Yonetim Biligim Sistemleri

Alaninda Yenilik¢i Coziimler
ve Giincel Yaklagimlar — III

Editor: Dog. Dr. Vahid SINAP




Yonetim Bilisim
Sistemleri Alaninda
Yenilikci Coziimler ve

Giincel Yaklasimlar — II1

Editor:
Dog. Dr. Vahid SINAP

OzZGUR
YAYINLARI




Published by

Ozgiir Yayin-Dagium Co. Ltd.

Certificate Number: 45503

15 Temmuz Mah. 148136. Sk. No: 9 Sehitkamil/Gaziantep
+90.850 260 09 97

+90.532 289 82 15

www.ozguryayinlari.com

¥ © B o

info@ozguryayinlari.com

Yonetim Bilisim Sistemleri Alaninda

Yenilik¢i Coziimler ve Giincel Yaklagimlar — 111
Editor: Dog. Dr. Vahid SINAP

Language: Turkish-English

Publication Date: 2025

Cover design by Mchmet Cakir

Cover design and image licensed under CC BY-NC 4.0
Print and digital versions typeset by Cizgi Medya Co. Ltd.

ISBN (PDF): 978-625-8562-18-7
DOI: https://doi.org/10.58830/0zgur.pub1143

8 This work is licensed under the Creative Commons Attribution-NonCommercial 4.0 International

I (CCBY-NC 4.0). To view a copy of this license, visit hetps://creativecommons.org/licenses/by-nc/4.0/

0 & This license allows for copying any part of the work for personal use, not commercial use, providing
T author attribution is clearly stated.

Suggested citation:
Sinap, V. (ed) (2025). Yénetim Bilisim Sistemleri Alaninda Yenilikei Coziimler ve Giincel Yaklagimlar — ITT. Ozgiir
Publications. DOI: https://doi.org/10.58830/0zgur.pub1143. License: CC-BY-NC 4.0

The full text of this book has been peer-reviewed to ensure high academic standards. For full review policies, see
https:/lwww.ozguryayinlari.com/

OzZGUR
YAY INLARI



On Soz

Degerli okurlar,

“Yonetim Bilisim Sistemleri Alaninda Yenilik¢i Coziimler ve Giincel
Yaklagimlar — IIT” adli bu eser, bugiiniin hizla doniigen dijital ekosisteminde
yonetim bilisim disiplininin stratejik konumunu yeniden tanimlayan bir
bagvuru kaynagi olma iddiasini tagimaktadir. Tlk iki ciltte temelleri atilan
akademik ve diistinsel ¢izgi, bu ciltte daha ileri bir noktaya taginarak; yapay
zeka temelli doniigiim, veri egemenligi, Orgiitsel inovasyon ve insan—teknoloji
etkilesiminin gelecek perspektifleri iizerine derinlesmektedir.

Kiiresel Olgekte igletmeler, bilgi teknolojilerinin yalmzca destekleyici bir
arag degil, rekabet avantajinin kurucu bileseni oldugu bir doneme adim
atmugtir. Generatif yapay zekddan otonom ajan sistemlerine, veri odakli
stirdiiriilebilirlikten dijital kurumsal hafizanin ingasina kadar uzanan yeni
paradigma, igletmeleri hem stratejik hem etik hem de yonetisim baglamlarinda
yeniden diisiinmeye zorlamaktadir. Yonetim Biligim Sistemleri tam da bu
doniigiimiin kavsak noktasinda yer alarak; karar alma stireglerini, orgiitsel
tasarimi, ckonomik refahi ve toplumsal duyarliligi eszamanli big¢imde
etkileyen ¢ok boyutlu bir disiplin héiline gelmistir.

Bu ciltte yer alan ¢aligmalar, yalnizca teknolojik degisimi tanimlamakla
kalmamakta, nasil  uygulanacagina, hangi yonetim  anlayigiyla
degerlenecegine ve toplumsal refaha nasil katki saglayacagina dair somut
yol haritalar1 sunmaktadir. Tsletme bilgi sistemlerinin stratejik evrimi, dijital
doniigiim ¢aginda yonetim paradigmasinin yeniden yorumlanmasi, biiyiik
dil modellerinin gelisgim seyri, yapay zekddan otonom ajanlara gegig gibi
konular, giincel veri, akademik tartigmalar ve uygulama 6rnekleriyle i¢ ige
aktarilmaktadir.

Bu iigiincii cilt, YBS alaninin, gelecegin bilgi toplumuna, yapay zeka
destekli karar alma kiiltiiriine, veri etigine ve insan-merkezli dijital uyum
stireglerine hazirlanmasina katki sunmay1 amaglamaktadir. Akademisyenlere,
aragtirmacilara, lisansiistii 6grencilere ve uygulayicilara, yeni sorular sorma
ve yeni ¢oziimler iiretme konusunda ilham vermesini temenni ederim.

Bu eserin hazirlanmasina katki sunan tiim yazarlarimiza ve yaymevine
tegekkiir eder, kitabin Yonetim Bilisim Sistemleri literatiiriine degerli bir
katki saglamasini dilerim.

Dog. Dr. Vahid SINAP
Editor

1ii






Igindekiler

On Soz 111

Bolum 1

Navigating the Shift from Generative Al to Autonomous Agents in Business
Strategy 1

Vil Sinap

Bolim 2

Generative Al and the Strategic Redefinition of Enterprise Information
Systems 21

Cevher Ozden

Bolum 3

Dijjital Doniigiim Caginda Yonetim Bilisim Sistemlerinin Stratejik Evrimi ve

Yenilik¢i Uygulamalari 49
Halkan Kaya
Bolim 4
The Development of Large Language Models From Past to Present 73
Kiirsat Arslan
Mehmet Fatih Karaca



vi



Chapter 1

Navigating the Shift from Generative Al to
Autonomous Agents 1n Business Strategy

Vahid Sinap!

Abstract

This chapter examines the organizational transformation that emerges from
the transition between generative artificial intelligence and autonomous
agent-based systems. The discussion introduces the structural differences
between content-producing models and systems capable of independent
reasoning, tool execution, and long-term decision-making. It evaluates how
enterprises can deploy agentic architectures through a staged roadmap that
begins with data readiness, expands through operational scaling, and matures
into composable and adaptive business environments. The chapter explores
the implications of autonomous agents for labor dynamics, including
the shift of human work from execution toward oversight and strategic
orchestration. Attention is directed toward governance, cybersecurity, and
ethical considerations which shape the responsible use of autonomous
entities in business operations. The analysis emphasizes that enterprise value
depends on data quality, organizational trust, and governance maturity rather
than model selection. The chapter provides executives and researchers with
a framework that supports strategic planning for agent adoption and guides
organizations toward resilient and intelligence-driven operating structures.

1. Introduction

The contemporary corporate landscape stands at a technological inflection
point that rivals the significance of the industrial revolution. Generative
Artificial Intelligence established a new baseline for enterprise productivity
by enabling the rapid synthesis of text, code, and visual media (Eloundou
et al., 2023). Organizations across the globe rapidly adopted these tools to
enhance human capability in creative and analytical tasks. This initial phase of
the artificial intelligence renaissance focused primarily on the augmentation of

1 Assoc. Prof. Dr., Ufuk University, vahidsinap@gmail.com, https://orcid.org/0000-0002-
8734-9509

@B A hps:/joi.ory/10.58830)zgurpub1143.04717 1
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human effort where the human operator remained the central orchestrator of
every digital output. Technology served as a sophisticated engine for creation
and effectively democratized access to high-level data synthesis.

A profound transformation is now underway as the focus of innovation
moves from systems that merely generate content to those that execute
complex goals autonomously. Agentic Al represents this evolutionary leap
by introducing systems capable of perception, reasoning, and independent
action within dynamic environments (Xi et al., 2025). These autonomous
agents differ fundamentally from their predecessors because they possess the
capacity to break down abstract objectives into executable steps without the
need for constant human intervention (Yao et al., 2022). The fundamental
distinction lies in the transition from a reactive posture, where the model
waits for a prompt, to a proactive engagement with business workflows. This
progression signifies the maturation of artificial intelligence from a passive
tool into an active participant in economic machinery.

The strategic integration of these autonomous entities requires a complete
reimagining of business process management and organizational structure.
Enterprise leaders must now consider the implications of deploying digital
workforces that can manage supply chains, resolve intricate customer service
inquiries, and optimize financial portfolios with minimal oversight (Mayer
et al., 2025). This shift promises to unlock substantial economic value by
significantly reducing operational costs and increasing the velocity of decision-
making cycles (Eloundou etal., 2023). The potential for agents to collaborate
with one another to solve multi-faceted organizational problems suggests a
future where complex workflows operate on a continuous basis. This capability
allows human capital to focus on high-level strategy and innovation while
agents handle the execution of operational logic.

However, the path to fully autonomous enterprise systems presents a unique
set of challenges that demands rigorous governance and careful architectural
planning (Torkjazi & Raz, 2024). Implementing agentic workflows involves
complex integration with legacy infrastructure and necessitates stringent
protocols for data privacy and security. Enterprises must aggressively address
the risks associated with autonomous decision-making to prevent cascading
operational failures or ethical lapses (Amodei et al., 2016). Trust becomes the
essential currency of this new era as organizations must ensure that their digital
agents operate within defined boundaries and exhibit explainable behavior
to satisfy both regulatory bodies and stakeholders (Floridi & Cowls, 2022).
The successful adoption of this technology depends heavily on establishing a
robust foundation of data readiness and ethical oversight (Dignum, 2019).
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The purpose of this chapter is to provide a strategic, conceptual, and
operational foundation for understanding and navigating the global shift
from generative artificial intelligence to autonomous, agent-based enterprise
systems. Rather than serving merely as a descriptive text, this chapter is
structured as a transformational guide that equips executives, scholars, and
practitioners with the frameworks, methodologies, and decision structures
needed to redesign organizational processes for an era shaped by autonomous
intelligence. The discussion presented here integrates technological capabilities
with organizational theory, data governance, ethics, cybersecurity, and
human-agent collaboration, forming a coherent pathway that progresses
from conceptual understanding to practical application. Artificial intelligence
is positioned as a structural force that redefines labor, competitive advantage,
enterprise architecture, and the cultural psychology of work. The overarching
aim of this chapter is to support organizations in moving beyond passive
adoption of generative tools and toward becoming adaptive, resilient, and
strategically autonomous entities capable of thriving in a rapidly accelerating
and increasingly automated global economy.

