et al., 2011). Empirical research demonstrates 
that effective strategic decisions directly correlate with improved financial performance, market 
positioning, innovation capability, and competitive advantage (Bouyssou & Pirlot, 2008). Trunk 
et al.(2020) emphasized that effective strategic decision processes are characterized by speed, 
quality of analysis, and adaptability to changing market environments. Additionally, Khan et al. 
(2020) reinforced that strategic decisions involving extensive stakeholder participation, rigorous 
analytical processes, and clearly articulated strategic objectives are more likely to achieve desired 
organizational outcomes. However, studies also caution that strategic decision effectiveness can 
be compromised by groupthink, excessive risk aversion, and overly hierarchical decision-making 
structures, emphasizing the importance of maintaining flexible, adaptive, and participatory 
decision-making frameworks within organizations (Pigozzi et al., 2015). Recent literature 
highlights that strategic decision-making increasingly integrates advanced analytical tools and 
methodologies, particularly predictive analytics and artificial intelligence (AI), to enhance 
accuracy, timeliness, and effectiveness of strategic decisions (Parry et al., 2016). Specifically, 
predictive analytics involves leveraging historical and real-time data through statistical models 
and machine learning algorithms to forecast future events and outcomes, thereby improving 
decision confidence and reducing uncertainties in strategic planning processes (Secinaro et al., 
2021). AI-driven predictive tools, such as machine learning algorithms and neural networks, 
facilitate strategic decisions by analyzing vast datasets with higher accuracy and speed compared 
to traditional methods. Studies indicate that organizations integrating these advanced analytical 
capabilities are better positioned to predict market trends, consumer preferences, operational 
risks, and financial performance, enabling them to proactively adapt strategies to market 
dynamics and competitive shifts (Parry et al., 2016; Secinaro et al., 2021). 
Predictive Analytics in Business 
Predictive analytics refers to the 
systematic application of statistical, 
computational, and machine learning 
techniques to historical data, aimed at 
identifying patterns and forecasting 
future outcomes that guide strategic 
business decisions (Islam & Helal, 
2018; Shynkevich et al., 2016). Over the 
past decade, predictive analytics has 
become an integral component of 
strategic planning processes in various 
industries, including finance, 
marketing, healthcare, and 
manufacturing, due to its ability to 
significantly enhance decision 
accuracy and organizational 
competitiveness (Ahmed et al., 2022; 
Khan et al., 2020). For example, in 
marketing, predictive analytics 
facilitates accurate customer 
segmentation, targeting, and 
personalization strategies, ultimately 
increasing customer engagement, 
loyalty, and profitability (Mahfuj et al., 
2022; Xing et al., 2016). Similarly, in 
finance and risk management contexts, predictive models such as credit scoring systems, fraud 

Figure 4: Predictive Analytics Life Cycle for Data-Driven 

Business Decision-Making 
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 detection algorithms, and investment forecasting tools are employed extensively to minimize 
financial risks and optimize portfolio management decisions (Calatayud et al., 2019; Majharul et 
al., 2022). Empirical studies indicate that businesses utilizing advanced predictive analytics 
capabilities report significant improvements in resource allocation efficiency, risk mitigation, and 
overall decision-making quality compared to traditional intuition-driven decision methods 
(Masud, 2022; Hossen & Atiqur, 2022; Kumar et al., 2022). Various methodological advancements 
in predictive analytics have been increasingly integrated into business practices, notably through 
machine learning (ML) and deep learning (DL) algorithms, due to their high predictive accuracy 
and ability to process large-scale data sets (Sohel et al., 2022). ML algorithms such as Random 
Forest, Support Vector Machines (SVM), and Gradient Boosting are among the most frequently 
adopted techniques, demonstrating robust predictive performance across multiple applications, 
including customer churn analysis, demand forecasting, and market trend identification (Arafat 
Bin et al., 2023; Secinaro et al., 2021). Deep learning approaches, particularly Long Short-Term 
Memory (LSTM) networks and Convolutional Neural Networks (CNNs), have further enhanced 
the predictive capabilities of businesses, particularly in handling complex sequential data 
patterns and unstructured data types (Chen, 2022; Chowdhury et al., 2023). Numerous studies 
highlight the superiority of DL techniques over traditional predictive methods in contexts such 
as sales forecasting, consumer behavior prediction, and real-time financial analytics (Khan et al., 
2020; Hossen et al., 2023). However, research also emphasizes the complexities associated with 
predictive analytics, particularly related to data quality management, interpretability of complex 
algorithms, and ethical considerations such as algorithmic bias, transparency, and data privacy, 
which businesses must address comprehensively to ensure effective and responsible 
implementation (Alam et al., 2023; Shynkevich et al., 2016). 
Theoretical Foundations 
Classical decision theory and rational choice models form foundational pillars within strategic 
decision-making literature. Rooted in economic rationality, classical decision theory posits that 
decision-makers systematically assess alternatives based on clearly defined preferences, explicit 
objectives, and complete information, ultimately selecting the option yielding the highest 
expected utility. Early proponents, such as von (Von Neumann & Morgenstern, 1947), argued 
that rational actors consistently choose optimal alternatives to maximize expected outcomes 
based on stable preferences and comprehensive information processing. This theoretical stance 
is underscored by structured analytical frameworks, including decision trees and payoff 
matrices, emphasizing objective evaluation, logical consistency, and rigorous assessment of 
outcomes (Kitchenham et al., 2009). Sharma et al. (2014) supported this viewpoint, identifying 
systematic analysis and formalized planning as key characteristics influencing decision 
effectiveness in organizational contexts. Similarly, Jacobides et al. (2018) found that adherence to 
rational and structured planning positively correlates with enhanced organizational 
performance, including profitability, growth, and strategic alignment. Consequently, classical 
decision theory and rational choice models emphasize disciplined, methodical, and logical 
processes as vital for achieving strategic effectiveness, particularly in highly structured, 
predictable environments (Simon, 1977). In contrast to the rational choice perspective, behavioral 
decision theory emphasizes psychological and cognitive dimensions inherent in strategic 
decision-making processes. Behavioral perspectives argue that decision-makers rarely have 
complete information, experience cognitive limitations, and often rely on heuristics and 
subjective judgment rather than objective analytical methods (Shollo & Galliers, 2015). Bounded 
rationality, introduced by Coakes et al. (1997) , highlights that strategic decisions occur under 
conditions of incomplete information, limited cognitive capacity, and environmental complexity, 
prompting decision-makers to use simplified mental models and satisficing strategies rather than 
optimal solutions. Mockler and Dologite (1991) prospect theory further underscores cognitive 
biases, framing effects, loss aversion, and reference dependence as critical psychological factors 
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 affecting strategic choices. Empirical studies demonstrate that managers routinely resort to 
intuitive decision-making, shaped by accumulated experiences, emotions, and cognitive biases, 
particularly when facing ambiguity and complexity (Coakes et al., 1997). These studies 
collectively suggest that strategic decisions are frequently influenced by intuitive reasoning, 
cognitive simplifications, and emotional assessments rather than solely logical deliberations. 
 

