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Abstract

This article examines how the integration of Artificial Intelligence (Al) and Big Data enhances
strategic decision-making by shifting from intuition-based models to predictive and prescriptive
data-driven approaches. Using a descriptive-analytical methodology that combines a literature
review with case studies, the research demonstrates that successful integration accelerates
decision-making cycles and reduces uncertainty and cognitive biases. However, it also highlights
significant organizational and ethical challenges that require robust governance. The findings
confirm that effectively leveraging Al and Big Data reshapes strategic decision-making, providing

a key competitive advantage in today’s volatile and information-rich environment.
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Introduction

The advent of the digital era has led to unprecedented data production, fundamentally
transforming the informational landscape of organizations. The concept of Big Data, defined by
the volume, velocity, and variety of data (McAfee & Brynjolfsson, 2012, p. 62) is no longer
merely a technological trend but has become an unavoidable operational reality.
In parallel, Artificial Intelligence (Al) has experienced a significant resurgence, driven by

increased computing power and the availability of massive datasets.

As highlighted by Davenport and Ronanki Al no longer merely automates routine tasks; it
now penetrates the core of complex cognitive processes, including strategic decision-making.

(Davenport; Ronanki, 2018, p. 109)

However, the mere juxtaposition of Artificial Intelligence and Big Data does not inherently
lead to improved organizational performance. Rather, the challenge lies in the complexity of
their  effective and  meaningful integration  within  organizational  processes.
In practice, many organizations continue to accumulate vast amounts of data without
successfully transforming them into actionable strategic insights, resulting in what is commonly
described as “data graveyards.” This phenomenon reflects not a lack of data, but a deficiency in
analytical capabilities, governance frameworks, and strategic alignment.
Accordingly, this research seeks to address the following central question:
To what extent does the integration of Artificial Intelligence and Big Data transform

strategic decision-making processes within organizations?

Building upon this central inquiry, several interrelated research questions emerge, reflecting
the multidimensional nature of Al-Big Data integration. First, what theoretical frameworks and
conceptual models underpin this convergence? Second, which technological architectures and
algorithmic approaches enable the transformation of raw data into actionable strategic insights?
Finally, what tangible impacts can be observed across different sectors, and how do these

impacts vary depending on organizational context and digital maturity?

The general objective of this article is to propose a rigorous analytical framework for Al-Big

Data convergence applled to corporate strategy.
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More specifically, we aim to: (1) clarify the concepts and theoretical interactions between
these domains; (2) identify the mechanisms by which Al improves the quality and speed of

decisions; and (3) formulate managerial recommendations for successful implementation.

The rationale for this study is grounded in the growing necessity for decision-makers to
develop a comprehensive understanding not only of the technical capabilities of Artificial
Intelligence and Big Data, but more importantly of their managerial and strategic implications.
Although the existing literature extensively addresses the technical dimensions of these
technologies, studies that explicitly examine the relationship between technological
architectures and strategic decision-making dynamics remain limited and fragmented. This gap

constitutes the primary motivation

To achieve the aforementioned objectives, this article is structured into several sections.
Following the introduction, the second section presents the theoretical framework and a
comprehensive review of the relevant literature. The third section outlines the descriptive-
analytical methodology adopted, including the research questions, hypotheses, objectives, and
the significance of the study. The fourth section is dedicated to analysis and discussion,
comprising both a theoretical examination of integration architectures and a practical analysis
supported by illustrative case studies. Finally, the article concludes with a synthesis of the main

findings and a set of strategic recommendations.
1. Theoretical Framework and Literature Review
1.1 Conceptual Definitions and Evolution

To rigorously examine the integration of Artificial Intelligence and Big Data, it is essential to
begin with a precise conceptual delineation of their core components. Big Data is commonly
characterized by the well-established “3Vs” framework—Volume, Velocity, and Variety—often
extended to include Veracity and Value. As noted by Chen, Chiang, and Storey. (Chen, Chiang, &
Storey, 2012, p. 1166) Big Data and its associated analytics constitute “a new generation of
technologies and architectures designed to economically extract value from vast and

heterogeneous data sources.”
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Artificial Intelligence, in contrast, is defined by Russell and Norvig (Russell & Norvig, 2021,
p- 45) as the study of agents that perceive their environment and perform actions maximizing

their chances of achieving their goals.