2. From Generative Tools to Autonomous Agents

The transition from Generative Artificial Intelligence to Agentic Artificial
Intelligence constitutes a structural evolution in the capability of computational
systems, marking a departure from stochastic content synthesis toward
deterministic and goal-oriented autonomy. Generative models, in their
foundational state, function as sophisticated prediction engines that utilize
statistical probabilities to complete text or generate media based on static
input patterns. These systems possess vast encyclopedic knowledge yet remain
fundamentally passive; they require explicit human prompting to initiate
any form of output and lack the inherent capacity to perceive the passage
of time or the consequences of their generated text. In contrast, Agentic Al
introduces a cognitive architecture where the model is embedded within a
control loop capable of iterative reasoning. This allows the system to maintain
a continuous state of operation directed toward a specific objective (Xi et
al., 2025). Such a shift transforms artificial intelligence from an oracle that
answers questions into an agent that actively navigates digital environments
to achieve outcomes (Qian et al., 2023). The operational difference lies in the
concept of “agency,” defined here as the capacity to formulate a plan, execute
actions through external interfaces, and evaluate the success of those actions
against a desired goal state without constant human intervention.

This architectural advancement relies heavily on the integration of Large
Language Models with executable toolsets and long-term memory systems
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to create a framework often referred to as a cognitive engine (Zheng et al.,
2025). Within this configuration, the language model serves as the reasoning
core that decomposes complex and high-level instructions into a sequence of
logical sub-tasks (Yao et al., 2022). The system utilizes a recursive feedback
mechanism, often conceptualized through frameworks like ReAct (Reasoning
and Acting), to observe the environment, decide on an action, execute that
action via an API or software tool, and then observe the new state of the
environment to verify progress (Lipnevich & Panadero, 2021). Distinct
from the linear input-output process of standard generative tools, this cyclic
interaction enables the agent to correct its own errors, adjust its strategy in
the face of obstacles, and manage dynamic variables that were not present
at the start of the task. The integration of memory modules allows these
agents to retain context over extended periods (Zhang et al., 2025). This
facilitates the execution of multi-day workflows that require persistence and
state management, features that are absent in the ephemeral interactions
characteristic of standard chatbots.

The implication of this paradigm shift for the enterprise extends beyond
mere efficiency gains and signals a fundamental reorganization of digital labor
and process automation. While generative tools augment human productivity
by accelerating individual tasks such as drafting emails or summarizing reports,
autonomous agents possess the potential to automate entire end-to-end
business processes (Vu et al., 2025). This evolution enables the deployment
of Multi-Agent Systems where specialized agents, each assigned a distinct
role such as researcher, coder, or reviewer, collaborate within a hierarchical
structure to solve multifaceted problems (Amirkhani & Barshooi, 2022).
In such a system, a manager agent might decompose a strategic objective
and delegate components to subordinate agents, who then execute their
assignments and report back to simulate a digital organizational chart. The
value proposition thus migrates from the speed of content generation to the
reliability of autonomous execution. This requires organizations to redefine
the relationship between human oversight and machine autonomy. Strategic
focus must therefore be placed on defining the boundaries of this autonomy
and establishing the governance frameworks necessary to manage a workforce
comprised of both human and synthetic actors.

3. RAG and Model Adaptation

The deployment of autonomous agents within an enterprise environment
necessitates a robust strategy for bridging the gap between the general linguistic
capabilities of pre-trained models and the specific proprietary knowledge
required for business operations (Fang et al., 2025). Foundational Large
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Language Models are trained on vast public datasets. This enables them to
reason across broad domains yet leaves them devoid of insight into a specific
organization’s internal data, client history, or strategic initiatives. Such a
limitation presents a critical challenge known as the knowledge cutoff or context
blindness (Teo et al., 2024). Relying solely on unmodified public models for
internal decision-making introduces significant risks, including the fabrication
of facts and the exposure of sensitive data to external vendors (Webler & Tuler,
2021). The integration of these systems requires an architectural approach that
grounds the stochastic generation of the model in the deterministic reality of
the enterprise’s data warehouse. Retrieval-Augmented Generation (RAG) has
emerged as the primary methodology to address this imperative by creating
a dynamic link between the generative agent and a curated vector database
of organizational documents (Lewis et al., 2020).

Retrieval-Augmented Generation fundamentally alters the operational
workflow of the artificial intelligence agent by forcing it to consult an
external knowledge base before formulating a response or action plan. In
this architecture, the agent retrieves relevant excerpts from company policy,
technical documentation, or financial records and utilizes this retrieved context
to constrain and inform its output. This process ensures that the agent’s actions
are factually accurate and aligned with the most current information available
within the firm to effectively mitigate the hallucinations common to isolated
models (Jietal., 2023). From a strategic perspective, this architecture offers a
superior return on investment compared to frequent model retraining because
it allows the organization to update its knowledge base in real-time without
incurring the substantial computational costs associated with updating the
model’s neural weights (Radlbauer et al., 2025). Thus, the agent remains
an agile operator capable of acting upon data generated seconds ago. This
capability is essential for dynamic business environments where information
velocity determines competitive advantage.

While Retrieval-Augmented Generation provides a solution for knowledge
accessibility, specific use cases require the modification of the model’s behavioral
patterns through Fine-Tuning (Cheng et al., 2025). This approach involves the
additional training of a base model on a smaller and highly specialized dataset
to adapt its reasoning style, tone, or adherence to complex internal protocols
which cannot be fully captured through retrieval context alone (Hu et al.,
2021). A strategic decision matrix must therefore be employed to determine the
appropriate integration path. Processes requiring high adherence to specialized
nomenclature or unique coding standards often necessitate Fine-Tuning to bake
these patterns into the model’s weights. Conversely, workflows dependent
on rapidly changing facts benefit more from the retrieval-based architecture.
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Leading organizations increasingly adopt a hybrid strategy where a lightweight
and fine-tuned model manages the procedural logic while leveraging a RAG
pipeline to access factual content. This ensures that the autonomous agent
functions with both the behavioral precision of a specialized employee and
the informational breadth of a corporate archive.

4. Organizational Governance and Ethical Risk Management

The delegation of autonomous decision-making authority to algorithmic
entities necessitates a rigorous re-examination of established management
theories, particularly within the context of Agency Theory. This theoretical
framework traditionally examines the relationship between a principal and a
human agent. However, the introduction of Agentic Al extends this dynamic to
non-human actors and exacerbates the classic principal-agent problem through
the mechanism of information asymmetry (Jensen, 2019). As autonomous
agents are granted the capability to execute transactions and allocate resources
without direct human intervention, the cost of monitoring these digital actors
increases significantly. Transaction Cost Economics suggests that while the
deployment of autonomous agents reduces the friction of market exchanges and
internal coordination, it simultaneously introduces new agency costs related
to the verification of algorithmic alignment with organizational objectives
(Williamson, 1981). Governance structures must be evolved to ensure that
the objective functions of these synthetic agents remain strictly congruent with
the strategic goals of the firm. Failure to establish such alignment results in a
scenario where the agent pursues optimized metrics that may inadvertently
harm the long-term viability of the enterprise, a phenomenon often described
in alignment literature as reward hacking (Amodei et al., 2016).

Beyond the economic implications of agency, the ethical dimensions
of autonomous operations present profound challenges to the concept of
corporate responsibility and accountability. The “Black Box™ nature of deep
neural networks creates a significant opacity in the decision-making lineage
(Taherdoost, 2023). This obscures the ability to attribute liability when an
autonomous agent commits an error or violates regulatory standards. In the
absence of clear interpretability, the traditional chain of command is disrupted.
This leaves organizations vulnerable to legal and reputational risks derived
from inexplicable algorithmic behaviors. Stakeholder Theory provides a critical
lens here. It mandates that the actions of the firm must consider the welfare of
all parties affected by its operations (Al Amosh, 2024). Therefore, the ethical
deployment of agentic systems requires the implementation of “Human-on-
the-loop” governance models where critical thresholds of risk automatically
trigger a requirement for human validation. This ensures that moral judgment
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remains an exclusively human prerogative while computational efficiency is
delegated to the machine.

The operational landscape is further complicated by the emergence of
decentralized adoption patterns often categorized as “Shadow AI” (Slayton,
2024). This phenomenon parallels the historical challenges of Shadow IT
but carries amplified risks due to the generative and autonomous capabilities
of the software. Institutional Theory posits that organizations tend to adopt
structures and practices that are perceived as legitimate within their field.
However, unmanaged adoption by individual business units often bypasses
central security protocols and exposes proprietary data to public model training
sets (Eleanor, 2021). This decentralized proliferation creates a fragmented
control environment where data sovereignty is compromised. Effective risk
management therefore demands a centralized governance framework that
audits the technical performance of the models, the data lineage, and the
authorization levels granted to each agent. Such a comprehensive approach
ensures that the pursuit of innovation does not subvert the institutional
integrity and security posture of the organization.

5. Human-Agent Collaboration

The widespread integration of autonomous agents into the workforce
precipitates a fundamental reconfiguration of labor markets that transcends
the historical dichotomy between manual and cognitive automation. Previous
technological paradigms primarily substituted physical effort or routine
algorithmic tasks. Agentic Artificial Intelligence possesses the capability to
execute complex and multi-step workflows that were previously the exclusive
domain of highly skilled knowledge workers (Sapkota et al., 2025). This
evolution compels a transition in the professional function of the human
operator from that of a primary producer to a strategic orchestrator of digital
assets (Fabio et al., 2025). Within this emerging organizational matrix, the
economic value of human capital is no longer defined by the velocity of execution
but by the capacity to design, monitor, and refine the objective functions of
synthetic agents. The distinct capabilities of both biological and computational
intelligence are fused to achieve outcomes that neither could attain in isolation.
This phenomenon is frequently described in management literature as the
missing middle of process automation where humans complement machines
by providing contextual understanding while machines amplify human intent
through scalable execution (Daugherty & Wilson, 2018).