Figure 5: Theoretical framework 

 
 
 
 
 
 
 
 
 
 
 
 
Integrating classical and behavioral perspectives provides a more holistic understanding of 
strategic decision-making, highlighting the dynamic interplay between rational analytical 
methods and cognitive behavioral influences. Shollo and Galliers (2015) argued for balancing 
analytical rigor with managerial intuition, asserting that strategic decisions benefit from speed, 
flexibility, and adaptability within turbulent environments. Similarly, Sharma et al. (2014) 
suggested strategic decision-making involves both formal analytical frameworks and informal 
intuitive judgment processes, where decision-makers simultaneously utilize rational analysis to 
assess explicit alternatives and intuition to manage uncertainty and complexity. Empirical 
research by Sarin et al. (2020) reinforced this integrative approach, identifying that decision 
processes combining structured analytical methods and intuitive judgment yield superior 
outcomes in dynamic business contexts. Additionally, Mockler and Dologite (1991) underscored 
that strategic decision-making effectiveness is significantly enhanced by organizational learning 
capabilities, psychological safety, and openness to divergent perspectives, suggesting an 
integrated cognitive-behavioral model. Thus, synthesizing classical decision theories and 
behavioral cognitive perspectives offers richer explanatory frameworks, recognizing that 
strategic decision-making effectiveness emerges from a deliberate integration of rational analysis 
and cognitive intuition within complex, uncertain organizational environments (Fredström et al., 
2021). 
Artificial Intelligence Integration in Strategic Decision-Making 
The integration of Artificial Intelligence (AI) into strategic decision-making has emerged as a 
transformative shift in business analytics, offering organizations powerful tools to navigate 
complex environments with greater precision and efficiency. AI, characterized by its ability to 
simulate cognitive processes such as learning, reasoning, and problem-solving, has been 
increasingly deployed in strategic contexts to support data-driven insights, scenario planning, 
and forecasting (Na et al., 2022; Sarker et al., 2023). Strategic decisions, which typically involve 
long-term goals, high levels of uncertainty, and cross-functional implications, benefit from AI’s 
capability to process vast datasets and identify patterns that may elude human cognition (Bader 
& Kaiser, 2019; Shahan et al., 2023). For instance, Paschen et al. (2020) demonstrate how AI 
enhances decision-making speed and accuracy by automating routine analytical tasks and 
enabling predictive modeling in strategic planning. Firms such as Amazon, Google, and IBM 
have applied AI technologies to refine supply chain decisions, customer engagement strategies, 
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 and investment planning, yielding measurable performance improvements (Dwivedi et al., 2021; 
Siddiqui et al., 2023). AI-driven tools, particularly those based on machine learning (ML) and 
neural networks, are widely adopted to support strategic initiatives like market segmentation, 
financial risk assessment, and resource optimization (Siddiqui et al., 2023; Stone et al., 2020).  
 

Figure 6: Artificial Intelligence Integration in Strategic Decision-Making: A Process Flow 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Beyond operational efficiency, AI integration in strategic decision-making also facilitates 
enhanced strategic foresight and adaptability. AI systems such as decision support systems 
(DSS), intelligent agents, and reinforcement learning models contribute to higher-order decision-
making by simulating various strategic scenarios and providing recommendations based on real-
time data inputs (Di Vaio et al., 2020).  Surden (2019) suggests that predictive analytics powered 
by AI not only improves decision quality but also supports strategic agility by enabling 
organizations to respond proactively to market fluctuations. Moreover, empirical findings show 
that AI-augmented decisions often outperform human-only decisions in accuracy, particularly 
when applied in financial forecasting, demand planning, and innovation strategy (Canhoto & 
Clear, 2020). Goralski and Tan (2020)  highlight the positive impact of AI systems on strategic 
knowledge management and decision precision. However, literature also notes that the 
effectiveness of AI in strategic contexts is contingent upon data quality, system design, and 
organizational readiness to adopt AI insights within decision-making frameworks (Jarrahi, 2018). 
Machine Learning Techniques in Predictive Strategic Analytics 
Machine Learning (ML) techniques have become central to predictive analytics in strategic 
business decision-making, offering capabilities to analyze complex datasets, recognize patterns, 
and forecast future outcomes with high accuracy (Canhoto & Clear, 2020). ML involves 
algorithms that iteratively learn from data and improve performance over time without being 
explicitly programmed (Panch et al., 2018). Within strategic analytics, ML tools support a variety 
of decisions, including customer segmentation, demand forecasting, financial modeling, and 
market trend analysis (Reis et al., 2020). Among the most widely adopted ML techniques are 
Random Forest (RF), Support Vector Machines (SVM), Gradient Boosting Machines (GBM), and 
ensemble models, which have demonstrated effectiveness across industries such as retail, 
healthcare, banking, and manufacturing (Delen et al., 2013; Panch et al., 2018). Bohanec, Robnik-
Šikonja, et al. (2017) introduced XGBoost, a scalable and efficient gradient boosting framework, 
as a dominant method in predictive competitions and real-world applications due to its superior 
performance. The adoption of ML models has enabled firms to make more confident strategic 
choices by generating actionable insights from historical and real-time data (Bohanec, Borštnar, 
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 et al., 2017). 
Random Forest (RF) is particularly valued for its robustness, simplicity, and high predictive 
accuracy in strategic contexts. RF is an ensemble learning method that builds multiple decision 
trees and merges their results to improve prediction accuracy and reduce overfitting. In business 
analytics, RF has been effectively applied in credit risk assessment, fraud detection, and customer 
lifetime value prediction (Lee & Lim, 2021). Its capability to handle missing data, rank feature 
importance, and manage large unstructured datasets makes it suitable for strategic tasks that 
involve multidimensional decision variables (Tamang et al., 2021). For example, in marketing 
analytics, RF has been used to predict churn behavior and recommend retention strategies based 
on behavioral and demographic attributes (Li et al., 2020). Similarly, in strategic supply chain 

