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Abstract:

In the era of the Fourth Industrial Revolution, this study explores how artificial intelligence is
progressively emerging as a strategic lever within corporate decision-making processes. Through a
literature review and a comparative case analysis (Amazon, Unilever, IBM Watson Health, Target),
the research traces the shift from traditional hierarchical models to automated systems based on
advanced data analysis. The results highlight five functional types of decision-making Al
(predictive, descriptive, generative, reactive, prescriptive), emphasizing their contributions in terms
of accuracy, speed, and objectivity, while also addressing limitations related to data quality,
algorithmic opacity, and organizational resistance. The study recommends a multidimensional
governance framework encompassing organizational, ethical, and technical dimensions as a critical
condition to fully harness the benefits of Al while effectively managing its risks.
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I. Introduction

The digital transformation of enterprises, which constitutes a logical continuation of
the fourth industrial revolution marked by the democratization of artificial intelligence
technologies, represents one of the most significant economic phenomena of the 21st
century, profoundly transforming the managerial practices of organizations and challenging
the difficulties of apprehending and anticipating the immense flow of available information
and the speed of disruption and acceleration of innovation. (Schwab 2017) challenges
classical decision models as already anticipated by (Simon 1997) highlighting their
traditional limitations characterized by time constraints, availability of relevant information
in addition to limited rationality due to cognitive biases of decision-makers (Kahneman
2011). This complex and often poorly structured nature of decision-making processes in
enterprises has been the subject of sustained attention since the pioneering work of Simon
(1997).

Decision-making in enterprises constitutes a complex process involving several
parameters beginning with problem identification, data collection, their processing, and
after generating alternatives, choosing an optimal solution.

A process that aims to be rational and governed with unquestionable rigor but which
has been challenged in recent years due to the fact that decision-makers themselves are
subject to cognitive constraints, hence the need to adopt new intelligent technological tools
that can constitute a considerably important asset in the advanced processing of the
immense volume of data in an efficient decision-making process.

Based on this principle, artificial intelligence offers unprecedented perspectives that
far exceed the limits of the classical decision-making process thanks to its capacity for rapid
and precise processing of immense volumes of data as well as generating increasingly
accurate predictions and structuring data in a way that offers personalized information as in
the health sector for more informed and effective decision-making, and many other
advantages that can optimize decision-making in an approach that offers multiple forms of
human-machine collaboration (Wilson and Dougherty, 2018).

All these elements combined force the necessity of integrating artificial intelligence
into the decision-making process of enterprises. However, it is imperative to raise the
numerous challenges of this integration such as organizational changes, data quality, ethical
responsibility, and resistance to change.

In this context, the objective of this article is to shed light on the issues related to the
integration of artificial intelligence in the enterprise decision-making process, emphasizing
the advantages linked to this integration as well as the challenges that the enterprise must
face when adopting this extraordinary technology, also to analyze certain companies known
worldwide that have already integrated artificial intelligence into their enterprises.

More specifically, we will try to answer the following research questions :
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Q1 : To what extent is the transition from the classical decision-making process to the
integration of artificial intelligence within the enterprise necessary ?

Q2 : What are the advantages and challenges that the enterprise should face when
integrating artificial intelligence into its decision-making process ?

Q3 : What are the key success factors for artificial intelligence integration in the decision-
making process?

To answer these questions, we adopt a methodological approach combining a literature
review and the analysis of cases of companies that have integrated artificial intelligence into
their decision-making process. This approach will allow us to highlight the key success and
failure factors of this Al integration. This practice will be structured as follows :

First, we will highlight the necessity of adopting artificial intelligence as a new
supporting technology in contemporary enterprises through the comparison of classical
decision-making and contemporary decision-making with new technologies through the
review of the evolution of the decision-making process from the classical approach to that
of digital transformation, then address the conceptual framework of decision-making
artificial intelligence and the challenges of integrating this technology into the enterprise
decision-making process, and finally highlight the advantages, limitations, and challenges
that enterprises integrating Al into their decision-making process will face with illustrations
of companies that have integrated it successfully and those that have failed.