The effective actualization of this collaborative model requires a deliberate
restructuring of organizational culture alongside the redefinition of professional
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competency frameworks. Algorithmic entities assume responsibility for
deterministic logic and high-volume data processing. This shift significantly
increases the market premium placed on uniquely human attributes such
as empathy, ethical judgment, and creative strategy (Belasen & Eisenberg,
2025). Corporate training programs must therefore be recalibrated to upskill
employees in the technical operation of interface systems and in the nuanced
discipline of agent management (Siddiqui, 2025). This involves the precise
articulation of strategic goals and the critical evaluation of algorithmic outputs.
Such a strategic pivot mitigates the pervasive apprehension regarding workforce
displacement by repositioning the technology as a collaborative partner that
amplifies human potential rather than a rival that renders it obsolete. Empirical
research indicates that organizations fostering a culture of augmentation rather
than pure substitution experience higher levels of innovation and employee
satisfaction as the workforce is liberated from the fatigue associated with
repetitive administrative burdens (Azeem et al., 2021).

The symbiotic relationship between human operators and autonomous
agents introduces intricate psychological and managerial complexities
that must be addressed through strategic human resource planning. The
anthropomorphizing of agentic interfaces often leads to an over-reliance on
the system. This condition is known as automation bias where humans accept
algorithmic decisions without sufficient scrutiny or critical validation (Laux &
Ruschemeier, 2025). Conversely, a lack of transparency in the system’s opaque
operations can result in a deficit of trust and the subsequent underutilization of
valuable computational tools. Work processes must be designed to incorporate
mechanisms that maintain human agency and cognitive engagement to ensure
that the operator remains the final arbiter of critical business decisions. Such
a balanced approach preserves the essential human-in-the-loop safeguard
while maximizing the efficiency gains oftered by the autonomous execution
of routine cognitive labor.

6. The Autonomous Enterprise

The evolutionary trajectory of Agentic Artificial Intelligence suggests
a future operational landscape that extends well beyond internal process
optimization to encompass a global, interconnected ecosystem of autonomous
entities. This emerging structure is frequently conceptualized as the “Agent
Economy,” where digital representatives from distinct organizations interact
directly to execute commercial transactions, negotiate contractual terms, and
manage supply chain logistics without human intermediation (Park et al.,
2023). In such an ecosystem, a procurement agent within a manufacturing
firm acts independently to identify shortages, query the inventory agents of
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potential suppliers, negotiate pricing based on pre-defined margin parameters,
and finalize purchase orders in microseconds. This phenomenon represents the
realization of frictionless commerce, as predicted in transaction cost theory,
where the administrative overhead of market exchanges is reduced to near-zero
levels (Anwar & Graham, 2022). The competitive advantage of the future
enterprise is determined by the interoperability of its agent architecture and
the robustness of its API integrations (Tupe & Thube, 2025). Organizations
that fail to expose their services to these autonomous buyers risk isolation from
the high-velocity digital marketplace where machine-to-machine commerce
constitutes the dominant volume of economic activity.

The convergence of Agentic Al with the Internet of Things (IoT) and
Edge Computing signals the transition of autonomous intelligence from
purely digital environments to cyber-physical systems (Vermesan et al., 2022).
While current generative models primarily manipulate text and code, the next
generation of agents is being designed to perceive and manipulate the physical
world through sensor networks and robotic actuators. Within an industrial
context, an autonomous agent monitoring a production line utilizes real-time
data from vibration sensors to predict equipment failure. It then proceeds
to schedule maintenance, order necessary replacement parts, and reallocate
production quotas to alternative machinery to minimize downtime (Ogunmolu
et al., 2025). This integration necessitates a shift in computing architecture
from centralized cloud processing to edge deployments, where decision-
making occurs locally on the device to ensure the low latency required for
physical safety and operational precision (Veeramachaneni, 2025). Thus, the
definition of the “workforce” expands to include human employees, software
bots, and intelligent hardware infrastructure that operates as a cohesive, self-
regulating organism.

Continuous advancement in these algorithmic architectures points toward
the theoretical horizon of Artificial General Intelligence (AGI), where agents
evolve from specialized task executors into generalized problem solvers
capable of transferring knowledge across disparate domains (Bubeck et al.,
2023). Contemporary agents operate within narrow parameters defined by
their training data and specific prompts. Future architectures are expected
to exhibit “meta-learning” capabilities, allowing them to rewrite their own
code, optimize their internal logic, and acquire new skills in response to novel
challenges without explicit retraining (Hospedales et al., 2021). This potential
for recursive self-improvement introduces profound strategic implications for
long-term organizational planning. It suggests that the intellectual capital of
a corporation will eventually be encoded within its proprietary agent swarms
rather than residing solely within its human talent. Therefore, the strategic
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accumulation of high-quality; structured proprietary data becomes the most
critical asset for training these future generalized agents. This data serves
as the foundational DNA for a synthetic intelligence that is unique to the
organization and difficult for competitors to replicate.

The realization of this autonomous ecosystem demands a rigid re-evaluation
of current cybersecurity postures and the development of immune system-like
defense mechanisms. As agents are granted the authority to execute financial
transactions and modify system configurations, the attack surface for malicious
actors expands exponentially. Traditional perimeter defenses are rendered
insufficient in an environment where internal agents constantly communicate
with external entities. Security protocols must therefore evolve into “Zero
Trust” architectures where every agent-to-agent interaction is continuously
verified for authentication, authorization, and behavioral anomalies (Stafford,
2020). This leads to the development of “Guardian Agents” specialized Al
systems whose sole purpose is to monitor the operational integrity of other
agents, detect adversarial inputs, and neutralize compromised entities before
they can inflict systemic damage. The stability of the future autonomous
enterprise relies heavily on this adversarial equilibrium between performative
agents that drive value and guardian agents that enforce security, ensuring that
the speed of automation does not outpace the capacity for control.

7. A Strategic Roadmap for Enterprise Adoption

The transition from experimental generative pilots to a fully operational
agentic architecture requires a structured and multi-phased implementation
strategy that mitigates risk while maximizing competitive differentiation.
Initial efforts must focus on the establishment of a robust data foundation
known as “Data Readiness.” Autonomous agents rely entirely on the structured
availability of proprietary information to function effectively within a corporate
context. Unstructured data silos containing PDFs, emails, and legacy database
entries must be consolidated and indexed into vector databases compatible
with Retrieval-Augmented Generation workflows. This preparatory phase
determines the intelligence ceiling of the deployed agents. Organizations that
neglect this foundational sanitation of data inevitably face the deployment of
agents that are functionally articulate but operationally incompetent due to a
lack of context access. Investment in data engineering and API interoperability
therefore constitutes the prerequisite step before any model selection or
interface design occurs.

Operational scaling follows the successful validation of pilot programs and
demands a shift in focus from technical feasibility to organizational integration
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and change management. Deployment should target high-friction and low-risk
internal processes such as I'T support ticketing or invoice reconciliation where
the cost of error is manageable. Success in these controlled environments builds
the necessary institutional trust to expand agent autonomy into customer-
facing or financially sensitive domains. This expansion phase necessitates the
parallel development of a “Center of Excellence” dedicated to agent governance.
This centralized body assumes responsibility for standardizing prompts,
monitoring usage costs, and auditing agent behaviors against compliance
mandates. Scalability is achieved through the establishment of a reproducible
framework that enables rapid configuration and safe deployment of agents
across diverse business units. Increasing the number of agents alone does not
produce meaningful scalability.

Long-term maturity involves the evolution of the enterprise into a
“Composable Business” where autonomous agents serve as the connective
tissue between disparate software services and human teams (Panetta, 2020).
The objective shifts toward the creation of a mesh network of specialized agents
that collaborate to execute cross-functional workflows. Strategic planning at
this stage focuses on the optimization of inter-agent communication protocols
and the dynamic allocation of computational resources based on real-time
demand. Continuous improvement loops are embedded into the architecture
to ensure that agents learn from human feedback and progressively refine
their decision-making logic. This final stage of the roadmap transforms the
organization into an adaptive entity capable of responding to market shifts
with a velocity that is unattainable through traditional hierarchical management
structures.

To operationalize this staged model, Table 1 presents a practical
deployment blueprint that translates the conceptual roadmap into a sequential
implementation structure, demonstrating the organizational focus, technical
prerequisites, governance mechanisms, and expected outcomes at each level
of maturity.
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Table 1. Enterprise Agent Deployment Blueprint

Phase Organizational | Technical Governance Expected
Focus Requirements | Requirements | Outcomes
1. Data Consolidation | Creation of Data Enterprise
Readiness and accessibility |a data lake, classification memory is
of fragmented | vector database | policy, access established and
enterprise compatibility control schema, |usable for agent
knowledge for RAG, API | privacy and grounding
exposure confidentiality
protocols
2. Pilot Agents | Controlled Small-scale Human- Baseline
environment model on-the-loop performance
testing within | integration, review, incident | data collected
low-risk prompt reporting and | and institutional
functions templates, error logging confidence
limited tool begins to form
access
3. Scaling Expansion Model Creation of Operational
across functions | monitoring a Center of burden
and increase tools, usage and | Excellence, reduces, agents
of operational | cost dashboards, | standardized and humans
volume capacity prompt collaborate
planning library, tiered | seamlessly
authorization
4. Full Multi-agent Automated The enterprise
Autonomous | orchestration coordination escalation transitions into
Optimization |where agents layer, event- protocols, an autonomous
interconnect triggered agent | Zero Trust operational
and execute logic, long- security model, |entity
cross-functional | term memory | continuous
workflows and tool chain | audit
integration mechanisms

Figure 1 illustrates the three-phase maturity pathway required for enterprise-
scale adoption of autonomous agents. Phase 1 (Data Readiness) establishes
the intelligence ceiling of the ecosystem through vector-database creation and
RAG-compatible data structuring. Phase 2 (Operational Scaling) introduces
pilot deployments across low-risk workflows and develops centralized
governance through a Center of Excellence. Phase 3 (Long-Term Maturity)
represents the transformation into a composable business, where autonomous
agents operate as a self-regulating mesh supported by continuous learning
loops. The roadmap visually emphasizes that agent capability is constrained
not by model choice but by data infrastructure and governance sophistication.
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STRATEGIC ROADMAP FOR ENTERPRISE ADOPTION