decisions, RF supports 
forecasting demand 
patterns, assessing supplier 
risk, and optimizing 
inventory levels (Singh & 
Tucker, 2017). These studies 
demonstrate that RF enables 
more reliable strategic 
forecasts by offering 
transparency and stability 
in outcomes, especially 
when strategic decisions are 
dependent on diverse and 
uncertain input factors. 
Support Vector Machines 
(SVM) have also gained 
prominence in strategic 
decision-making due to 
their ability to classify 
nonlinear data and detect 
outliers effectively (Lee & 
Shin, 2020). SVM models 
maximize the margin 
between decision 
boundaries and support 
robust classification even in 

high-dimensional data environments. In finance, SVMs are frequently applied to credit scoring, 
bankruptcy prediction, and fraud detection, with studies showing superior accuracy over 
traditional logistic regression models. In strategic marketing, SVM assists in identifying high-
value customer segments, predicting campaign responses, and guiding allocation of marketing 
resources (L'Heureux et al., 2017). Moreover, SVM has proven useful in operational risk 
management by accurately identifying abnormal trends and warning signs in supply chain data, 
contributing to more resilient strategic planning. However, researchers such as Jordan and 
Mitchell (2015) caution that SVM requires careful kernel selection and parameter tuning, which 
can be computationally intensive but necessary to achieve optimal predictive performance in 
strategic applications. 
Gradient Boosting Machines (GBM), including XGBoost and LightGBM, are increasingly utilized 
in predictive strategic analytics for their ability to improve prediction accuracy through iterative 
error reduction (Wang et al., 2020). These models build sequential decision trees, each correcting 
the errors of its predecessor, which results in highly refined and accurate predictions (Baryannis 

Figure 7: Machine Learning Techniques in Strategic Predictive 

Analytics: Key Steps and Applications 
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 et al., 2019). GBMs are widely used in strategic forecasting scenarios such as demand prediction, 
customer acquisition strategy, pricing optimization, and investment analysis (Xing et al., 2016). 
In customer relationship management (CRM), GBMs help predict customer churn and lifetime 
value, allowing firms to develop targeted retention strategies aligned with long-term strategic 
goals (Baryannis et al., 2019). GBMs have also been adopted in logistics and production planning 
to improve accuracy in forecasting product demand and resource utilization (Wang et al., 2020). 
Furthermore, comparative studies indicate that GBMs frequently outperform other ML methods 
in predictive accuracy, especially in complex decision contexts involving multiple input variables 
and nonlinear relationships (Jordan & Mitchell, 2015). These findings affirm the strategic value 
of gradient boosting methods in enabling informed, data-driven decisions across various sectors. 
Deep Learning and Neural Networks for Strategic Decision Support 
Deep learning (DL), a subfield of machine learning, has become a powerful approach in strategic 
decision-making, offering organizations enhanced capabilities to uncover complex patterns in 
large and unstructured datasets. At the core of deep learning are artificial neural networks 
(ANNs), which are computational models inspired by the human brain and capable of 
hierarchical learning across multiple layers. These models automatically extract features and 
learn abstract representations, making them ideal for strategic contexts where data may be highly 
dimensional, nonlinear, and context-sensitive (LeCun et al., 2015). Convolutional Neural 
Networks (CNNs), in particular, have proven valuable for image-based analytics, predictive 
maintenance, and financial data visualization in strategic planning (Xu et al., 2019). CNNs have 
been adapted to analyze customer sentiment, behavioral data, and fraud detection signals—

offering real-time intelligence that 
supports marketing strategies and 
risk management frameworks 
(Wu et al., 2020). These models are 
particularly effective in strategic 
environments that require 
automated decision support for 
interpreting large volumes of 
customer interactions or 
operational data across diverse 
platforms (Long, 2018). 
Long Short-Term Memory 
(LSTM) networks—another 
prominent DL architecture—are 
especially suited to time-series 
forecasting, an essential 
component of strategic decision 
support across industries such as 
retail, finance, and energy. Unlike 

traditional RNNs, LSTMs can learn long-term dependencies and patterns in sequential data 
without vanishing gradient problems, which makes them ideal for forecasting sales trends, 
inventory needs, and customer behaviors (Lismont et al., 2017). Studies have shown that LSTM 
models outperform traditional ARIMA and exponential smoothing models in accuracy, 
particularly for high-frequency and volatile datasets. Their integration into strategic planning 
systems has enabled firms to automate financial projections, align resource allocation with 
predicted demand, and enhance strategic agility through continuous updates from real-time 
data. Additionally, hybrid architectures combining LSTM with CNN or attention mechanisms 
further strengthen strategic applications such as fraud detection, market movement prediction, 
and supply chain optimization (Migliore & Chinta, 2017). However, literature consistently notes 