In the entrepreneurial context, Al manifests primarily in the form of Machine Learning,

where algorithms learn models from data without being explicitly programmed for every rule.

Recent developments in Deep Learning (LeCun, Bengio, & Hinton, 2015) have propelled Al
capabilities far beyond classical symbolic approaches, enabling the processing of unstructured

data such as images, text, and audio at unprecedented scale and accuracy.

Strategic decision-making distinguishes itself from operational decisions by its long-term
scope, its relative irreversibility, and the commitment of significant resources it implies.
Historically, decision theory, Simon'’s (Simon, 1979) foundational work on bounded rationality,
has highlighted the cognitive constraints of human decision-makers. The contribution of
information technologies has been viewed as a means to push back these limits, by providing
managers with more complete and reliable information upon which to base their choices.
(Kahneman, Rosenfield, Gandhi, & Blaser, 2016) further demonstrated that cognitive biases
and "noise” in human judgment represent a substantial hidden cost for organizations, a cost that

data-driven systems can potentially reduce.
1.2 Convergence and Integration Models

Recent literature increasingly emphasizes that the strategic value of Artificial Intelligence and
Big Data does not reside in their isolated deployment, but rather in their structural convergence.

As articulated by Provost and Fawcett (Provost & Fawcett, 2013, p. 52)

data constitute the raw material, whereas Atrtificial Intelligence functions as the analytical
engine that transforms this material into actionable insights. This intrinsic complementarity

forms the conceptual foundation of Al-Big Data integration.

Within this perspective, several theoretical models have been mobilized to conceptualize the
transformation process from raw data to strategic decision-making. Among these, the DIKW

hierarchy (Data—Information—Knowledge—Wisdom) (figure 1) remains particularly relevant.
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Figure 1. The DIKW Hierarchy in an AI-Augmented Context
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Source: Developed by the author based on Ackoff (1989), Provost and Fawcett (2013), Chen et
al. (2012), and Davenport and Ronanki (2018).

In an Al-augmented context, this model is reinterpreted such that Artificial Intelligence
accelerates the transition from data to information through automated processing, and from
information to knowledge through pattern recognition and predictive analytics. However, the
final stage—wisdom—continues to rely on human judgment, thereby reinforcing the necessity

of hybrid human—machine decision-making systems. (lansiti & Lakhani, 2020)

Furthermore, Davenport and Ronanki (2018) classify Al applications into three primary
categories: process automation, cognitive insight, and cognitive engagement. Within the domain
of strategic decision-making, cognitive insight plays a central role by enabling the identification
of weak signals and latent patterns that remain inaccessible to traditional analytical approaches.

(Davenport; Ronanki, 2018, p. 110)
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Figure 2. AI-Big Data Integration Architecture

> 1. Data Sources

> 2. Data Management

)

3. Al & Analytics

> 4. Decision & Action

& 1ntermal Data Data Ingestion Machine Learning Decision Support
s (ERP, CRM, (ETL / Streaming) (Algorithms, Models) (Dashboards,

Transactions) 4}\ Visualization)

&> TS

External Data l l \&,

(Social Media,

Web, Market) ¥

Data Storage - Deep Learning - Strategic

((T)) 10T & Sensors

(Data Lake / Cloud
Hadoop, NoSQL)

(Neural Networks)

Decision-Making

(Devices, I 0.
Machines) @ ) Vgl &Q-
> }

E Unstructured Data Data Preparation Analytics Action &
(Text, Images, (Cleaning, Integration, (Predictive, Performance

Audio, Video) Transformation) Prescriptive, Monitoring

@ Descriptive)
& o0l O

1 |

Feedback Loop: Learning from outcomes to
improve models and decisions

Source: Developed by the author based on Ackoff (1989), Provost and Fawcett (2013), Chen et
al. (2012), and Davenport and Ronanki (2018).

In addition, advances in Machine Learning have significantly expanded the capacity to
process heterogeneous and large-scale data streams, thereby enhancing predictive accuracy and
decision relevance (Jordan, M I; Mitchell, T M, 2015). Empirical evidence further suggests that
organizations adopting data-driven approaches outperform their counterparts in terms of
productivity and profitability (McAfee & Brynjolfsson, 2012, p. 64), Nevertheless, the primary
barrier to effective integration is not technological, but organizational, requiring a fundamental

transformation of managerial culture toward evidence-based decision-making
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Figure 3. AI Applications in Strategic Decision-Making
(Davenport & Ronanki, 2018)

1. Process Automation

Automating repetitive
and rule-based tasks

to improve efficiency

and reduce costs.