PHASE 1: DATA READINESS PHASE 2: OPERATIONAL PHASE 3: LONG-TERM
SCALING MATURITY
| Data Engineering
* Data Engineering and Indexing | Pilot Programs | System Evolution
* Establishes Intelligence Cailing * ITSupport Ticketing Composable Business
* Invoice Reconcilistion (Panetta 2020)
* Builds Institutional Trust
v
v
I Architecture A 4

| Learning Loops
* Vector Database

Governance (CoE) Continuous Leaming Loop
(Human Feedback)

* PRAG-Compatible Knowledge
Base

Prompt Standardization

Cost Monitoring

Compliance Audits

v

I Strategic Goal

Adaptive Enterprise
Market Velocity

Figure 1. A Multi-Phased Stvategic Roadmap for Autonomouns Agent Integration in
Enterprise Ecosystems

8. Conclusion

The evolution from generative assistants to autonomous agentic
architectures represents a transformative milestone in the design of enterprise
systems, organizational processes, and managerial philosophy. This chapter
has demonstrated that the shift represents a redefinition of how work is
conceptualized, delegated, and optimized, rather than a marginal enhancement
to existing digital tools. Autonomous agents introduce a computing paradigm
in which digital entities are capable of reasoning across complex task
environments, interacting with software ecosystems, and executing multi-step
workflows that were once dependent on human cognition. This progression
challenges long-standing assumptions regarding operational control, labor
value, and decision authority by placing synthetic actors within the domain of
enterprise responsibility. In such a context, artificial intelligence becomes more
than a technical asset and emerges as a structural dimension of organizational
identity.
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The practical realization of this vision, however, requires a deliberate
and staged transformation that integrates infrastructure, governance, and
human capability development. Technical implementation begins with
the foundation of structured proprietary data capable of grounding agent
inference, since autonomous entities cannot perform effectively in systems
where enterprise knowledge remains fragmented or inaccessible. The move
from pilot experimentation into scaled deployment introduces organizational
friction, which can only be resolved through intentional change management,
institutional communication, and the establishment of centralized oversight
bodies that manage compliance, cost, and standardization. Governance is
a central design principle that determines whether autonomy enhances or
undermines corporate integrity. The organization must define where decisions
may be automated and where human judgment retains primacy. If this balance
is lost, the enterprise risks both reputational exposure and operational disorder.

The implications of agentic systems extend deeply into the social fabric
of the firm. Work is no longer defined by individual execution speed but by
the capacity to shape and supervise digital operational forces. Human labor
shifts toward a role in which creative problem framing, ethical reasoning,
strategic interpretation, and oversight become the primary sources of value.
This transition should not be interpreted as a deterministic path toward labor
displacement. On the contrary, it creates a shared operational ecosystem in
which human and artificial capabilities meet in complementary fashion, each
dependent on the other for coherent organizational function. The cultural
response to this redesign of work will likely determine which enterprises
succeed in integrating autonomous systems and which remain bound to
outdated expectations of productivity.

The trajectory of autonomous intelligence is dynamic, and its future
applications will continue to challenge organizational boundaries. As agentic
systems gain the capacity to interact with the physical world, to learn from
operational outcomes, and to collaborate with one another, enterprise structures
will move increasingly toward flexible, composable networks that resemble
adaptive living systems rather than fixed hierarchies. Organizations that
prepare for this future through continuous learning, research-informed policy
development, and iterative experimentation will be positioned to influence its
direction rather than merely react to it. The path forward demands intellectual
humility, strategic patience, and a willingness to accept that enterprise excellence
is no longer measured solely by efficiency metrics but by the ability to evolve
at the same pace as the technologies that sustain it.
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9. Practical Implications for Leaders

Leaders confronting the arrival of autonomous agent systems are compelled
to broaden the definition of strategy beyond competitive positioning and
resource allocation. Strategic leadership within this emerging paradigm
requires stewardship of organizational data, cultivation of a culture that
welcomes algorithmic collaboration, and vigilance toward ethical risks that
exceed the boundaries of traditional managerial experience. Executives must
invest sustained attention in the development of shared institutional literacy
regarding agent capabilities and limitations, since uninformed deployment
is more harmful than delayed deployment. The most impactful leadership
intervention is the establishment of mechanisms that translate enterprise
priorities into operational logic that agents can execute. The acquisition of
technological artifacts plays a secondary role in comparison. Future-ready
organizations will construct internal environments where employee confidence
in synthetic collaborators is deliberately nurtured, where transparent audits
and feedback channels normalize accountability, and where performance
evaluation incorporates both human and artificial outputs as interdependent
components of organizational value creation.
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Chapter 2

Generative Al and the Strategic Redefinition of
Enterprise Information Systems

Cevher Ozden!

Abstract

The rapid progress of artificial intelligence has pushed the field of
Management Information Systems (MIS) into a period of major
transformation. Organizations must reconsider how data is structured, how
daily operations are executed, and even how strategic decisions are made.
For many years, Al systems in business primarily handled tasks with clear
rules and predictable outcomes. With the rise of generative Al (GenAl),
this narrow focus has widened dramatically, bringing creativity, synthesis,
and exploratory analysis to the forefront of technological strategy. This
chapter examines how GenAl is reshaping MIS and clarifies its departure
from traditional discriminative Al approaches. Discriminative models learn
decision boundaries to classify or predict predefined categories, excelling at
tasks like fraud detection or credit scoring but incapable of producing new
content. GenAl, by contrast, models the joint probability structures of data,
enabling the generation of novel outputs (text, code, images, etc.) beyond
the training examples. This paradigm shift compels organizations to adopt
hybrid MIS architectures: traditional discriminative tools remain essential for
high-speed, precision tasks, while GenAl introduces a new layer dedicated
to experimentation, content creation, and innovation. Technologically, this
transition is underpinned by sequence-to-sequence Transformer architectures
and large language models (LLMs). To sustainably integrate GenAl into
MIS, firms must actively manage new risks by establishing robust ethical and
governance frameworks. Three strategic priorities emerge for MIS leaders:
incorporating retrieval-augmented generation (RAG) for more reliable, fact-
grounded outputs, expanding the use of low-code/no-code platforms to
democratize analytics, and investing in reinforcement learning from human
feedback (RLHF) to align Al behavior with human values. By balancing
innovation with responsible governance, enterprises can leverage GenAl to
radically enhance decision-making and operational performance without
compromising security or ethics.
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1. Defining the Paradigm Shift: Generative vs. Discriminative

Understanding how generative Al diverges from earlier discriminative
AT approaches is essential for interpreting the sweeping transformation
underway in enterprise I'T. Although both fall under the AI umbrella, the
two methodologies serve fundamentally different business purposes and
rely on separate architectural logics. Discriminative models (e.g. logistic
regression, support vector machines) are engineered to make decisions about
predefined classes by learning the boundaries that distinguish one category
from another (Cao et al., 2023). These models excel in operational tasks
where accuracy and consistency are crucial such as fraud detection, credit
risk scoring, spam filtering, or biometric verification. However, because
discriminative models are limited to interpreting existing data and cannot
generate new information, they are ill-suited for domains that demand
original content or creative synthesis.

Generative Al, by contrast, learns the underlying statistical patterns of
its training corpus, effectively modeling the joint probability distribution
of inputs and outputs (Feuerriegel et al., 2024). This deeper understanding
allows GenAlI not only to assess information but also to produce artifacts that
never existed in the original dataset ranging from natural-language text and
working software code to synthetic images and video. In other words, where
a discriminative model focuses on selecting the most likely label for a given
input, a generative model’s role is to generate new possibilities consistent
with what it has learned. This capability makes GenAl a powerful tool for
automating creative tasks and building personalized content in areas like
marketing copy generation, customer service chats, or R&D prototyping.

The architectural gap between these two model classes carries practical
implications for MIS deployment, particularly regarding computational
overhead and latency. Discriminative systems are usually lightweight, train
relatively quickly on labeled data, and deliver low-latency inferences, making
them cost-effective for real-time or high-volume use cases on standard
IT infrastructure (Gozalo-Brizuela and Garrido-Merchan, 2023). For
example, a logistic regression model or small decision tree can score a credit
application or detect a fraudulent transaction in milliseconds on commodity
servers. Generative systems especially modern LLMs differ dramatically:
they often consist of hundreds of millions to billions of parameters and
require powerful GPU clusters both for training and for inference at scale.
Serving an LLM-based application (e.g. an Al assistant) can incur substantial
computational cost and response time compared to a simple classifier. These
constraints mean organizations cannot simply replace all discriminative
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models with GenAl. Instead, a two-tiered strategy is needed: high-speed,
routine workflows (like transaction processing or sensor analytics) continue
to rely on efficient discriminative models, while generative models are
deployed in environments designed to support their heavier resource needs
and interactive, exploratory nature.