Figure 8: Deep Learning Architecture Selection for Strategic 

Decision-Making Based on Data Type 
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 the challenges in model interpretability, computational cost, and the necessity of high-quality 
labeled data, which must be managed effectively to maximize the strategic value of DL systems 
(Harlow, 2018). Nevertheless, the increasing integration of deep learning in enterprise decision 
support tools signifies its growing role in enhancing data-driven strategic decision-making in 
complex and competitive environments. 
Decision-Making Accuracy and Strategic Precision 
The integration of advanced data analytics, particularly artificial intelligence (AI) and predictive 
modeling, has significantly contributed to improving decision-making accuracy and strategic 
precision in contemporary business contexts. Decision-making accuracy refers to the degree to 
which decisions align with actual outcomes, while strategic precision involves the alignment of 
these decisions with long-term organizational goals and competitive positioning(Pietronudo et 
al., 2022). Accurate strategic decisions require timely, relevant, and well-structured information, 
which AI-driven predictive systems can provide through sophisticated data processing and 
learning capabilities. Empirical studies have shown that organizations leveraging predictive 
analytics exhibit superior decision-making performance by identifying underlying trends, 
anticipating changes in consumer behavior, and allocating resources with greater efficiency. For 
instance, in supply chain management, predictive models improve forecast accuracy, which in 
turn enhances inventory optimization and order fulfillment rates (Rodriguez-Garcia et al., 2023). 
Similarly, in customer relationship management, predictive analytics supports strategic 
segmentation, retention efforts, and lifetime value prediction, contributing to higher profitability 
and brand loyalty. 
Machine learning (ML) and deep learning (DL) techniques have emerged as critical enablers of 
decision-making precision by identifying complex, nonlinear relationships within data that 
traditional statistical methods often overlook (Vaccaro & Waldo, 2019). ML models such as 
Random Forest, Support Vector Machines, and Gradient Boosting are particularly effective in 
enhancing decision accuracy across functions like financial forecasting, fraud detection, and 
demand prediction. These algorithms utilize large volumes of structured and unstructured data 
to produce robust and adaptable models, allowing decision-makers to simulate different strategic 
scenarios and evaluate associated risks. For instance, Support Vector Machines have 
demonstrated higher accuracy than logistic regression in classification tasks related to credit risk 
and bankruptcy prediction, thereby enhancing the strategic reliability of financial decisions (Lee 
& Lim, 2021). Deep learning models such as Long Short-Term Memory (LSTM) networks further 
improve forecasting capabilities by capturing sequential patterns in time-series data, enabling 
organizations to anticipate market changes and align strategic actions accordingly. These 
technologies not only improve the precision of strategic predictions but also reduce human bias 
and variability inherent in intuitive decision-making approaches (Li et al., 2020). The literature 
also emphasizes the importance of contextual and organizational factors in achieving strategic 
precision through AI-driven decision-making. While algorithms provide the technical capability 
to enhance accuracy, the strategic relevance of these decisions depends on their integration into 
the broader business context, including organizational goals, competitive dynamics, and 
stakeholder priorities (Singh & Tucker, 2017). Research by Shrestha, Ben-Menahem, and von 
Krogh (2019) highlights that strategic decisions supported by AI are more effective when 
embedded within participatory structures that enable cross-functional collaboration and 
knowledge sharing. Additionally, transparency and interpretability of AI models are critical in 
ensuring that decision-makers trust and understand the outputs, which influences their 
willingness to act on them (Lee & Shin, 2020). L'Heureux et al. (2017) argue that strategic precision 
is not merely a function of algorithmic accuracy but also of strategic alignment—ensuring that 
insights generated from AI systems contribute meaningfully to business objectives. Furthermore, 
organizational agility, leadership commitment, and data-driven culture have been shown to 
moderate the effectiveness of predictive analytics in strategic decision-making (Jordan & 
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 Mitchell, 2015). As such, the convergence of technical capability and strategic context emerges as 
a decisive factor in achieving high levels of accuracy and precision in enterprise decision-making. 
Reduction of Uncertainty and Risk in Strategic Planning 
Uncertainty and risk are inherent characteristics of strategic planning, as decision-makers often 
operate with incomplete information, volatile market dynamics, and rapidly changing 
technological landscapes (Frishammar et al., 2011). Strategic uncertainty stems from 
unpredictability in external variables such as consumer behavior, regulatory shifts, and 
competitor actions, while risk refers to the measurable probability of adverse outcomes based on 
known factors (Marquis & Reitz, 1969). Traditionally, organizations have attempted to manage 
uncertainty through scenario planning, SWOT analysis, and sensitivity testing, yet these methods 
often fall short in highly dynamic environments (Styhre et al., 2010). Recent literature suggests 
that Artificial Intelligence (AI) and predictive analytics substantially enhance the ability to 
mitigate strategic uncertainty by offering data-driven insights that increase visibility into future 
conditions (Maghrabie et al., 2019). Predictive modeling, in particular, provides probabilistic 
estimates of future outcomes based on historical data, enabling more informed planning and 
timely interventions. For instance, organizations using machine learning-based forecasting tools 
have been able to reduce forecasting errors in inventory management and financial projections, 
thereby minimizing resource misallocations and operational disruptions (Smith, 2016) 
Machine learning (ML) and deep learning (DL) models are particularly effective in detecting 
emerging risks and modeling uncertainty in real-time, allowing organizations to respond 
proactively rather than reactively (Bogosian, 2017). Techniques such as Support Vector Machines, 
Random Forest, and Gradient Boosting have demonstrated superior capabilities in identifying 
early warning signals related to financial distress, supply chain disruptions, and customer churn. 
In strategic finance, these models have been used to predict credit risk and market volatility, 
enabling firms to hedge against potential losses and adjust investment strategies accordingly. 
Deep learning approaches such as Long Short-Term Memory (LSTM) networks have further 
enhanced risk mitigation strategies by accurately forecasting sequential patterns in sales, 
production, and economic indicators, contributing to improved strategic foresight. Additionally, 
AI-enabled decision support systems aggregate and analyze high-volume, high-velocity data 
from diverse sources—such as social media, transaction logs, and sensor networks—providing 
real-time situational awareness that sharpens risk perception and supports agile responses 
(Sydow, 2017). Studies also emphasize that interpretability and explainability of predictive 
models play a critical role in ensuring that risk-based decisions are transparent, auditable, and 
aligned with stakeholder expectations (Piscopo & Birattari, 2008). The convergence of predictive 
analytics and strategic risk management thus offers a robust framework for reducing uncertainty 
and enhancing organizational resilience in volatile business environments. 
Black Box Dilemma and Model Explainability 
The rapid advancement of Artificial Intelligence (AI) and Machine Learning (ML) in strategic 
decision-making has brought forth significant challenges, most notably the "black box" dilemma, 
where complex algorithms produce outputs that are difficult for human users to interpret or 
understand (Castelvecchi, 2016). This lack of transparency becomes critical in strategic contexts 
where high-stakes decisions require justification, traceability, and trust (Rai, 2019). Black box 
models, such as deep neural networks, ensemble methods, and support vector machines, are 
known for their superior predictive performance, yet their internal logic often remains opaque 
even to experts (Zednik, 2019). This opacity hinders the adoption of AI-driven tools in industries 
like finance, healthcare, and legal services, where decisions are subject to regulatory scrutiny and 
ethical obligations (Dahl, 2017). For instance, in credit risk assessment or fraud detection, 
stakeholders require clear explanations for decisions that may affect financial outcomes or 
individual rights (Castelvecchi, 2016). The literature underscores that without interpretability, 
decision-makers may hesitate to rely on AI outputs, thus undermining the value proposition of 
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 predictive analytics in strategic management (Guidotti et al., 2018). 
Explainability is now increasingly recognized as a necessary component of trustworthy AI 
systems, particularly in strategic planning where accountability and stakeholder confidence are 
essential (Zednik, 2019). Several model-agnostic explainability techniques have been developed 
to address the black box problem, including Local Interpretable Model-Agnostic Explanations 
(LIME), SHapley Additive exPlanations (SHAP), and Partial Dependence Plots (PDPs), which 
help visualize feature contributions and decision boundaries (Rai, 2019). These tools provide 
decision-makers with intuitive visual and textual outputs that enhance understanding without 
compromising model performance. For example, SHAP values allow business strategists to 
decompose individual predictions into additive contributions from input features, helping them 
understand how changes in variables like pricing, customer demographics, or market trends 
influence the model’s recommendation. In organizational contexts, explainability has been 
shown to increase decision confidence, facilitate collaboration between technical and non-
technical stakeholders, and support alignment between predictive insights and strategic goals. 
Moreover, studies emphasize that interpretable models foster ethical compliance and 
transparency, which are crucial in regulated sectors where AI decisions must be documented and 
auditable (Dahl, 2017).  
 