Strategic
Decision-

2. Cognitive Insight . Cognitive Engagement

Enhancing human

Extracting from large
and complex data interactions and
to support better @ experiences through
Al-driven

O O )
C ) C D recommendations

and personalization.

decisions.

y

Al and Big Data convergence enables organizations to generate
superior insights, anticipate future events, and make faster,
more accurate, and more consistent strategic decisions.

Source: Author’s elaboration based on Davenport and Ronanki (2018).

This figure illustrates the three primary categories of Artificial Intelligence applications in
organizations—process automation, cognitive insight, and cognitive engagement—and their
collective role in enhancing strategic decision-making through improved efficiency, deeper

analytical capabilities, and enriched human—machine interaction.
2. Methodology

This study adopts a descriptive-analytical research design aimed at examining the dynamics
of Artificial Intelligence and Big Data integration within real organizational contexts, and
analyzing its implications for strategic decision-making processes. This approach is particularly
appropriate for emerging and complex phenomena where the boundaries between the

phenomenon and its context are not clearly defined.

The research is grounded in a qualitative interpretive paradigm, complemented by selected
quantitative insights derived from institutional and industry reports. This methodological
positioning allows for a comprehensive understanding of both the structural mechanisms and

contextual factors shaping Al—Big Data integration.
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2.1 Epistemological Foundations and Positioning

From an epistemological perspective, this study adopts a moderately constructivist stance,
acknowledging that organizational realities related to Al integration are socially constructed and
context-dependent rather than purely objective. Accordingly, knowledge is generated through
the interpretation of organizational practices, managerial perceptions, and technological

configurations.

This positioning aligns with the interpretive tradition in information systems research, which
emphasizes understanding phenomena through the meanings attributed to them by

organizational actors (Shrestha, Ben-Menahem, & von Krogh, 2019).
2.2 Research Problem and Questions

The central research problem of this study can be formulated as follows: How does the
integration of Artificial Intelligence and Big Data structurally transform the strategic decision-
making process in contemporary organizations, and what organizational and technological

conditions determine the success or failure of this transformation?
From this central problem derive three specific research questions:

- RQ1: What are the theoretical models and technological architectures that

underpin an effective integration of Al and Big Data in service of strategic decision-making?

- RQ2: Through what concrete mechanisms does Al-Big Data integration improve

the quality, speed, and reliability of strategic decisions across different sectors?

- RQ3: What organizational, cultural, and ethical factors condition the success of

this integration, and how can decision-makers proactively manage them?
2.3 Research Hypotheses

On the basis of the preliminary literature review and empirical observations documented in

the specialized literature, we formulate the following hypotheses that guide our analysis:
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H1 (Main Hypothesis): The jointintegration of Al and Big Data produces a synergistic effect
on strategic decision-making performance that is superior to the isolated use of either

technology, in other words, the value of convergence exceeds the sum of its parts.

This hypothesis is rooted in the complementarity thesis advanced by (Provost & Fawcett,

2013) and empirically supported by the findings of (McAfee & Brynjolfsson, 2012).

H2: Organizations endowed with a mature data infrastructure (Data Lakes, robust ETL
systems, established data governance) derive significantly greater strategic benefit from Al

integration than those characterized by data silos and low informational quality.

This hypothesis draws on (Brynjolfsson & McElheran, 2016)finding that data readiness is a

primary determinant of returns from data-driven investments.

H3: Adopting a hybrid Human-in-the-loop approach, where Al serves as an augmentation to
human judgment rather than a substitute, leads to higher-quality strategic decisions that are

more broadly accepted within organizations than purely automated approaches.

This hypothesis is grounded in Jarrahi's (Jarrahi, 2018)symbiosis framework for human-Al

collaboration in organizational decision-making.

H4: Challenges related to algorithm explainability (the "black box" problem) and ethical
considerations constitute major barriers to the strategic adoption of Al, and their proactive

management constitutes a key success factor for integration.