In essence, attempting to use a giant GenAl model for ultra-fast processes
(suchas high-frequency trading or on-device IoT sensor interpretation) would
usually be too slow or costly to be practical. The immense computational
demands of GenAl mean that, today, the vast majority of its processing
(including LLM training and inference) happens in cloud data centers
with scalable hardware. Edge deployments of GenAl are emerging only for
specialized cases and often rely on compressed “small” models due to device
limitations (Davenport and Mitta, 2023). This reality reinforces the need for
a blended MIS architecture that aligns model complexity with latency and
cost requirements. High-throughput, real-time tasks stay on discriminative
rails, whereas generative models are invoked where their creative capacity
adds unique value worth the expense (e.g. generating a custom report or
simulating scenarios). At a deeper level, this technical bifurcation reflects
a conceptual evolution in MIS: a shift from using Al purely to predict or
classify known outcomes toward using Al to explore open-ended questions
and imagine new possibilities. Traditional MIS frameworks focused on
minimizing uncertainty by extrapolating from past data to future outcomes;
with GenAl, the emphasis shifts to synthesizing alternatives and identifying
patterns not present in historical records. This broadened analytic scope
requires new governance models to manage the creative and ethical risks
of Al-generated content. Table 1 summarizes the core differences between
discriminative and generative Al approaches and illustrates how they reshape
MIS decision-making processes.
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Table 1. Generative vs. Discriminative AI - A Comparative Analysis

Dimension

Generative Al (e.g., LLMs,
GANG)

Discriminative Al (e.g., SVMs,
Logistic Regression)

Primary Function

Creates novel content or data
(synthetic output)

Classifies or predicts
outcomes (decision boundary
identification)

Underlying Principle

Models the joint probability
distribution of inputs and
outputs

Learns the conditional decision
boundary between classes

Training Data

Can leverage large volumes of

Requires extensive labeled

design prototypes

Requirement unlabeled data (self-supervised |datasets (supervised learning)
learning)

Computational Large model architectures Smaller models; faster training

Footprint (hundreds of millions to and low-latency inference
billions of parameters); high
training and inference latency

Typical Use Cases Content generation, creative Classification, anomaly
design, scenario simulation, detection, risk scoring, rule-
synthetic data augmentation based decisions

Example Chatbots, code generation, Fraud detection, spam

Applications marketing content, product filtering, credit scoring,

biometric ID verification

The comparison in Table 1 can also be interpreted through the lens of
classical Management Information Systems typologies. Discriminative Al
aligns closely with Transaction Processing Systems (TPS) and traditional
MIS, where speed, accuracy, and rule-based decision-making dominate. These
systems rely on structured data and predefined logic, making discriminative
models well suited for operational control and routine managerial reporting.

Generative Al, in contrast, exhibits stronger alignment with Decision
Support Systems (DSS), Executive Support Systems (ESS),
Knowledge Management Systems. These systems operate under conditions
of uncertainty, ambiguity, and strategic exploration, where the ability
to synthesize information, simulate scenarios, and generate alternative
narratives adds value. From this perspective, generative Al does not replace
existing MIS layers but extends the upper tiers of the MIS hierarchy by

and

enhancing analytical creativity and strategic sense-making.

2. The Foundational Role of GenAl in Management Information
Systems (MIS)

Generative Al should be regarded not as a mere add-on to existing
systems, but as a strategic force capable of reshaping the core of Management
Information Systems. Its impact spans three critical domains: strengthening
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decision-making, improving operational performance, and redefining how
knowledge is created and shared across the enterprise. Recent industry
research demonstrates that the most immediate economic gains from GenAl
are emerging in areas where creativity, customization, and direct customer
engagement are central. For instance, a McKinsey analysis estimates that
about 75% of GenAI’s near-term business value will concentrate in customer
operations, marketing and sales, software engineering, and R&D use cases
(Chui et al., 2023). This finding indicates where organizations should
prioritize early GenAl investments to capture rapid returns. If a company
aims for “quick win” applications of GenAl, it would do well to start with
customer support virtual agents, generative marketing content, Al-assisted
programming tools, or research & development accelerators — domains
where GenAl can immediately drive innovation and efficiency.

Atthe same time, GenAl acts as a catalyst for accelerating core management
processes. By streamlining the flow of information and enabling faster
production of actionable insights, it enhances an organization’s capacity to
adjust operations swiftly. For example, generative Al systems can rapidly
summarize market trends or customer feedback, allowing management
to respond in near-real-time. This heightened responsiveness improves
organizational adaptability in the face of competitive pressures and volatile
economic conditions. In today’s unpredictable markets, the ability to
pivot quickly is a critical determinant of sustained competitive advantage.
McKinsey’s research suggests that current generative Al technologies (along
with other automation) could automate 60-70% of employees’ time spent
on routine activities, freeing humans to focus on high-impact strategic work
(Chui et al., 2023). By assuming responsibility for repetitive, low-value
tasks, GenAl allows staff to concentrate on innovation, problem-solving,
and strategic thinking. The resulting boost in organizational agility and
creativity can strengthen competitive positioning, as companies that learn
and adapt faster are better poised to seize new opportunities or mitigate
emerging threats.

However, it must be emphasized that these advantages will only be
tully realized if enterprises proactively manage the ethical and operational
challenges accompanying GenAl adoption. Issues such as “hallucinated”
outputs (Al-generated misinformation), vulnerability to data leaks, and
biases embedded in model training data pose non-trivial risks to business
integrity and trust. It is clear that incorporating GenAl into MIS is not
a plug-and-play endeavor — it requires strategic foresight and governance.
MIS leaders should therefore treat GenAl as both a source of innovation
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and a driver of organizational change, warranting careful alignment with
corporate objectives and risk management practices.

Generative Al stands to become a foundational element of next-generation
MIS because it amplifies what organizations can do with their information:
create new knowledge and content, not just process what already exists. By
doing so, GenAl redefines the scope of MIS from systems of record and
analysis to systems of imagination and innovation. The following sections
examine the technological underpinnings of this shift — namely; the rise of
large language models and advanced Transformer architectures — and how
these technologies can be harnessed within robust enterprise architectures.

3. Structural Foundation: Large Language Models and Sequence-
to-Sequence Architectures

The extent to which generative Al can be effectively leveraged in MIS
depends largely on the technological architecture supporting it. At the center
of modern GenAl implementations are foundation models — deep learning
models trained on massive, broad datasets that can be adapted to a wide
range of tasks (Rombach et al.; 2022). The most prominent examples today
are large language models (LLMs) , which represent the most widely deployed
class of foundation models. Trained on enormous corpora of unstructured
text (and sometimes code or images), LLMs exhibit a remarkable ability
to both generate and interpret complex natural language. Yet the notion
of a “foundation model” extends beyond language alone, encompassing
multimodal systems capable of producing code, structured tables, images,
audio, and other sophisticated content types. Early foundation models
included text-only LLMs like OpenAl’s GPT series and Google’s BERT.
Today, similar approaches are being applied to other data modalities: e.g.,
models like DALL-E and Stable Diftusion for image generation, MusicGen
for music, and large code models for software development. This breadth
means GenAl can touch virtually every information asset in an enterprise
— documents, databases, logs, designs — blurring the lines between data
creation and consumption.

Underpinning many of these generative systems is the sequence-to-
sequence (Seq2Seq) architecture, often implemented via an encoder-decoder
Transformer model. Sequence-to-sequence frameworks are specifically
designed to transform one sequence into another, even when the input and
output lengths difter. This flexibility makes Seq2Seq invaluable for tasks
like language translation (input sentence to output sentence), abstractive
summarization (long text to short summary), or conversational Q&A
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(user query to answer). In a classical Seq2Seq model, an encoder network
processes the input sequence and distills its information into a latent
representation (often a fixed-length vector). A decoder network then
generates the output sequence from this representation, step by step (Min
et al., 2023). Importantly, modern Transformer-based implementations
extend this design with a multi-head self-attention mechanism, allowing
both the encoder and decoder to dynamically focus on the most relevant
parts of the sequence (or on each other’s outputs via cross-attention). This
attention-driven architecture significantly improves the contextual accuracy
and richness of the generated outputs, compared to older recurrent neural
network approaches.

The strategic value of the encoder-decoder model reaches beyond
linguistics. Many high-impact organizational functions — ranging from
manufacturing and logistics to finance and I'T operations — are fundamentally
driven by sequential data such as event logs, time-series sensor readings,
transaction sequences, or process workflows (Min et al., 2023). The Seq2Seq
paradigm provides a unifying computational foundation for applying
generative techniques to these non-linguistic sequences as well. For example,
researchers have developed Seq2Seq-based models for detecting anomalies
in industrial time-series data (treating an equipment’s sensor readings as a
sequence to reconstruct and flag deviations). Others have encoded numerical
time-series into token sequences so they can be processed by transformer
models originally built for text. By using a shared sequence framework,
MIS teams can standardize tooling across text-based and numeric data
workflows, leveraging similar model architectures, libraries, and talent
skillsets for diverse tasks. This cross-domain alignment simplifies MLOps
(machine learning operations) and improves infrastructure efticiency, since
the same GenAl platform might support both an NLP application and,
say, a network intrusion detection system that analyzes event sequences. In
short, encoder-decoder architectures serve as a lingua fianca ot generative
modeling, allowing enterprises to apply common techniques to many forms
of data.

3.1. Low-Code / No-Code Platforms as Enablers of Generative
MIS

Alongside advances in large language models and retrieval-based
architectures, the practical integration of generative Al into Management
Information Systems increasingly depends on Low-Code / No-Code (LCNC)
platforms. These platforms function as organizational interfaces that lower
the technical barrier for interacting with complex Al systems, enabling non-
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technical users—such as managers, analysts, or domain experts—to build
workflows, query data, and experiment with generative applications without
writing software code. In this sense, LCNC environments act as a socio-
technical bridge between advanced Al capabilities and everyday managerial
decision-making.

When combined with generative Al, LCNC platforms accelerate
experimentation cycles within MIS. Business users can rapidly prototype
Al-assisted reports, scenario simulations, or customer insights dashboards,
while IT departments retain oversight over data governance and model
deployment. This shift redistributes analytical agency across the organization,
transforming MIS from a centralized technical function into a distributed
innovation infrastructure. Rather than replacing traditional development
practices, LCNC platforms complement them by enabling faster iteration,
improving cross-functional collaboration, and enhancing organizational
learning.

From a strategic perspective, LCNC adoption amplifies the value of
generative Al by ensuring that advanced models do not remain confined
to specialized data science teams. Instead, GenAl-enabled LCNC tools
democratize access to enterprise knowledge, thereby reinforcing MIS’s
evolving role as an adaptive system that supports exploration, creativity, and
informed decision-making under uncertainty.

We next delve into the evolution of these architectures — in particular,
how the Transformer design supplanted earlier sequence models — and then
examine the variants of Transformer models (encoder-only, decoder-only,
and combined) that now drive different enterprise use cases.