Figure 9: Addressing the Black Box Dilemma in Machine Learning: Balancing Predictive Power 

and Explainability 

 
 
Explainability thus bridges the gap between predictive accuracy and strategic utility, making 
complex models more usable and trustworthy within enterprise decision-making frameworks. 
Despite these advancements, literature also highlights a trade-off between model complexity and 
interpretability, raising concerns about the balance between accuracy and explainability in 
strategic analytics. While simpler models such as decision trees, linear regression, and logistic 
regression are inherently interpretable, they often lack the predictive power of deep learning or 
ensemble methods, especially in high-dimensional, nonlinear strategic environments (Dahl, 
2017). Consequently, researchers advocate for hybrid approaches that combine high-performing 
black box models with post-hoc interpretability techniques to maintain both accuracy and 
transparency (Castelvecchi, 2016). Others propose the development of inherently interpretable 
models that are designed with constraints to ensure transparency from the outset (Bohanec, 
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 Robnik-Šikonja, et al., 2017). In practical terms, organizational adoption of explainable AI (XAI) 
strategies depends not only on the technical feasibility of interpretation methods but also on 
governance policies, user education, and cultural readiness to engage with algorithmic outputs 
(Rai, 2019). The literature emphasizes the importance of involving end-users in model 
development, ensuring that explanations are contextually relevant, and aligning explainability 
efforts with strategic objectives (Meredith, 1993). As strategic decisions increasingly rely on AI-
driven systems, model explainability remains a critical dimension for operationalizing 
accountability, promoting stakeholder trust, and maximizing the actionable value of predictive 
analytics. 
Strategic Alignment in AI Context 
Strategic alignment refers to the degree of coherence between an organization’s information 
systems and its strategic objectives, ensuring that technological innovations such as Artificial 
Intelligence (AI) contribute directly to value creation and long-term competitiveness (Sawhney, 
1991). In the context of AI integration, strategic alignment becomes critical, as the mere adoption 
of advanced analytics and machine learning tools does not guarantee improved performance 
unless they are meaningfully embedded into the organization’s strategic framework (Isal et al., 
2016). Studies highlight that organizations with high levels of strategic alignment tend to 
experience more effective AI implementation, greater ROI, and enhanced decision-making 
capabilities (Stone et al., 2020).  
The alignment of AI capabilities with strategic goals requires active involvement of senior 
leadership, continuous communication between technical and business units, and the translation 
of predictive insights into actionable strategic initiatives. Empirical research indicates that when 
AI tools are integrated into key decision-making processes—such as forecasting, risk assessment, 
and resource planning—organizations achieve greater agility, responsiveness, and market 
competitiveness (Warner & 
Wäger, 2019). Moreover, 
alignment enables organizations 
to leverage AI not just as an 
operational tool, but as a 
strategic enabler capable of 
transforming business models 
and creating new value streams 
(Tallon & Pinsonneault, 2011). 
Establishing and maintaining 
strategic alignment in AI 
contexts involves more than 
technological integration; it 
requires organizational 
readiness, cultural adaptability, 
and governance frameworks 
that support the responsible use 
of AI (Fredrickson, 1984). 
Research by Holmlund et al., 
(2020) underscores that AI 
systems must be designed to fit 
the strategic priorities of the 
organization rather than 
imposing generalized or abstract intelligence models that lack contextual relevance. This includes 
tailoring predictive models to the organization's industry, size, market conditions, and regulatory 
requirements (Migliore & Chinta, 2017). Studies also emphasize the role of knowledge integration 

Figure 10: Strategic Alignment of AI with Business Objectives 
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 and cross-functional collaboration in achieving alignment, as strategic decisions increasingly 
depend on both technical expertise and domain-specific insight (Pinson et al., 1997; Migliore & 
Chinta, 2017). Organizations that invest in data literacy, cross-training, and inclusive governance 
structures are more likely to achieve congruence between AI capabilities and business strategy 
(Yin et al., 2020). Furthermore, strategic alignment enhances ethical compliance by ensuring that 
AI applications align with core organizational values, stakeholder expectations, and societal 
norms (Vogel & Güttel, 2012). As literature suggests, without strategic alignment, even the most 
advanced AI tools risk being underutilized or misapplied, leading to poor adoption rates, internal 
resistance, and strategic misfires (Kitsios & Kamariotou, 2016). Therefore, strategic alignment acts 
as the critical bridge between technical innovation and strategic impact, ensuring that AI 
functions not as an isolated system but as an integrated component of enterprise-wide strategic 
planning. 
METHOD 

This study followed the Preferred 
Reporting Items for Systematic 
Reviews and Meta-Analyses 
(PRISMA) guidelines to ensure a 
comprehensive, transparent, and 
replicable review process. The 
PRISMA framework provides a 
structured methodology for 
identifying, screening, evaluating, 
and including relevant literature, 
thereby enhancing the rigor and 
credibility of the systematic review. A 
total of 105 peer-reviewed journal 
articles were selected and reviewed 
through a four-stage process: 
identification, screening, eligibility 
assessment, and inclusion. 