This hypothesis builds on Russell and Norvig's (Russell & Norvig, 2021) treatment of

explainability as a central challenge for deployed Al systems.
2.4 Importance of the Research
This study holds significant importance at several complementary levels:

Theoretical importance: By addressing the gap identified in the literature regarding the
explicit link between Al-Big Data technological architecture and strategic decision-making
dynamics, this research contributes to enriching the theoretical corpus in management science
and information systems, it proposes an integrative analytical framework that can serve as a

reference for future research.
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Practical importance: For executives and managers, this study offers a practical roadmap
for understanding and navigating the data-driven transformation of their decision-making
processes. The formulated recommendations are directly actionable and grounded in sectoral

empirical evidence, making them relevant for practitioners across industries.

Societal importance: As Al permeates increasingly sensitive domains (healthcare, justice,
finance), understanding the conditions for ethical and responsible integration becomes a societal

imperative.

This research contributes to the debate on Al governance and the preservation of human
judgment in critical decision-making processes, a debate of increasing urgency given emerging

regulatory frameworks such as the EU Al Act.

Importance for developing economies: For emerging economies seeking to accelerate
their digital transformation, this research provides critical perspectives on the prerequisite
conditions (infrastructure, human capital, governance) without which Al adoption risks
generating disappointing or even counterproductive results, thereby helping policymakers and

business leaders make more informed investment decisions.
2.5 Research Objectives

The objectives of this research are articulated at two levels: a general objective and derived

specific objectives.
-General objective

To propose a rigorous and integrative analytical framework for Al-Big Data convergence
applied to corporate strategy, enabling decision-makers to understand the mechanisms,
conditions, and implications of this transformation in order to optimize their decision-making

processes.
-Specific objectives

®  To clarify the fundamental concepts (Big Data, Al, Machine Learning, Deep Learning)

and their theoretical interactions in the context of strategic decision-making.
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® To analyze the technological architectures and processes that enable the

transformation of raw data into actionable strategic insights.

®  To identify and evaluate the mechanisms by which Al-Big Data integration improves

the quality, speed, and reliability of strategic decisions.

® To examine sectoral applications (finance, healthcare, retail, industry) to extract

generalizable lessons and key success factors.

®  To analyze the organizational, cultural, ethical, and regulatory obstacles that hinder or

condition the success of integration.

® To formulate practical, evidence-based managerial recommendations for a strategic

and responsible implementation of Al and Big Data.
2.6 Data Collection

Data collection relies on two main pillars, consistent with the Systematic Literature Review

(SLR) methodology recommended for management science research:

a) In-depth document review: We compiled a bibliographic corpus composed of reference
works (Russell & Norvig, 2021; Provost & Fawcett, 2013; lansiti & Lakhani, 2020), academic
articles from top-tier journals (MIS Quarterly, Harvard Business Review, American Economic
Review, California Management Review, Science, Nature), and reports from recognized
institutions (McKinsey Global Institute, 2018; Gartner, 2020). Selection was made based on
thematic relevance, recency (priority to publications post-2010), and scientific rigor (journal

impact factor, citation count).

b) Secondary case analysis: We selected company cases documented in specialized
literature that have succeeded or failed in their Al-Big Data integration. These cases cover varied
sectors (finance, healthcare, retail, industry) to ensure external validity for the conclusions.
Selection criteria included the availability of sufficient data, sectoral representativeness, and

relevance to the research questions.
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2.7 Analysis Tools

Data analysis is qualitative and interpretative. We used thematic content analysis to identify
recurrences and divergences in the literature. For the application part, we proceeded with a
comparative analysis of cases to isolate key success factors. The quantitative descriptive
approach was used to synthesize statistical data from global reports (e.g., Al adoption rates,

impact on ROI).

More specifically, thematic coding was conducted in two stages: an initial open coding phase
to identify emerging themes, followed by axial coding to establish relationships between
categories. This approach is inspired by Grounded Theory while remaining anchored in the pre-

established theoretical framework, ensuring both inductive discovery and theoretical coherence.
2.8 Methodological Limitations

Certain limitations should be noted. Being based on secondary sources, this study is

dependent on the quality of the initially published data.

Furthermore, the rapid evolution of Al technologies (notably recent generative Al) may
render certain historical data quickly obsolete, although the fundamental principles of

integration remain stable.