1. Evolution of Enterprise Decision-Making Processes from the Classical Approach
to the Era of Artificial Intelligence

The decision-making process has undergone a radical transformation through the shift from
the traditional era to the digital one.

1.1. Traditional Decision-Making Process
To highlight the transformation of the decision-making process, it is essential to review its
underlying architecture as well as the traditional tools previously employed.

1.1.1. Architecture of Classical Decision-Making Models

The organizational model of the traditional decision process in enterprises generally
follows a bureaucratic pyramidal architecture (Simon 1958 in "Organizations"), following a
hierarchical and sequential model based on this rigid architecture where decision-making is
concentrated at the top of the hierarchy, thus favoring the transmission of aggregated
information from manually grouped samples limiting the volume of analyzed data and
leading to information loss linked to filtering obeying a monthly or even quarterly cycle
processing with significant delays that impose certain structural inertia interpreted by the
heaviness of procedures and validation during filtering, thus limiting rapid response to
changes in the competitive environment (Ackoff 1965, in "Corporate Strategy").
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As for analytical capacity, which is generally limited to structured data and classical
performance indicators, as well as obedience to the cognitive process of decision-makers,
which relies essentially on their managerial intuition and experience accumulated over the
years, exposes organizations to systematic cognitive bias identified by (Kahneman and
Tversky in 1974. In their article "Judgment under uncertainty: Heuristics and Biases"
published in Science) "bias" which includes anchoring on the first information received,
pushing decision-makers to overconfidence in their own judgment rather than seeking
contradictory information.

The decision-making process generally follows a rational sequential model as
proposed by Simon in 1960. Understanding four phases : problem identification, search for
alternatives, evaluation of options, and finally the choice of an optimal solution.

A linear approach that, although logical, is inadequate to the complexity of problems
that decision-makers face in reality.

1.1.2. Traditional Analysis Tools and Methods

The analytical processing of data relies mainly on descriptive statistical tools,
standardized periodic reports, and traditional accounting methods ; the dashboard is limited
to classical financial indicators. These tools developed at the beginning of the 20th century
give a mechanistic vision of the enterprise where performance measurement is based on
simple and classical quantitative criteria.

Predictive analysis relies on the extrapolation of historical data toward a linear trend
that limits their analysis, making it difficult to anticipate sectoral changes and competitive
disruptions, which can be perceived as one of the major causes of enterprise failure in the
face of disruptive innovations.Information systems are characterized by data fragmentation
with functional orientation, where each department creates its own "informational silos,"”
which is structured transversally in service of the organization. This informational
structuring considerably limits the capacity for analysis and inter-dimensional
understanding of activity.

Decision-making in a classical process is traditional, occurring in relatively long
temporal cycles, limiting reactivity to market changes due to the heaviness of validation
processes linked to operational data filtering that vertical circulation often generates
significant delays and risks of data deformation during their progressive transmission
through hierarchical levels.

1.2. Contemporary Enterprise Decision-Making Process with the Emergence of New
Technologies

Since the beginning of the 21st century, the economic environment has experienced
growing complexity, and the rise of Big Data has modified the modalities of decision-
making in contemporary enterprises.
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1.2.1. Revolution of Informational Architecture

The advent of digital technologies has radically transformed the informational
architecture of organizations, as demonstrated by (McAfee and Brynjolfsson in 2012 in
"Big Data, the Management Revolution,” published in Harvard Business Review) a
transformation that relies on the democratization of access to information to favor more
distributed and collaborative decision-making through digital platforms.

Information spreads horizontally and transversally in the organization, no longer
exclusively through vertical hierarchical channels ; these collaborative digital platforms and
communication tools have profoundly modified the modalities of information circulation,
favoring more distributed and collaborative decision-making.