Identification Stage 

In the identification stage, relevant 
literature was sourced from major 
academic databases including Scopus, 
Web of Science, IEEE Xplore, 
SpringerLink, ScienceDirect, and 
Google Scholar. The search strategy 
was developed using a combination of 
controlled vocabulary and Boolean 
operators (AND, OR, NOT) with 
keywords such as “Artificial 
Intelligence,” “Predictive Analytics,” 
“Strategic Decision-Making,” “Machine Learning,” and “Business Strategy.” The initial search 
resulted in 1,394 records. These records were exported into reference management software, and 
duplicates were removed, reducing the dataset to 1,025 unique articles. 

Screening Stage 

In the screening stage, the titles and abstracts of the remaining articles were independently 
reviewed by two researchers to assess their relevance to the core themes of AI integration and 
predictive modeling in strategic business contexts. Articles were excluded if they did not focus 
explicitly on AI or predictive analytics in a strategic decision-making framework or if they were 

Figure 11: Adopted PRISMA Methodology 
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 purely technical studies without managerial implications. After this stage, 357 articles were 
retained for full-text review. 

Eligibility Assessment 

During the eligibility assessment, each full-text article was evaluated against predetermined 
inclusion and exclusion criteria. Inclusion criteria involved empirical or theoretical studies 
published between 2018 and 2023, peer-reviewed status, English language, and a focus on AI or 
predictive models applied in strategic or organizational decision-making. Exclusion criteria ruled 
out conference proceedings, book chapters, editorials, and articles lacking methodological 
transparency. This rigorous review resulted in the exclusion of 252 articles, narrowing the final 
dataset to 105 articles that met all criteria. 

Inclusion stage  

The inclusion stage involved the final synthesis and extraction of data from the 105 eligible 
articles. A structured data extraction form was used to record information such as author(s), year 
of publication, country, industry focus, type of AI methodology employed, application domain 
(e.g., finance, marketing, operations), key findings, and reported limitations. The selected studies 
were then categorized into thematic clusters to identify patterns and gaps related to AI-driven 
predictive analytics in strategic decision-making. Throughout the process, discrepancies between 
reviewers were resolved through consensus and, when necessary, consultation with a third 
reviewer. This methodological rigor ensured that the review was grounded in validated scholarly 
contributions and provided a robust foundation for the subsequent analysis. 
FINDINGS 

One of the most significant findings of this systematic review is the strong evidence supporting 
the role of artificial intelligence-driven predictive models in enhancing decision-making accuracy 
across strategic functions. Out of the 105 reviewed articles, 91 studies explicitly emphasized that 
organizations that incorporate AI tools in strategic planning experience improved accuracy in 
forecasting customer behaviors, market dynamics, and operational performance. These studies 
collectively received over 8,600 citations, highlighting their influence in academic and 
professional discussions. The integration of predictive analytics allowed organizations to make 
data-informed decisions with a higher degree of precision, leading to reduced reliance on 
intuition and subjective judgment. In particular, firms implementing AI models reported 
enhanced clarity in identifying high-performing customer segments, developing tailored 
marketing campaigns, and projecting financial performance. The consistency of these outcomes 
across multiple industries underscores the broad applicability and effectiveness of AI in 
supporting accurate and high-stakes strategic decisions. 
Another major finding relates to the improvement in strategic responsiveness and risk mitigation 
achieved through predictive modeling. A total of 84 articles, accumulating more than 6,300 
citations, demonstrated how AI-enabled systems helped businesses reduce exposure to strategic 
uncertainties and manage risks more effectively. These articles showed that firms using machine 
learning algorithms and neural networks were able to identify emerging market trends and 
operational disruptions before they manifested into critical issues. Predictive tools were 
especially effective in detecting shifts in customer preferences, production anomalies, and 
financial vulnerabilities, allowing businesses to implement contingency strategies promptly. By 
forecasting risks and preparing for various scenarios, organizations were able to safeguard 
profitability, maintain customer trust, and navigate uncertainty with agility. The models 
employed—ranging from Random Forest and Gradient Boosting to Long Short-Term Memory 
networks—provided robust early-warning capabilities that traditional models failed to deliver. 
A third key finding concerns the application of machine learning models in financial forecasting 
and performance optimization. Among the 105 reviewed articles, 72 papers, with over 5,500 
combined citations, focused on the use of ML techniques in financial strategy. These studies 
demonstrated that machine learning algorithms substantially outperformed conventional 
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 econometric models in predicting stock prices, credit defaults, investment returns, and 
profitability margins. Organizations using Support Vector Machines, XGBoost, and hybrid 
ensemble models observed improvements in forecast accuracy and operational profitability. The 
predictive outputs enabled strategic financial planners to optimize asset allocations, evaluate 
investment risks, and devise more precise capital budgeting decisions. Moreover, the automated 
nature of AI-driven forecasting minimized human error, reduced bias, and offered scalable 
solutions across departments. The deployment of predictive financial models also empowered 
CFOs and finance teams to engage in scenario-based planning, stress testing, and portfolio 
optimization, which strengthened long-term financial sustainability. 