4. The Evolution of LLMs: From Sequence-to-Sequence to
Transformers

The Transformer architecture, now the foundation of modern LLMs,
was originally developed to overcome limitations in earlier natural language
processing approaches. Classical sequence models like recurrent neural
networks (RNNs) and long short-term memory (LSTM) networks had
difficulty capturing long-range dependencies in text and were constrained
by their sequential processing nature. Because RNNs process tokens one-
by-one in order, they struggled to retain context from far-back in a long
sequence, and they could not be easily parallelized during training (each step
depended on the previous one). These issues made training on very long
sequences or very large datasets slow and less effective (Chui et al., 2023).
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The landmark 2017 paper “ttention Is All You Need” introduced the
Transformer as a solution to these problems (Vaswani et al., 2017). The
Transformer architecture eliminated recurrence entirely, relying instead on
self-attention mechanisms to process the entire input sequence in parallel. In
self-attention, each token in a sequence can attend to (i.e., consider) every
other token directly, weighted by learned attention scores, regardless of their
positions. This enabled the model to capture long-range relationships more
effectively (since distance in the sequence matters less when any token can
directly attend to any other) and allowed for much greater parallelization
during training on GPUs. The result was a dramatic leap in scalability:
Transformers could be trained on orders of magnitude more data than
RNNE, leading to the massive model sizes that characterize today’s LLMs
(with tens or hundreds of billions of parameters).

Initially, Transformers were conceived with an encoder-decoder structure
(e.g., for translation tasks). As the technology matured and organizations
applied Transformers to a wider range of needs, three specialized architectural
formats emerged: encoder-only models, decoder-only models, and the
combined encoder-decoder configuration. These correspond to different
subsets of the full Transformer and are suited to different categories of tasks.
Below, we unpack each of these model types and their relevance to enterprise

MIS.

4.1 Architectural Classification: Encoder, Decoder, and Hybrid
Designs

Encoder-Only Models: These models use only the Transformer’s
encoder stack. The encoder processes an input sequence (e.g., a sentence or
document) by iteratively applying self-attention and feed-forward layers to
build a rich, context-aware representation of the entire sequence. Because
the encoder’s self-attention is bi-directional (each token attends to all
other tokens, left and right), encoder-only systems are highly effective for
tasks that require deep understanding of input text (Devlin et al., 20119).
Examples of encoder-focused models include BERT (Bidirectional Encoder
Representations from Transformers) and its variants like ROBERTa. During
pretraining, these models often use objectives like masked language modeling,
where some words are hidden and the model must infer them from context,
thereby learning nuanced language representations. Encoder-only models
do not have a generative decoder component, so they are typically not used
to produce free-form text output; instead, they shine in analytical tasks on
text (Rogers et al., 2020). This includes classification (e.g., classifying a
document’s topic or sentiment), entity extraction (identifying names, dates,
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etc. in text), and similarity or semantic search tasks. Within enterprises,
encoder models are valuable for workflows like document classification
(categorizing emails or tickets), sentiment analysis of customer feedback,
or information extraction from contracts and forms. They can be fine-tuned
on domain-specific data to achieve very high accuracy, even with relatively
modest model sizes (BERT-base has ~110 million parameters, BERT-large
~340 million). This balance of strong language understanding at moderate
scale translates to efficient inference for real-time applications — a key reason
these models are often deployed for tasks requiring quick, on-the-fly analysis
of text.

Decoder-Only Models: These models use only the Transformer’s
decoder stack, which is designed for text generation. A decoder produces
output sequences autoregressively, meaning it generates one token at a
time and, at each step, can only attend to previously generated tokens (via
masked self-attention) (Bengio et al., 2003). This setup ensures that the
model cannot “see” future output tokens during generation, which forces
it to construct the output in a left-to-right manner consistent with natural
language production. Decoder-only models are thus optimized for fluent
and coherent text generation. The most notable examples are the GPT
(Generative Pre-trained Transformer) family (e.g., GPT-2, GPT-3, GPT4)
and similar large language models like Meta’s LLaMA (Touvron etal., 2023).
These models are typically pretrained with a simple objective: predict the next
word given all prior words in the sequence (also known as causal language
modeling). Despite the simplicity of this training task, when scaled up with
huge datasets and parameters, decoder-only LLMs acquire an impressive
range of capabilities. They can continue a prompt in a contextually relevant
way, compose answers to questions, summarize texts, write code, and much
more. In business workflows, decoder-only models are the engines behind
generative applications: producing marketing content drafts, generating
responses in chatbots, writing software boilerplate, or summarizing long
reports. They have also been adapted to extract information by framing
extraction tasks as “fill in the blank” or Q&A generation problems. One
trade-oft is that these models tend to be extremely large (often many billions
of parameters) to achieve high performance, which brings higher inference
costs and latency. Studies have found that for understanding-focused tasks,
using a giant decoder model is often overkill: an encoder-based model
can achieve equal or better accuracy with a fraction of the computational
demand. Thus, many enterprises use decoder LLMs specifically when text
generation is needed, and switch to smaller architectures for pure analysis
tasks.
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Combined Encoder-Decoder Models: These models (also called full
Transformer or Seq2Seq models) integrate both an encoder and a decoder
(Sutskever et al., 2014). The encoder first reads and encodes the source
sequence; then the decoder generates the target sequence, with each decoder
step attending both to earlier outputs and to the encoder’s outputs via an
encoder-decoder attention mechanism (Lewis et al., 2020) (Figure 1). This
architecture is ideally suited for any task where the system must transform
an input into a distinct output — classic examples being machine translation
(input sentence in French, output in English) or document summarization
(input a report, output a summary). Modern encoder-decoder LLMs like
T5 (Text-to-Text Transfer Transformer) and BART exemplify this design.
They are often pretrained on mixed objectives that blend understanding and
generation — for instance, T5 treats every task (translation, Q&A, etc.) as a
“text-to-text” problem where it conditions on some input text and generates
output text. The presence of the encoder means these models grasp input
context deeply, while the decoder allows free-form output, striking a balance
between the other two model types (Ji et al., 2023).
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Figure 1. The Transformer Encoder-Decoder Architecture for Sequence-to-
Sequence Tasks. Note: As depicted, the architecture consists of two main blocks:
the Encoder (right), which processes the input into a context vector, and
the Decoder (left), which generates the output. The critical Cross-Attention
mechanism connects them, allowing the generative process to attend to specific
parts of the input sequence, a fundamental design for tasks like translation and
summarization.

In enterprise settings, encoder-decoder models are extremely useful for
multi-step knowledge tasks. For example, they can translate documents for
multilingual operations, convert unstructured text into structured outputs
(parsing an invoice into a database entry), or generate executive summaries
of long reports. A notable advantage of encoder-decoder systems is that
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the encoder’s full awareness of the input can help ground the decoder’s
generation, reducing the chance of deviating off-topic or hallucinating
irrelevant content. Because the decoder is constantly “paying attention” to
the encoder’s representation of the source, the output tends to stay faithful
to the input’s facts and context. This makes such models especially reliable
for high-stakes applications like summarizing legal documents or translating
compliance materials, where accuracy is paramount.

4.2 The Financial and Operational Impact of Architectural Choice

From a business perspective, choosing the right AI model architecture
is not just a technical decision but also a financial and operational one.
Developing an effective enterprise Al roadmap requires aligning the
organization’s goals with the model type best suited for the intended task
—and doing so in a cost-efficient manner. In large-scale LLM deployments,
inference (model runtime) often represents a significant portion of total
cost of ownership. Therefore, understanding the nature of the workload
(comprehension-intensive vs. generation-intensive vs. transformation)
should guide the architectural decision.

For tasks that emphasize text understanding rather than generation,
encoder-only models can offer strong results at lower cost. For example,
models like BERT or RoBERTa achieve state-of-the-art accuracy on many
language understanding benchmarks with on the order of only a few
hundred million parameters. RoBERTa-base (~125 million parameters)
or RoBERTa-large (~355 million) can be fine-tuned to perform sentiment
analysis, document classification, or named entity recognition with high
accuracy and relatively fast inference times (Minaee et al., 2021). Deploying
such a model for an internal analytics dashboard or real-time alerting system
is financially attractive because it can run on CPUs or modest GPU instances,
processing many requests per second. In contrast, assigning a multi-billion-
parameter decoder-only model (like GPT-3) to the same classification task
would incur far greater computational overhead without improving results.
In essence, if a task does not require the generation of new content, using a
massive text generator is inefficient. Organizations have found that they are
better served by using smaller, well-tuned encoder architectures for workloads
that primarily involve extracting insight from text rather than producing it.
This approach improves both performance and cost-efficiency, as shown in
research comparing model types: for certain NLP tasks, compact encoder
models not only ran faster but even outperformed much larger decoder
models in accuracy.
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On the other hand, if the task does require substantial text generation or
complex interaction (such as a customer-facing chatbot that must produce
answers, or an Al writing assistant), then the decoder or encoder-decoder
models are justified despite their higher compute needs. Even here, a nuanced
approach can optimize costs (Li et al., 2023). One strategy is to employ
a two-stage pipeline: an encoder model first filters or analyzes inputs to
identify when generative output is needed, then a decoder model is invoked
only for those cases. Another strategy is model distillation or parameter
reduction — for instance, using a smaller distilled version of a large model
for most queries and falling back to the large model only for particularly
difficult or high-value queries.

The key principle is 7ight-sizing the model to the task. This not only
ensures technical fit but also aligns with FinOps (financial operations) goals
of controlling cloud expenditure and maximizing the ROI of Al initiatives.
Organizations that successfully balance these factors treat model selection
as a component of business architecture, not just IT architecture. They
develop guidelines for when to use which type of model, considering factors
like response latency requirements, privacy (smaller models can often be
deployed on-premises or at the edge, avoiding cloud costs), and the criticality
of accuracy vs. creativity in the task at hand.

5. Challenges, Ethics, and Future Perspectives

The widespread integration of generative Al into MIS brings a set of
complex challenges related to data governance, ethical responsibility, and
organizational alignment. Enterprises must tackle these concerns in parallel
with technical innovation to ensure long-term, sustainable adoption of
GenAlL Ignoring these factors could lead to financial, legal, or reputational
damage that undermines the gains from Al.