Also, integrated information systems (ERP) revolutionize the availability and quality
of managerial information, offering a unified and real-time vision of operations, thus
breaking traditional "functional silos." Internet of Things (IoT) technologies reflect a new
dimension of data collection, thus creating unprecedented precision in understanding
organizational performance through intelligent sensors that generate real-time data flows,
allowing continuous and automated monitoring of operational processes. This
transformation creates new opportunities for optimization and innovation. (Porter and
Heppelmann 2014 in "How smart connected products are transforming competition”
Harvard Business Review).

1.2.2. Evolution of Analytical Tools for Decision Support

Due to the unimaginably large volume of data previously, Business Intelligence tools
considerably multiply organizations' analytical capabilities revealing correlations invisible
if treated with traditional methods.

Following the same logic, predictive analysis emerges and offers contemporary
enterprises major strategic anticipation capacity, thus advancing market evolution and
proactive resource optimization through advanced statistical models and machine learning
algorithms offering significantly more important and meaningful predictive precision than
classical methods.

Similarly, the evolution of interactive and intuitive interfaces that support fluid and
relevant data visualization to facilitate exploration and understanding of complex
information (Few (2006) "Information Dashboard Design™) considerably enriching the
strategic reflection process by allowing the decision-maker direct data manipulation and
exploitation of different scenarios dynamically.

1.2.3. Decision-Making Process in the Era of Digital Transformation
The contemporary decision-making process favors decision agility with rapid

adaptation to environmental changes developed by short evaluation cycles, of (test and
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learn) initially developed in the IT sector and theorized by (Beck et al (2001) in the "Agile
Manifesto").

Decision-making becomes more experimental thus reducing risks linked to long-term
decisions, thus offering the opportunity for accelerated organizational learning. The
collaborative decision-making process develops thanks to digital tools valorizing collective
intelligence and diversity of perspectives for the elaboration of complex decisions.

2. Contemporary Enterprise Decision-Making Process and Artificial Intelligence
Integration
The decision-making process has undergone a radical transformation through the shift
from the traditional era to the digital one.
2.1. Artificial Intelligence and Decision-Making: Key Concepts and Typology
In order to frame the scope of the study addressing artificial intelligence, we have chosen to
examine decision-making models that have revolutionized traditional decision-making
processes

2.1.1 Artificial Intelligence and Decision-Making Process: Key Concepts

Artificial intelligence can be defined as "the capacity of a computer system to accomplish
tasks that normally require human intelligence” (Russell and Norvig, 2020).

This is where the inscription of this advanced technology becomes more than necessary in
the decision-making process of contemporary enterprises where the traditional process
obeys cognitive biases and limited rationality of human decision-makers (Kahneman,
2011).

Artificial Intelligence aims precisely to counteract these limitations by exploiting the
generative and predictive analytical power of algorithms (Agrawal et al, 2018).

2.1.2 Functional Typology of Decision-Making Al Systems

We can distinguish several typologies of decision-making artificial intelligence systems,
fundamentally redefining the traditional process:

v Predictive Artificial Intelligence :
A structured system that anticipates future events from historical data functioning by
the principle of supervised learning on historical datasets to identify predictive patterns
and trends.

Often used for sales and demand forecasting, credit scoring and risk assessment, also
used in predictive equipment maintenance and fraud detection in financial systems.

This type of Al can generate a risk of perpetuating discrimination present in historical
data hence the need for quality data feeding.
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v Descriptive Artificial Intelligence :
A set of digital tools such as : intelligent dashboards, multidimensional analysis,
automated reporting. Aiming to analyze and explain available data to understand past
trends and current situations.

Often used in performance analysis by segment, as well as operational anomaly
detection and automated compliance reports.

This type of Al must meet a major challenge regarding personal data protection in
analyses and neutral presentation of facts with objectivity.

v Generative Artificial Intelligence :
Advanced generative Al models are trained on vast data corpus thus producing new
content or solutions from learned examples.

Used for automatic generation of synthesis reports and creation of personalized
marketing content, also strategic scenario simulation.