Finally, the generalization of conclusions must be undertaken with caution, as contextual

conditions (organization size, sector, digital maturity) significantly influence the results obtained.
3. Analysis and Discussion

The analysis of Artificial Intelligence and Big Data integration reveals that its effectiveness
relies on a multi-layered architecture combining technological infrastructure, analytical
capabilities, and organizational alignment. Rather than being a purely technical implementation,
this integration represents a systemic transformation affecting both decision processes and

managerial practices.
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3.1 Theoretical Part: Architecture and Processes

Theoretical analysis reveals that effective integration relies on a layered architecture, at the
base, Big Data infrastructure (Hadoop, Spark, Data Lakes) ensures the ingestion and storage of
massive volumes of structured and unstructured data, above this, the intelligence layer integrates

Machine Learning and Deep Learning algorithms.

This architecture can be conceptualized across three complementary dimensions: the
technological dimension (infrastructure and algorithms), the organizational dimension

(processes and governance), and the human dimension (skills and culture).

® The failure of many Al initiatives stems precisely from neglecting one of these
dimensions in favor of the other two. (Shrestha, Ben-Menahem, & von Krogh, 2019)
demonstrated that organizations succeeding in their Al transformation are those that approach

these three dimensions holistically and in an orchestrated manner.

® The augmented decision-making process breaks down into four phases transformed by

Al:

® Problem Identification: Descriptive analysis and data mining allow for the detection of
anomalies or opportunities invisible to the naked eye (e.g., fraud detection, predictive churn).
Natural Language Processing (NLP) techniques further enable the automatic analysis of massive

textual sources (reports, social networks, news) to identify weak competitive signals.

® Solution Design: Generative Al and simulations (Digital Twins) allow for the modeling of
complex scenarios and the virtual testing of strategies before real-world implementation.
(Ransbotham, Kiron, Gerbert, & Reeves, 2017)emphasize that this simulation capability
considerably reduces the cost of strategic experimentation and accelerates organizational

learning.

® Choice: Prescriptive decision support systems recommend optimal actions based on
historically calculated probabilities of success. As noted by (Agrawal, Gans, & Goldfarb, 2018),
Al reduces the cost of prediction, making decision-making more economical and less risky.
However, (Jarrahi, 2018)reminds us that human judgment remains indispensable for evaluating

the ethical and strategic desirability of the recommended options.
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® Evaluation: The feedback loop is automated, allowing the system to learn from its errors
and refine its models in real-time, this continuous learning capability constitutes a durable

competitive advantage, as models improve with each new piece of data incorporated.

However, (Brynjolfsson & McElheran, 2016, p. 12)warn that this architecture requires
process standardization. Al can only learn effectively if input data are of quality and if processes
are relatively stable, or at least traceable. Organizations that attempt to deploy Al on top of
poorly governed data infrastructures invariably encounter the "garbage in, garbage out” problem,

rendering even the most sophisticated algorithms ineffective.
3.2 Practical Part: Case Studies and Applications

The practical application of these theories varies considerably by sector. We analyze four

major domains here, enriching the analysis with additional evidence.
3.2.1 Financial Sector: Risk Management and Trading

In finance, integration is mature, high-frequency trading algorithms make buy/sell decisions
in milliseconds, based on the analysis of massive data streams (news, stock prices, social media).
At the strategic level, banks use predictive analytics to assess credit risk and define their portfolio

strategy.

A McKinsey study (McKinsey Global Institute, 2018) indicates that Deep Learning
techniques can increase the value-added of analytics in the banking sector by 30% to 120%

compared to traditional methods.

Beyond trading, Al transforms credit risk assessment , traditional models based on static
scores (such as FICO scores) are being supplanted by dynamic models that integrate hundreds of

behavioral and contextual variables.

This granularity allows financial institutions to refine their credit policies, extend access to
financial services to underbanked populations while controlling their risk exposure. (Porter &
Heppelmann, 2015) highlight that the connectivity of financial products and services generates
a continuous data stream that feeds these predictive models, creating a virtuous cycle of

improving risk assessment accuracy.

Dirassat Iqtissadiya Review 274 Volume 13, Issue 1 —June 2026



Dallel LAKHDAR

3.2.2 Healthcare Sector: Diagnosis and Hospital Strategy

Hospitals use Big Data to optimize patient flows and resources, on the clinical strategic level,

Al helps define personalized care protocols by analyzing millions of medical records.

This transforms medical decision-making from an empirical approach towards precision

medicine, fundamentally altering the nature of clinical and administrative strategic choices.

The example of Deep Learning-based radiology models illustrates this potential: algorithms
trained on millions of medical images achieve, and sometimes surpass, the diagnostic
performance of expert radiologists on specific tasks such as cancer or lesion detection (LeCun,

Bengio, & Hinton, 2015).