In the context of supply 
chain management and 
demand forecasting, 66 
of the reviewed studies, 
representing more than 
4,200 citations, 
confirmed that 
predictive analytics 
drastically improved 
operational visibility 
and supply chain 
resilience. Strategic 
planning based on AI 
outputs enabled firms 
to predict inventory 
needs, manage supplier 
risks, and optimize 
production schedules. 
Long Short-Term 
Memory models and 
Recurrent Neural 

Networks, for example, proved highly effective in time-series forecasting of consumer demand, 
reducing stockouts and overproduction. These AI models facilitated more responsive 
procurement strategies and reduced logistics costs by providing timely alerts on bottlenecks or 
supply shortages. Predictive insights also helped in identifying reliable suppliers, evaluating 
shipment risks, and forecasting price volatility in raw materials. In globalized and volatile supply 
environments, such capabilities have become essential for strategic planning, ensuring consistent 
product availability and customer satisfaction while reducing waste and inefficiencies. 
Another important finding is the role of AI in customer retention and churn prediction, which 
was addressed in 61 studies with over 4,800 citations. These studies reported that deep learning 
models such as Convolutional Neural Networks and LSTM networks effectively detected 
behavioral patterns associated with customer attrition. Predictive analytics allowed firms to 
implement proactive customer engagement strategies, such as personalized offers, loyalty 
programs, and targeted communications, which significantly reduced churn rates. Businesses 
operating in competitive markets, especially telecom, e-commerce, and financial services, used 
these models to anticipate when and why customers were likely to leave, enabling timely 
interventions. These strategic actions, powered by predictive modeling, not only improved 
retention but also optimized marketing expenditures by focusing resources on high-risk 
customers. The models’ ability to process vast datasets—including transaction logs, social media 
interactions, and customer service history—enhanced their effectiveness and made them integral 
to long-term customer relationship strategies. 

Figure 12: Summary of the findings for this study 
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 A notable pattern emerged from 58 studies, with a total of 4,000 citations, which explored how 
predictive analytics contributed to new product development and innovation strategy. These 
studies highlighted how AI models were used to analyze market trends, customer feedback, and 
competitor activities to guide R&D investments and product design. The application of sentiment 
analysis, clustering algorithms, and natural language processing tools allowed businesses to 
identify unmet customer needs and innovation gaps with remarkable accuracy. Organizations 
were able to simulate market responses to new products, estimate adoption rates, and evaluate 
the financial viability of development initiatives. Predictive modeling supported go-to-market 
strategies by identifying optimal launch windows, target demographics, and pricing structures. 
These capabilities not only improved innovation success rates but also reduced development 
costs by avoiding unproductive investments. By aligning R&D efforts with real-time market data, 
predictive analytics helped transform innovation from a speculative function to a strategically 
controlled process. 
Organizational performance outcomes were positively linked with predictive modeling across 
79 studies, cited over 6,900 times, which measured indicators such as revenue growth, cost 
reduction, operational efficiency, and market share. These studies found that organizations 
adopting AI in strategic planning consistently reported superior performance compared to peers 
relying on traditional decision-making methods. The use of predictive models enabled better 
alignment between resources and strategic priorities, facilitating effective goal tracking and 
performance measurement. Business units that embedded predictive analytics into their 
performance dashboards were able to monitor KPIs in real time, allowing for agile adjustments 
and continuous improvement. The predictive models also contributed to more informed hiring, 
training, and workforce planning decisions, indirectly enhancing human capital productivity. As 
a result, strategic decisions supported by predictive insights contributed to sustained 
organizational growth and competitiveness, particularly in data-intensive sectors like finance, 
logistics, and retail. Finally, a cross-cutting theme observed in 49 articles, with more than 3,500 
citations, was the challenge of strategic alignment and organizational adoption of AI-driven 
predictive models. These studies revealed that despite the technical strengths of AI, organizations 
often struggled to embed predictive analytics into strategic decision-making frameworks. Issues 
such as lack of interpretability, resistance to change, and poor cross-functional collaboration were 
cited as major barriers. The absence of explainable outputs from complex models hindered trust 
and uptake among non-technical decision-makers. Many organizations lacked the governance 
structures, leadership vision, or data maturity needed to translate model outputs into strategic 
action. Even when predictive insights were available, firms often failed to act on them due to 
internal silos or misalignment with corporate objectives. These findings emphasized that 
technological capability alone is insufficient; successful integration requires cultural readiness, 
strong communication channels, and leadership commitment to data-driven strategy. 
DISCUSSION 
The findings of this systematic review underscore the transformative impact of Artificial 
Intelligence (AI)-driven predictive modeling on strategic decision-making accuracy, a result 
strongly aligned with existing literature. Prior studies have emphasized the limitations of 
traditional decision-making methods, which rely heavily on intuition or historical trends and 
often fail in dynamic, data-saturated environments (Borch & Hartvigsen, 1991). The review's 
observation that 91 out of 105 studies validated enhanced forecasting and decision accuracy due 
to AI aligns with Trunk et al., (2020), who found that AI-based systems significantly reduced 
forecasting errors and improved strategic goal alignment. Furthermore, the present findings 
affirm the work of Dabrowski (2017), who highlighted that data-intensive decisions powered by 
algorithms outperform human intuition in accuracy and scalability. However, this review adds 
granularity by illustrating how sector-specific implementations—such as customer segmentation 
in marketing or risk profiling in finance—directly benefit from model-specific strengths like 

https://ijsir.org/index.php/IJSIR/index
https://doi.org/10.63125/s5skge53


 

20 
 

International Journal of Scientific Interdisciplinary Research 
Vol 4, No 01, March 2023 