In the interest of authenticity, one must distinguish between human content and Al-
generated content also prevent malicious use (disinformation), as well as protection of
human creativity.

v" Reactive or Autonomous Avrtificial Intelligence :
Autonomous artificial intelligence models represent Al agents, embedded expert
systems, reinforcement learning algorithms that react autonomously to real-time signals
without direct human intervention.

Often applied in automated inventory and supply management, adaptive cybersecurity
systems, and advanced customer service chatbots.

Must meet challenges of protection against malfunction and attacks, clear and
responsible attribution of autonomous actions as well as support in transitions that
impact employment.

v" Prescriptive Artificial Intelligence :

By combining prediction, optimization, and business constraints, prescriptive Al can
recommend the best actions to undertake by integrating predictive models with
optimization algorithms.

Used in supply chain optimization, dynamic pricing strategies, as well as optimal
allocation of marketing budgets.

Analyzing the types of Al integrated into the decision-making process, we can reach the
following results :
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e The introduction of Al considerably reduces human cognitive limitation, it allows
cognitive automation of complex decisions previously attributed to experts with
learning capacity that leads to adaptation and even creativity in certain specialized
domains.

e The temporal trends previously characterizing strategic decisions are transformed by
artificial intelligence systems by creating unprecedented opportunities for dynamic
optimization and proactive adaptation to environmental changes.

e As these Al systems can be cognitive amplifiers that multiply the analytical
capabilities of human decision-makers, they offer sophisticated simulation and
modeling capacity that allows virtually tracing the potential scope of decisions, also
offers dynamic adaptation to organizational environment evolution through
continuous learning of Al systems.

This analysis leads us to highlight more structurally the advantages of these Al systems for
decision-makers, as well as the limitations and challenges that organizations must overcome
to fully benefit from this technology jewel.

2.2. Challenges of Al Integration in Decision-Making Process: Advantages,
Limitations, and Integration Challenges

In the 21st century, the challenge for contemporary enterprises is substantial in the era of
artificial intelligence. Operating in an exponentially evolving environment, with the advent
of these new technologies, in addition to increasingly informed and connected partners;
strengthening decision quality becomes more than a survival issue.

To address this, by leveraging the predictive and analytical potential of artificial
intelligence, while preserving human responsibility, stakeholder trust, and process
transparency.

This is when the importance of highlighting the advantages of such integration, its
limitations, and the need to face challenges is at the heart of our research.

2.1.1. Advantages of Al Integration in Decision-Making Process

v Improvement of Decision Precision and Feasibility :
Thanks to the capacity of machine learning models to achieve a level of predictive
precision without being affected by decision-makers' cognitive biases, artificial
intelligence systems create more stable decision bases for organizations (Russell and
Norvig 2020).

Also, artificial intelligence systems excel particularly in detecting anomalies that often
escape decision-makers' attention, which offers them very high and continuous

vigilance capacity.

v' Optimization of Efficiency and Decision Response Time :
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The automation of certain analytical tasks frees time for decision-makers, giving them
the opportunity to be more creative and fully concentrate on strategic aspects of
organizations.

The rapid processing capacity of intelligent information systems gives decision-makers
the possibility to test several scenarios and alternatives simultaneously.

The processing speed of their environment and the synthesis capacity of these systems
offer a decisive competitive advantage in a dynamic business environment.

v Reduction of Cognitive Biases and Objectivity :
One of the major advantages of artificial intelligence is its capacity to provide solutions
based essentially on analyzed data with automatic algorithmic learning correctly
designed and trained by orchestrating more objective analyses away from analysis based
on decision-makers' intuition or prejudices.

Biases such as confirmation and anchoring biases tend to give more importance to
decision-makers' beliefs which leads them to seek information that confirms them;
which considerably reduces exploration of multiple possible alternatives to one and the
same problem (Kahneman (2002) in "Heuristics and Biases").

2.1.2 Limitations and Challenges of Al Integration in Decision-Making Process

v" Unquestionable Dependence on Data Quality :
The performance of Al information systems depends mainly on the quality of data
essential for their training. Often representative and exhaustive data can transform
biases present in historical data into systemic discrimination amplified by algorithmic
automation as analyzed by (O'Neill (2016) in "Weapons of Math Destruction™).