5.1 Data Management, Privacy, and Security Challenges

Deploying GenAl in corporate environments often entails handling large
volumes of sensitive information — customer records, proprietary financial
data, internal strategy documents, intellectual property, and more. Feeding
such material into Al models, especially those hosted on public cloud
services, heightens the risk of privacy violations and security breaches. A key
issue is that many advanced GenAl models (like GPT-4) run on third-party
infrastructure (OpenAl, Azure, etc.), meaning any data input to them leaves
the organization’s direct control. This raises concerns about unauthorized
access or retention of data by the service provider. Indeed, if confidential
business data or personally identifiable information (PII) is inadvertently
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leaked through an AI service, companies could face severe consequences
under privacy laws (e.g., GDPR fines) and breach of contract or secrecy
claims.

To illustrate, consider an employee who uses a cloud-based GenAl
tool to help draft an internal report, and in doing so, inputs excerpts of a
confidential strategy memo. If the GenAl provider retains that input and it
later becomes part of the model’s training data or is otherwise exposed, the
strategic secret could be revealed to others — a nightmare scenario for data
governance. In one publicized case, it was reported that proprietary code
input to a GenAl service was later found in responses given to other users,
indicating a data leak through model retraining. These scenarios highlight
that data governance policies must evolve when GenAl is in use.

To mitigate such vulnerabilities, organizations are instituting rigorous
security controls and usage policies around GenAl. Strong encryption
should protect data in transit to and from Al services and at rest. Data
masking and anonymization techniques can be applied so that, whenever
possible, sensitive identifiers (names, SSNs, etc.) are removed or tokenized
before sending data to an AI model. Strict access controls and authentication
ensure only authorized personnel and systems can invoke the GenAl with
certain data. Moreover, comprehensive governance policies are being
crafted to define what data is permissible to use with GenAlI and under
what conditions. Many companies now maintain an internal “allowed vs.
disallowed” list for GenAl usage — for instance, public cloud GenAl might
be allowed with non-sensitive data, but any customer PII or secret project
info may only be used with GenAl models deployed in a private cloud or
on-premises environment.

A technical approach gaining traction to enhance data protection is
Retrieval-Augmented Generation (RAG). Under a RAG framework,
sensitive enterprise knowledge (documents, databases) is stored in a secure
vector database under the company’s control (Gao et al., 2023). When the
GenAlI needs information, relevant chunks are retrieved and provided to the
model as context, rather than the model being trained on the raw data itself.
This way, the generative model’s output remains grounded in enterprise
data, but the data itself isn’t absorbed into the model’s weights where it
could be regurgitated arbitrarily. The model eftectively acts as a reader of
corporate data, not a repository (Figure 2). By keeping proprietary data in an
isolated retrieval system separate from the model, RAG significantly limits
the possibility that raw sensitive data will be reproduced in outputs or learned
by the model in a way that could leak it (Lewis et al., 2020). Furthermore,
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companies are choosing GenAl solutions that operate entirely within their
private cloud or on-premises servers for highly sensitive applications. For
example, some vendors offer on-prem LLM deployments or appliances so
that all data processing stays behind the corporate firewall (Yao et al., 2024).
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Figure 2. Architectural Data Flow of Retrieval-Augmented Generation (RAG) in
Enterprise Systems. Note: This schematic illustrates the decoupling of proprietary
enterprise data from the Large Language Model (LLM). By dynamically vetvieving
relevant context firom a securve vector database only durving query execution, the system
ensures that vesponses ave grounded in factual vecovds while maintaining data privacy,
as the model weights remain firozen

In addition to confidentiality, GenAl introduces new wrinkles to security
policies. Traditional I'T security measures (firewalls, DLP systems, etc.) must
be updated to monitor GenAl usage. For instance, some organizations have
implemented filters on corporate networks to detect and prevent users from
pasting large dumps of data into external Al web services. Others require
that any prompt to an Al that contains business data be logged (if possible)
for audit purposes, or they disable GenAl access entirely on networks with
classified data.

Another concern is that GenAl can unintentionally output sensitive info
it saw in trauming data (a phenomenon where a model reveals parts of its
training set). Thus, even if your company doesn’t give an Al any internal
data, if the model was trained on something like leaked passwords or personal
data from the internet, it might regurgitate that. Addressing this requires
thorough vetting of model providers — companies need assurances (and
ideally technical proof via red-teaming or audits) that the model isn’t going
to spout confidential data from other sources. The legal agreements with
cloud Al providers are also crucial; many have updated terms to promise
they won’t use customer inputs to retrain models without permission,
precisely to alleviate these privacy concerns.
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Introduction of GenAl into MIS necessitates a reassessment of data
governance and security frameworks. Key steps include: establishing clear
policies on allowed data usage for GenAl, leveraging architectural solutions
like RAG that keep sensitive data segregated, insisting on privacy-protective
terms from Al vendors, and layering multiple security controls (encryption,
monitoring, user training) to safeguard information flows. Organizations
that approach GenAl deployment with a “security by design” mindset —
integrating these protections from the outset — will be far better positioned
to exploit GenAI’s benefits without suffering unintended data leaks or
privacy infractions.

5.2 Model Bias, Accuracy (Hallucinations), and Ethical Challenges

Two major factors threaten the reliability and acceptance of GenAl
outputs: bias within the models and the phenomenon of hallucination. Bias
can lead Al systems to produce systematically unfair or prejudiced results,
while hallucinations refer to the model generating information that is false
or not grounded in reality. Both issues directly erode trust in MIS-generated
insights and can carry legal or reputational repercussions.

Bias in Al models arises because the models learn from historical data
that often contains societal or institutional biases. GenAl can inadvertently
amplify stereotypes or discriminatory patterns present in its training set.
For instance, an Al recruiting assistant might, if naively trained on past
hiring data, favor male candidates for engineering roles due to historical
imbalance, thereby perpetuating gender bias. Or a generative image model
might produce mostly images of men when asked for “CEO” and mostly
women for “assistant,” reflecting biased associations (Kochling and Wehner,
2020). In a text context, biases can manifest in subtler ways in content
or recommendations. These outputs can be not only embarrassing for a
company but could also violate anti-discrimination laws. For example, if an
Al customer service agent consistently responds less helpfully to queries in
certain dialects or from certain locations due to biased training, that could be
a compliance issue (fair lending laws, etc., in finance context).

Generative AD’s biases have real-world impact. A 2023 study on a
generative image model (Stable Diftusion) found it amplified both gender
and racial stereotypes in the images it created. If an enterprise were to use
such a model to, say, generate marketing visuals or profile illustrations, it
might unintentionally produce content that marginalizes certain groups
— e.g., depicting professionals overwhelmingly as one race/gender. The
“veneer of objectivity” around Al can also make people less likely to question
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these outputs, which is dangerous. Thus, managing bias is not just a moral
imperative but necessary for business inclusivity and compliance.

Hallucinations refer to the tendency of LLMs to sometimes fabricate
facts, figures, or citations that sound plausible but are incorrect. This occurs
because the model’s goal is to produce fluent, contextually relevant text, not
to guarantee truthfulness. It will fill gaps with its best guess, which can be
entirely wrong (Luccioni et al., 2023). In enterprise settings, hallucinations
are a serious issue if GenAl is used for any decision support or informational
purpose. Consider an Al assistant that summarizes legal cases for lawyers:
there was a notable incident (Mata v. Avianca case) where an attorney
submitted a brief containing case citations that ChatGPT had invented,
thinking they were real. The result was professional embarrassment and a
stern warning from the judge. If a financial analyst used GenAl to answer
“What were our Q3 profits in 2019?” and the AI confidently gives a wrong
number, decisions made on that could be harmful. The risk is magnified in
customer-facing scenarios. Imagine a chatbot giving a customer incorrect
instructions that cause harm or a medical advisory bot hallucinating a
nonexistent treatment recommendation — the liability for the enterprise
could be substantial.

Tackling bias and hallucination requires a multi-pronged approach. One
strategy is rigorous evaluation and testing of models before deployment.
Organizations are adopting “bias bounties” and internal red-team exercises
to probe their GenAl models with diverse inputs and see where problematic
outputs occur. Bias testing might involve inputting prompts that describe
individuals of diftferent demographics in various roles and checking for
skew in responses. For hallucinations, factual QA tests are run — e.g., ask
the model a set of questions with known answers (often drawn from the
company’s actual data) and measure accuracy.

On the procedural side, implementing recurring ethical audit cycles
is crucial. Just as financial processes are audited, Al systems should be
periodically audited for ethical and performance issues. This could be done
by an internal AI governance committee or external experts. They can review
a random sample of GenAl outputs for appropriateness and correctness, and
examine logs to catch patterns of errors or bias.

Technical mitigations are also emerging. One effective method to
improve factual accuracy is integrating retrieval mechanisms (RAG) as
discussed — by grounding the model in up-to-date, authoritative data sources
when answering questions, the incidence of hallucination is greatly reduced.
In fact, research shows that retrieval-augmented models not only are more
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accurate but users trust them more, especially if the sources are cited. Some
GenAl systems now output references or highlight which parts of the answer
come from which document, to provide transparency.

To combat bias, fine-tuning models on carefully curated datasets and
applying debiasing algorithms can help adjust model weights. For instance,
if an enterprise finds its model tends to produce gendered assumptions, they
can fine-tune on data that counteracts this or explicitly instruct the model via
prompt or system message to avoid certain stereotypes. Tools exist to post-
process model outputs and scrub them of biased language (though they are
not foolproof). Another angle is diversitying the human feedback in RLHF
(reinforcement learning from human feedback) — ensuring that the people
rating Al outputs come from diverse backgrounds so that their feedback
teaches the model a more balanced perspective.

There is also a role for user education and user interface design. For
example, whenever a GenAl system presents an answer, especially internally,
it can come with a disclaimer like “This is Al-generated and may contain
inaccuracies.” Encouraging users to verify critical information and not
blindly trust Al is part of building a healthy Al-aware organizational culture.
Some companies implement features where the AI will only provide answers
with a certain confidence threshold or will explicitly state when it’s unsure or
when multiple interpretations are possible, prompting a human to double-
check.

Finally, regulation is likely on the horizon requiring companies to address
Al bias and transparency. New York City already has a law mandating bias
audits for Al hiring tools. The EU’s proposed Al Act might classify certain
enterprise Al uses as high-risk, requiring strict oversight. Forward-thinking
enterprises are preparing by documenting their Al development processes,
decisions made to mitigate bias, etc., creating an audit trail that could be
shown to regulators or external stakeholders.