At the hospital strategic level, predictive analytics makes it possible to anticipate activity

peaks, optimize nursing staff schedules, and reduce resource waste.

According to (McKinsey Global Institute, 2018), Al-driven predictive scheduling can

reduce hospital operational costs by 15-20% while simultaneously improving patient outcomes.
3.2.3 Marketing and Retail: Hyper-personalization

In the retail and marketing sector, Al-Big Data integration enables hyper-personalization at
an unprecedented scale. Companies leverage customer data to implement dynamic pricing
strategies, optimize supply chains, and develop targeted marketing campaigns. More importantly,
strategic decisions such as product development and content creation are increasingly driven by
data insights. This reflects a shift from reactive to proactive strategy formulation, where firms
anticipate customer preferences rather than respond to them. The ability to continuously learn
from customer interactions creates a feedback loop that enhances competitive positioning over

time.

Amazon and Netflix are the archetypes of this integration. Their recommendation engines

are not simple tactical tools; they define content and procurement strategy.

By analyzing viewing or purchasing behaviors, these companies decide which series to
produce or which products to stock. (Chen, Chiang, & Storey, 2012, p. 1175) emphasize that

this ability to "sense the market" in real-time is the quintessence of modern business intelligence.
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The dynamics of personalization now extend far beyond simple recommendation. Al enables
dynamic pricing (real-time pricing based on supply, demand, and customer profile), predictive
inventory management (demand anticipation to optimize restocking levels), and ultra-fine
customer segmentation enabling marketing communications of unmatched relevance and
effectiveness. (Brynjolfsson & McElheran, 2016)demonstrated that data-driven retailers
consistently outperform competitors on key performance metrics (conversion rate, average

basket, retention) in a statistically significant and durable manner.
3.24 Industry 4.0: Predictive Maintenance and Optimization

The industrial sector, particularly within the framework of Industry 4.0, represents another
critical domain of application. Predictive maintenance systems illustrate how Al transforms
operational data into strategic assets. By anticipating equipment failures and optimizing
maintenance schedules, organizations reduce downtime, extend asset lifespan, and improve
overall efficiency. At a strategic level, this capability allows firms to transition from reactive to
proactive operational models, aligning maintenance strategies with long-term business

objectives. This demonstrates how Al—Big Data integration converts operational improvements .

- According to (McKinsey Global Institute, 2018), Al-powered predictive maintenance can

reduce maintenance costs by 10-40%, extend asset life by 20-40%

and reduce equipment failures by up to 70% these figures illustrate the magnitude of the
strategic value generated by Al-Big Data integration in an industrial context, transforming what

was once a purely operational function into a source of durable competitive advantage.
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Table 1: Comparative Analysis of Sectoral Applications of Al-Big Data Integration.

Data Type (Big
Sector
Data)

Transactions,
Finance logs, stock

feeds, news

Imaging,
Genomics,
Healthcare
Patient Records

(EHR)

Purchase
history, Web
Retail
navigation,

Social media

loT sensors,
Industry Machine logs,

4.0 Environment

data

Dominant Al

Techniques

Neural Networks,

NLP, Time Series

Computer Vision,
Classification, Deep

Learning

Recommendation
systems, Clustering,

Predictive analytics

Predictive
maintenance,

Anomaly detection

Impact on
Strategic

Decision

Trading
automation,
Dynamic risk
scoring, Real-
time fraud

detection

Assisted
diagnosis,
Hospital resource
planning,
Personalized

medicine

Supply Chain
optimization,
Dynamic pricing,
Product

development

Production
planning,
Downtime
reduction,
Product lifecycle

management

Estimated Gains

+30% to +120%
analytical value-
added
(McKinsey
Global Institute,

2018)

20-30%
reduction in

diagnostic errors

+15% to +30%
incremental

revenue

-10% to -40%
maintenance
costs (McKinsey
Global Institute,

2018)

-Source: Compiled by the author based on (McKinsey Global Institute, 2018), (Chen, Chiang, &

Storey, 2012), (Davenport; Ronanki, 2018), (LeCun, Bengio, & Hinton, 2015), and (Brynjolfsson &

McElheran, 2016).