Expected data management is mandatory for models as well as guaranteeing their
quality for feeding Al systems constitutes a major challenge, as the excellence of
analysis of trained artificial intelligence systems depends heavily on it in the sense that
non-representativeness or insufficiency can lead to inadequate recommendations.

v" Algorithmic Opacity and Explicability Deficit :
Many Al models function as black boxes to the extent that the decision-maker does not
clearly understand how these Al systems arrive at their results, which can lead to lack of
trust due to lack of transparency resulting from decision-makers' incomprehension
which is marked by the absence of technical skills to understand what an algorithm does
to reach certain decisions.

Hence the need to meet the challenge of explicability methods that are technically
complex and often incomplete (Ribeiro, Singh and Guestrin (2016), "Why should I trust
you ?").
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v Adaptive and Contextual Limitation :

The automatic learning of Al systems mainly translates an extrapolation of a defined model
with data training, which makes apprehension of new phenomena or paradigmatic ruptures
in the context of innovation difficult or even impossible.

This limitation is particularly problematic and essential dimensions of leadership and
creative and strategic innovation remain largely in the human domain.

v Security Vulnerability and Technological Risk :

The dependence of Al systems on the risk of failures and cyberattacks harms the decision-
making process and makes it vulnerable, thus concerning decision-makers.

Adversarial attacks can considerably harm the decision-making process by subtly
manipulating input data, which can lead to erroneous decisions.

Also, Al system malfunctions due to failures can paralyze organizational decision-making
processes in a more amplified manner than traditional system failures (Taleb (2012),
"Antifragile").

v' Ethical and Societal Responsibility :

The fact that important decisions are made or strongly influenced by automated systems,
the moral responsibility of decision-makers becomes particularly complex regarding the
responsibility for consequences of decision-making by an Al algorithm.

Algorithmic equity presenting a major challenge in the context of algorithmic biases that
can create systemic discriminations that can extend from organizations to touch broader
social aspects.

v" Implementation Challenge and Resistance to Change :

Decision-making Al systems can question countless management jobs and revolutionize the
structural organization of enterprises on one hand, on the other hand, Al solution
deployment requires heavy and important investments leading to organizational change,
analyzed by (Ransbotham et al. (2020), in MIT Sloan Review, "Expanding Al's Impact with
Organizational Learning").

Major organizational changes that can be confronted with considerable resistance to
change.

2.2. Examples of Success and Failures in Decision-Making Al Model Integration
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To illustrate our research, we will examine some examples of world-renowned companies
that have integrated artificial intelligence models into their decision-making process and try
to identify key success and failure factors through the results observed after integrating
these systems.

2.2.1 Success Examples

There are notably companies that have encountered succeed after having integrated Al
models into their decision process. We will examine two company cases.

Case 1 : AMAZON : Artificial Intelligence and Logistics Optimization

In the supply chain, Amazon uses robots in warehouses to automate inventory management.
Thanks to advanced machine learning algorithms, it predicts demand by anticipating future
orders and adjusts its inventory accordingly, leading to an average 20% reduction in
delivery time (source Amazon annual report 2023), 15% decrease in logistics costs between
2020 and 2023 (source : McKinsey & Company 2023).

Thoughtful choice of automation software tailored to enterprise needs through exploitation
of massive and quality data and a strong innovation culture reinforced by heavy investments
in research and development, thus surpassing challenges of limitations related to decision
quality as well as resistance to organizational changes.

Case 2 : UNILEVER : Digital Evaluation Platform (Consultative Model)

In its recruitment process for early career positions, Unilever has implemented a digital
evaluation platform for recruitment by adopting a consultative mode I; where Al pre-selects
candidates in a system that analyzes CVs, results and online tests, as well as company video
recordings to evaluate their technical and behavioral skills. This integration of the Al
consultative model in Unilever's recruitment process resulted in a 75% reduction in
selection time and increased diversity within teams.