https://doi.org/10.63125/s5skge53 
 

 Random Forest or Gradient Boosting. Thus, the review not only confirms prior research but 
advances it by detailing model-type relevance in varying strategic applications. 
In alignment with the foundational arguments of Huang and Rust (2020), the review further 
confirms that AI has become a cornerstone in managing strategic uncertainty and risk. The ability 
of predictive models to detect early warning signals in supply chains, financial operations, and 
customer churn is consistent with the observations made by Rodriguez-Garcia et al. (2023), who 
argued for AI's role in real-time scenario generation and responsive planning. What distinguishes 
this review is its comprehensive empirical grounding across 84 studies, which collectively 
validate the claim that firms using predictive analytics consistently achieve greater resilience in 
volatile environments. This complements the work of Meissner (2014), who suggested that 
reducing strategic uncertainty depends on foresight—something that AI increasingly delivers 
through real-time, data-driven insights. By comparing risk identification success rates across 
neural networks and ensemble methods, the review deepens the understanding of predictive 
performance variability across algorithm types, thereby providing a more nuanced perspective 
than earlier broad-based studies. 
Consistent with the literature by Trunk et al. (2020), the review’s focus on AI in financial strategy 
offers clear evidence that predictive models outperform conventional statistical tools in 
forecasting and investment planning. Specifically, the reviewed studies demonstrate how 
Support Vector Machines and hybrid ensemble models contribute to more accurate credit risk 
assessments, profitability forecasting, and capital allocation decisions. This reaffirms the 
conclusions of Orwig et al. (1997), who established that ML models offer better classification 
performance in bankruptcy prediction than logistic regression. Moreover, this review 
complements the insights of Yan et al. (2021), who emphasized the importance of predictive 
systems in improving real-time financial responsiveness. However, while earlier works largely 
framed these capabilities within operational contexts, the present study positions them as 
foundational to strategic financial planning. This elevation of AI’s role from support function to 
strategic driver marks a critical shift in scholarly understanding and provides a compelling 
argument for rethinking financial governance structures around predictive modeling 
capabilities. 
The integration of predictive analytics in supply chain planning has also been significantly 
advanced through this review. Prior studies by Kitsios and Kamariotou (2016) acknowledged the 
potential of data analytics to improve supply chain responsiveness and reduce bullwhip effects. 
The current findings substantiate and expand upon these assertions by showing that specific 
models—particularly LSTM and RNN—have excelled in demand forecasting and supplier risk 
analysis, as documented in 66 studies. Moreover, this review extends the findings of Vogel and 
Güttel (2012), which emphasized the role of AI in reducing operational inefficiencies, by detailing 
how predictive tools are also critical in preemptively identifying global logistics disruptions and 
material cost fluctuations. Unlike earlier research, which often treated supply chain analytics as 
an isolated function, the review integrates it into the broader discussion of strategic agility and 
resilience, emphasizing AI's contribution to sustainable and forward-looking supply chain 
strategies. 
Customer behavior prediction and retention have long been essential topics in AI and business 
strategy literature. The findings presented here echo and elaborate on those of Yin et al. (2020), 
who demonstrated that predictive analytics improve customer lifetime value assessments and 
retention strategies. The use of deep learning models such as CNN and LSTM, identified in 61 
studies, is especially relevant in enhancing churn prediction and targeted intervention. This 
confirms the conclusions drawn by Pinson and MoraÏtis (1997), who found machine learning-
based churn models to be significantly more precise than traditional classification methods. 
However, the current review distinguishes itself by focusing on strategic personalization enabled 
by predictive insights, showing how firms can align marketing initiatives with broader 
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 organizational goals. Furthermore, while previous studies focused predominantly on B2C 
contexts, this review presents evidence of similar effectiveness in B2B strategies, thereby 
broadening the scope of AI applications in customer relationship management and long-term 
strategic planning. 
Innovation strategy and new product development (NPD) have been increasingly supported by 
AI, a trend this review validates and details further. While prior works by Yan et al. (2021) and 
Vogel and Güttel (2012)  acknowledged AI’s role in product design and market testing, this 
review's synthesis of 58 studies reveals a more comprehensive role for predictive analytics in the 
full NPD lifecycle. The use of sentiment analysis, clustering algorithms, and natural language 
processing (NLP) tools to identify market gaps and simulate adoption scenarios provides strong 
evidence for a more intelligent innovation process. This aligns with the design thinking 
framework discussed by Stone et al. (2020), where user insights inform strategic development. 
However, this review highlights how AI accelerates and scales that insight, enabling real-time 
adaptation of innovation strategy. By embedding AI tools in innovation governance, 
organizations shift from reactive to proactive development models, reducing time-to-market and 
aligning innovation output with forecasted demand and strategic positioning. In addition, the 
issue of strategic alignment and organizational adoption of AI-driven predictive models builds 
on earlier challenges identified by Orsini (1986). While these foundational works explored IT-
business alignment, this review demonstrates that the same principles apply with even greater 
urgency to AI systems. The 49 studies analyzed reveal that adoption barriers persist—ranging 
from lack of model explainability to misalignment between technical outputs and strategic intent. 
These findings are supported by recent work from Stone et al. (2020) and Tallon and Pinsonneault 
(2011), who emphasized the need for transparent and explainable AI to foster cross-functional 
trust. This review advances the discourse by linking strategic misalignment not just to technology 
gaps, but to cultural and governance deficiencies that obstruct the operationalization of AI 
insights. Moreover, it validates Holmlund et al. (2020)’s call for interpretable models, especially 
in environments where accountability and regulatory compliance are integral to strategic 
outcomes. Thus, the findings strongly advocate for a multi-dimensional alignment strategy 
involving leadership vision, technical transparency, and strategic integration to fully realize the 
value of predictive modeling. 
CONCLUSION 

This systematic review consolidates and evaluates the integration of Artificial Intelligence (AI) 
and predictive modeling in strategic business decision-making across various industries, 
drawing evidence from 105 peer-reviewed studies. The findings reveal that AI-driven models 
significantly enhance decision-making accuracy, reduce uncertainty, and align predictive 
capabilities with long-term strategic objectives. Machine learning techniques such as Random 
Forest, Support Vector Machines, and Gradient Boosting, along with deep learning models like 
Long Short-Term Memory (LSTM) and Convolutional Neural Networks (CNN), have 
demonstrated substantial effectiveness in financial forecasting, supply chain optimization, 
customer retention, and innovation strategy. Furthermore, the review identifies model 
explainability and organizational alignment as critical success factors in AI adoption, 
highlighting persistent challenges related to the black box dilemma and cross-functional 
collaboration. While the performance benefits of AI are well-documented, the strategic utility of 
predictive analytics depends largely on how well these technologies are integrated into business 
planning, supported by leadership, and embedded within governance structures. Collectively, 
the review underscores the transformative potential of AI when its predictive power is 
strategically harnessed and responsibly applied, offering a foundational reference for scholars, 
practitioners, and policy-makers aiming to optimize data-driven strategic decision-making in an 
increasingly complex and competitive global environment.  
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