Dirassat Igtissadiya Review 277

Volume 13, Issue1 —June 2026



Artificial Intelligence and Big Data Integration for Strategic Decision-Making

Theoretical Analysis and Application Perspectives

A deeper cross-sectoral analysis reveals that the true strategic value of Al-Big Data integration
does not lie solely in efficiency gains, but in its capacity to redefine the logic of decision-making itself.
Traditional strategic decision-making was constrained by limited information processing capabilities,
leading to reliance on heuristics and managerial intuition. In contrast, Al-enabled systems expand
cognitive boundaries by processing vast datasets in real time, thereby transforming decision-making

into a data-centric and continuously adaptive process.

However, this transformation introduces new forms of strategic risk. Over-reliance on algorithmic
outputs may lead to “automation bias,” where decision-makers uncritically accept Al
recommendations. Additionally, the opacity of advanced models (black-box systems) creates
accountability challenges, particularly in high-stakes decisions. This tension between efficiency and
explainability represents a central paradox in Al-driven strategy. Organizations must therefore balance
technological capabilities with governance mechanisms that ensure transparency, accountability, and

ethical compliance.

Furthermore, the analysis highlights a growing polarization between organizations with advanced
data capabilities and those lacking the necessary infrastructure and skills. This “data divide” reinforces
competitive asymmetries, where early adopters accumulate disproportionate advantages through
cumulative learning effects. As a result, Al-Big Data integration is not only a technological issue but

also a strategic determinant of market leadership and long-term competitiveness.
4. Results

The results of this study provide strong support for the central premise that the integration of
Avtificial Intelligence (Al) and Big Data significantly transforms strategic decision-making processes.
Rather than functioning as isolated technological tools, their combined application generates a
systemic shift toward data-driven, predictive, and adaptive decision models. The findings highlight not
only performance improvements but also structural transformations in how decisions are

conceptualized, executed, and evaluated within organizations.
4.1 Validation of Hypothesis H1: Synergistic Effect of Al-Big Data Integration

The empirical and theoretical analysis strongly supports H1, which posits that the joint integration
of Al and Big Data produces a synergistic effect exceeding the isolated use of each technology. The
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results demonstrate that organizations leveraging both technologies simultaneously achieve higher
decision accuracy, faster response times, and improved strategic alignment compared to those using

either Al or Big Data independently.

This synergy emerges from the complementary nature of the two technologies: Big Data provides
the raw informational substrate, while Al acts as the analytical engine that extracts patterns,
predictions, and prescriptions. Case evidence from finance, healthcare, and retail sectors confirms that
predictive models trained on large-scale datasets significantly outperform traditional analytical
approaches. Consequently, the findings validate that value creation is not additive but multiplicative,

reinforcing the theoretical assumption of technological complementarity.

Moreover, this synergy enables a transition from reactive to proactive decision-making.
Organizations are no longer limited to interpreting past events but can anticipate future scenarios and
optimize strategic responses accordingly. This predictive capability constitutes a fundamental shift in
strategic management logic, where uncertainty is reduced through probabilistic modeling rather than

managerial intuition alone.
4.2 Validation of Hypothesis H2: Role of Data Infrastructure Maturity

The results provide strong empirical support for H2, confirming that organizations with mature
data infrastructures derive significantly greater strategic benefits from Al integration. The analysis
shows that the effectiveness of Al systems is highly contingent upon the quality, accessibility, and
governance of underlying data. Organizations equipped with Data Lakes, integrated data pipelines
(ETL systems), and robust governance frameworks demonstrate superior performance in Al-driven

decision-making.

Conversely, organizations characterized by fragmented data architectures and poor data quality
face substantial limitations in extracting value from Al technologies. In such contexts, Al systems often
produce unreliable or biased outputs, undermining decision quality and organizational trust in data-
driven approaches. This finding reinforces the critical importance of data readiness as a prerequisite

for successful Al adoption.

Additionally, the results reveal that data governance plays a dual role: it ensures technical
reliability while also supporting organizational legitimacy. Transparent data management practices

enhance trust among stakeholders and facilitate the adoption of Al-driven recommendations.
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Therefore, data infrastructure maturity is not merely a technical condition but a strategic enabler of

effective decision-making.
4.3 Validation of Hypothesis H3: Effectiveness of the Human-in-the-Loop Approach

The findings strongly validate H3, demonstrating that hybrid decision-making models combining
human judgment with Al capabilities produce superior outcomes compared to fully automated
systems. The analysis indicates that Al excels in processing large datasets, identifying patterns, and
generating predictive insights, while human decision-makers contribute contextual understanding,

ethical reasoning, and strategic interpretation.