Thus, Unilever overcame the challenge of algorithmic bias (discrimination) by adopting
consultative models, combining with a human approach allowing revision of automatic
recruitment decisions.

2.2.2 Failure Examples

There are notably companies that have encountered difficulties or even failures after having
integrated Al models into their decision process. We will examine two company cases.

Case 1 : IBM Watson Health

IBM's launch of Watson Health for Oncology with the MD Anderson Center, an Al
intended for medical diagnosis aimed at revolutionizing cancer treatment where the
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intelligent diagnostic system was supposed to analyze vast sets of medical data for
personalized treatments.

A revolution crowned with failures, due to : unreliable or imprecise clinical results;
difficulties integrating reliable and heterogeneous medical data as well as severe resistance
to integrating diagnostic Al systems by professionals.

Case 2 : Target. Customer Behavior Prediction

The American distribution chain Target implemented in 2010 a predictive analysis system
for purchasing behaviors targeting pregnant women, thus capitalizing on purchasing
behavior changes associated with pregnancy to send targeted promotions before their
competitors.

However, Target encountered several problems related to social responsibility. Notably,
privacy violation having identified pregnant subjects before even their family was aware,
resulting in negative feedback (Source New York Times 2012) and concerns about
consumer surveillance, which harmed the company's image, thus exceeding system
efficiency to ethical and responsible responsibility.

Acrtificial intelligence plays a major role in enterprise decision-making processes, thus
offering transformations with high potential.

However, it must be governed with rigor, taking into account different organizational,
ethical, cultural, and technical challenges, and trying to find an optimal balance for its
successful integration into the decision-making process.

Conclusion

This article has explored the integration of artificial intelligence as a supporting
technological tool in the decision-making process of enterprises in the era of Industry 4.0
revolution, a remarkable revolution that has revealed a fundamental transformation of
contemporary managerial paradigms. The analysis of changes in enterprise decision-making
processes demonstrates a substantial evolution since the classical era, marked by
hierarchical and intuitive decision-making processes, toward a digital transformation that
has redirected the decision-making process toward decisions based on data analyzed by a
battery of digital decision-support tools. The advent of artificial intelligence model
integration where autonomous and semi-autonomous systems redefine the modalities of
organizational decision-making, the diversity of types of artificial intelligence deployed in
decision-making processes highlighting considerable technological diversity.

Predictive learning systems allow increasingly precise analysis from detecting hidden
correlations in complex decision models, while deep learning algorithms facilitate
processing of unstructured data, generative Al opens a new organizational perspective. This
arsenal of intelligent technologies offers enterprises the opportunity to optimize their
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decision-making processes according to their sectoral specificities. Al integration in
enterprise decision-making processes offers substantial advantages such as improving
decision precision and speed, considerable reduction of cognitive biases, capacity to process
massive data volumes in real-time. These advantages increase competitiveness aggressively
and endow enterprises with better reactivity to environmental changes.

Nevertheless, limitations are certainly not negligible, particularly in terms of
algorithmic opacity, technological dependence, as well as training data quality and risks
related to cyberattacks. Integration challenges are multidimensional, both at the technical
level which must guarantee compatibility with existing systems and ensure their security,
and at the organizational level where resistance to change and employee training represent a
considerable obstacle.

Finally, ethical and societal challenges that impose rigorous governance of decision-making
artificial intelligence. The examination of cases of companies that have integrated artificial
intelligence has allowed identifying key success and failure factors for each company as
well as causes leading to such results.

This research opens several perspectives for deepening, particularly in-depth analysis
of the decision-maker-artificial intelligence relationship, and measuring the impact of such
collaboration between machine and human. Also, analysis of artificial intelligence impact
on organizational performance. For practitioners, this article emphasizes the necessity of
considering artificial intelligence integration in enterprise decision-making processes,
combining excellent techniques, led by ethical and adapted organizational change, because
the issue is no longer knowing whether Al transforms the decision-making process, but how
we can orchestrate this transformation to maximize benefits while controlling risks.
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