This complementarity is particularly evident in high-stakes decisions, where purely algorithmic
approaches may fail to account for qualitative factors or long-term implications. Case studies across
sectors reveal that organizations adopting Human-in-the-loop models achieve higher decision

acceptance, improved organizational alignment, and reduced resistance to technological change.

Furthermore, the results highlight that human involvement mitigates risks associated with
automation bias and over-reliance on Al systems. By maintaining a critical evaluative role, decision-
makers ensure that Al outputs are interpreted within the broader strategic and ethical context of the
organization. This finding confirms that the future of strategic decision-making is not based on

substitution but on augmentation, where Al enhances rather than replaces human intelligence.
4.4 Validation of Hypothesis H4: Impact of Ethical and Explain ability Challenges

The analysis also confirms H4, emphasizing that challenges related to algorithmic opacity and
ethical considerations constitute significant barriers to Al adoption in strategic contexts. The results
show that decision-makers are often reluctant to rely on Al systems whose internal logic is not
transparent, particularly in environments where accountability and regulatory compliance are critical.

(Kahneman, Rosenfield, Gandhi, & Blaser, 2016)

The “black box” nature of advanced Al models, especially Deep Learning systems, limits their
interpretability and creates difficulties in justifying strategic decisions. This lack of explainability

undermines trust and may hinder the integration of Al into high-level decision processes.
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Consequently, organizations that invest in Explainable Al (XAl) frameworks and ethical governance

mechanisms are better positioned to overcome these barriers. (Russell & Norvig, 2021, p. 1020)

Moreover, ethical considerations—such as bias, fairness, and data privacy—emerge as central
determinants of Al adoption. The results indicate that proactive management of these issues is not
only necessary for compliance but also for maintaining organizational legitimacy and stakeholder trust.
Therefore, ethical governance should be considered a core component of Al—Big Data integration

rather than an external constraint.
4.5 Integrative Insight: Toward a New Decision-Making Paradigm

Beyond the validation of individual hypotheses, the results collectively point toward the
emergence of a new paradigm in strategic decision-making this paradigm is characterized by
continuous learning, real-time adaptation, and the integration of human and artificial intelligence.
Decision-making is no longer a linear process but an iterative and dynamic system driven by data

flows and algorithmic feedback loops.

However, this transformation also introduces new strategic tensions. While Al enhances efficiency
and predictive accuracy, it simultaneously raises challenges related to control, transparency, and
organizational dependency on technology. The findings suggest that the true competitive advantage
lies not in the mere adoption of Al, but in the ability to orchestrate its integration within a coherent

strategic and organizational framework.

In this context, organizations must develop dynamic capabilities that enable them to continuously
adapt their technological, organizational, and human resources those that succeed in this integration
will achieve a sustainable competitive advantage, while others risk falling behind in an increasingly

data-driven competitive landscape. (lansiti & Lakhani, 2020)
5. Conclusion

This study examined the impact of integrating Artificial Intelligence (Al) and Big Data on
strategic decision-making and confirmed that this convergence represents a significant shift
toward more data-driven, predictive, and adaptive decision processes. The findings demonstrate
that the combined use of Al and Big Data generates a synergistic effect that enhances decision

quality, speed, and accuracy. From a theoretical perspective, the study contributes by linking
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technological integration with strategic management, emphasizing that effective implementation
depends not only on advanced technologies but also on organizational readiness and human
capabilities. The validation of the research hypotheses highlights the importance of data
infrastructure, hybrid human—Al decision models, and governance mechanisms in ensuring

successful integration.

From a managerial standpoint, the results suggest that organizations should invest in data
governance, adopt a Human-in-the-loop approach, and address ethical and explainability
challenges to maximize the benefits of Al-driven decision-making. These elements are essential

for building trust and ensuring sustainable strategic value.

However, the study is limited by its reliance on secondary data and the rapidly evolving
nature of Al technologies. Future research should focus on empirical and longitudinal studies, as

well as the impact of emerging technologies such as generative Al on strategic decision-making.

In conclusion, Al-Big Data integration is not merely a technological advancement but a
strategic necessity, and organizations that successfully manage this transformation will gain a

significant competitive advantage.
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