In essence, bias and hallucinations are the Achilles’ heel of GenAl
in MIS. If not addressed, they can undermine all the potential value by
leading to flawed analyses, offended customers or employees, or even legal
sanctions. Addressing them is an ongoing process: as AI models are updated
or encounter new inputs, new forms of bias or error could emerge, so
vigilance 1s required. By implementing rigorous evaluation, combining Al
with knowledge bases, involving human feedback, and setting up strong
governance, organizations can significantly safeguard against these failure
modes of GenAl.
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5.3 Future Focus: Reinforcement Learning and Autonomous
Decision-Making

Looking ahead, a major frontier for generative Al in MIS is enabling
Al systems to make autonomous decisions that remain aligned with human
intentions, ethical norms, and organizational goals. A central methodology
driving progress in this area is Reinforcement Learning from Human
Feedback (RLHF). RLHF blends reinforcement learning techniques
with curated human input to fine-tune AI model behavior in complex or
subjective tasks (Ouyang et al., 2020).

Traditional AI optimization uses predefined reward functions —
mathematical proxies for the task objective. However, for many high-level
goals (like being helpful, truthful, or avoiding offense), it’s extremely difficult
to hand-craft an adequate reward function. RLHF tackles this by learning
a reward model from human preferences: humans evaluate the AI’s outputs
(e.g., rank multiple responses to a prompt from best to worst), and the
AT learns from these judgments to internalize what humans consider good
behavior. In essence, RLHF injects a human value system into the training
loop, allowing the model to optimize not just for likelihood of data, but for
human approval according to specific criteria.

OpenAT’s ChatGPT is a prime example of RLHF in action: after initial
pre-training, the model was refined through RLHF by showing it prompt-
response pairs and having human raters score which responses were more
helpful or correct. The result was a model that, compared to its pre-RLHF
version, is far more aligned with user expectations (e.g., it politely refuses
requests for disallowed content, it follows instructions more rigorously,
etc.). Many state-of-the-art LLMs from Anthropic, DeepMind, and others
also leverage RLHF for alignment.

In the context of MIS, RLHF can be pivotal for ensuring Al-driven
decision support systems act in accordance with company values and
policies. For example, a future Al-powered decision support system (DSS)
might autonomously suggest business strategy changes, adjust pricing in
real-time, or negotiate with suppliers’ Al agents. We would want such a
system to optimize for profit and efficiency while respecting legal, ethical,
and reputational boundaries. A purely algorithmic reward (like profit
maximization) might lead to strategies that, say, exploit customers or
violate regulations if unchecked. With RLHE the model can be trained
to incorporate human-defined constraints and soft goals — like fairness,
transparency, or customer satisfaction — into its decision criteria. Essentially,
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RLHF becomes a mechanism to embed a conscience or policy adherence
into Al agents.

As an example, consider an Al system in finance that manages a portfolio.
Beyond just maximizing return, the firm might have ethical investment
guidelines (no investing in certain industries, or considering ESG scores).
Through RLHE the system can learn a reward model that penalizes
strategies conflicting with those values, because human feedback would rate
such strategies poorly even if they yield profit. The Al then seeks strategies
that find a balance — good return but within ethical boundaries — mirroring
how a human portfolio manager would operate under guidelines.

Another emergent use of RLHF is in tuning models to local legal
requirements and cultural norms. Al that interacts with the public in
different regions may need to adjust its responses to align with local
sensibilities or regulations (for instance, privacy laws differ by country, or
what is considered offensive varies culturally). By collecting human feedback
from different demographics and locales, an Al could learn to modulate its
behavior appropriately depending on the user’s context.

Importantly, RLHF is not just about avoiding negatives; it’s also about
enhancing positive, desired behaviors that are hard to encode otherwise. For
instance, “Write code that is easy to read and well-commented” — a classical
reward function can’t capture code readability, but human programmers can
judge it. Using their feedback, an AI code assistant can improve not just on
functional correctness, but style and clarity.

In the long run, RLHF may evolve into broader reinforcement learning
from human nteraction. Rather than static feedback datasets, models could
continuously learn from how humans actually use and react to them in
deployment. We see glimpses of this in personalization algorithms (like
recommendation systems tweaking based on user clicks), but applying it to
large generative models at scale is an active area of research. Some envision
Al “agents” that observe human colleagues or managers and learn from their
reactions or corrections in real-time to refine their policy, analogous to a
junior employee learning on the job.

There are challenges: human feedback can be inconsistent, biased, or
costly to obtain. It also raises questions of whose values are being taught
to the Al (hence the need for diverse feedback providers to avoid injecting
bias). However, the alternative — Al learning values purely from data or
static rules — seems insufticient for complex social and ethical alignment.
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For enterprises, investing in RLHF infrastructure means putting in place
the workflows to gather quality feedback. This could involve employing
human reviewers (or leveraging crowd-sourcing platforms) to rate Al
outputs in the context of the company’s use cases. Some firms might create
“Al ethics boards” that define the guidelines and oversee the RLHF training
processes, essentially serving as the teachers of the AD’s value system. Over
time, as models become more self-directed (like autonomous business agents
negotiating deals or adapting supply chain parameters on the fly), RLHF will
be essential to trust these agents with more control. It establishes guardrails
in the form of learned human-approved policies within the Al

6. Conclusion and Strategic Recommendations

Generative Al has moved far beyond its early role as a niche automation
tool within MIS. It is now becoming a central driver of economic and
strategic value across industries. Recent estimates suggest that GenAl
could contribute an additional $2.6—4.4 trillion annually to the global
economy, spanning a vast range of use cases and sectors (Chui et al., 2023).
This transformative potential is unfolding along three strategic pillars
for enterprise MIS: (1) ensuring dependable information access through
retrieval-augmented generation (to ground Al in facts), (2) expanding
analytical capacity with low-code/no-code platforms (to democratize Al
use), and (3) securing long-term ethical alignment through reinforcement
learning from human feedback.

By taking over tasks that once demanded extensive human labor — from
drafting routine communications to analyzing data — GenAl is freeing
employees to focus on higher-value activities. Staff can spend more time
on strategic thinking, creativity, and complex problem-solving, while Al
handles repetitive or highly data-intensive chores. The resulting boost
in organizational productivity and adaptability strengthens competitive
positioning. Employees augmented with GenAl tools can iterate faster,
explore more ideas, and respond to changes with greater agility. In a very
real sense, GenAl, when properly deployed, acts as a force multiplier for
human talent.

However, this evolution will only be sustainable if companies carefully
manage the attendant ethical and operational challenges. Issues such as
hallucinated misinformation, data security vulnerabilities, and embedded
model biases need ongoing attention, as discussed in Section 6. For GenAl
to remain an asset rather than a liability, MIS leaders must instill robust
governance — from validating outputs to protecting data and aligning Al
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goals with human values. Technical fixes like RAG and RLHF are part of the
solution, but an organizational culture that treats Al outputs with healthy
scrutiny and emphasizes continuous improvement is equally important.

In this regard, we highlighted RAG as a technical necessity for mitigating
immediate accuracy risks (grounding Al answers in real data reduces errors
and prevents leaks), and RLHF as providing the structural basis for long-
term ethical robustness (teaching AI systems the “rules of the road” for
acceptable behavior). Both are complementary: RAG addresses what the Al
knows and cites (ensuring it knows the right facts), while RLHF shapes sow
the Al uses that knowledge in alignment with human expectations.

To fully harness GenAT’s strategic advantages and minimize its risks in an
enterprise setting, MIS leadership should orient efforts around the following
top priorities:

1. Buildinga RAG-Centered Foundation for Reliability: The reliability
of GenAl-powered systems hinges on eliminating hallucinations and
ensuring factual correctness. Therefore, investment in Retrieval-
Augmented Generation should be a top strategic requirement. By
integrating verified enterprise data sources and specialized vector
databases into the Al pipeline, RAG ensures that GenAl outputs
remain grounded in trusted information. Beyond improving accuracy,
RAG also aids privacy: since models retrieve sensitive info as needed
instead of storing it, there’s less chance of unintended disclosure. In
practice, MIS teams should develop a solid data indexing and retrieval
layer before widescale deployment of GenAl applications. This might
include curating high-quality knowledge bases (wikis, document
repositories, FAQs) and using tools to embed and index this content.
The GenAl can then consult this “single source of truth” for the
organization when generating outputs, making it a foundational
infrastructure layer for any durable MIS-GenAl implementation.

2. Democratizing Analytics and Accelerating Innovation with
Low-Code/No-Code: To enhance agility and truly foster a data-
driven culture, organizations should expand the use of low-code/
no-code (LCNC) platforms across their MIS ecosystem. These tools
empower non-technical employees to perform advanced analytics
or even build Al-driven processes without deep programming
skills. For instance, a business analyst could use a no-code interface
to train a custom GenAl model on recent customer feedback and
ask natural language questions about emerging trends, all without
writing a line of code. By shifting day-to-day analytical tasks from
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centralized IT or data science teams to domain experts on the front
lines, LCNC dramatically speeds up internal innovation. Marketing
teams can prototype personalized GenAl-driven campaigns, HR can
develop Al-enabled hiring pipelines, etc., with minimal developer
involvement. Meanwhile, technical teams are freed to focus on more
complex, long-term projects. This broadening of analytical autonomy
means every department can meaningfully participate in the digital
transformation and AI innovation of the enterprise. MIS leaders
should invest in training and governance for LCNC usage, to ensure
quality and security as citizen development expands, but the payoff
is a more nimble organization where Al and analytics are pervasive.

3. Embedding Ethical Alignment through RLHF and Governance:
As Al systems (especially autonomous agents and DSS) become
more deeply embedded in business operations, ensuring they
remain aligned with human values and clear corporate ethics is
mandatory. Thus, investment in Reinforcement Learning from
Human Feedback and related governance processes is crucial to
manage emerging legal, ethical, and reputational risks. Concretely,
organizations should incorporate structured ethical reviews into their
AI development lifecycle. Techniques such as bias audits, fairness
testing, and adversarial robustness checks (somewhat analogous to
security penetration tests, but for ethics) need to be standardized.
For instance, an Al output audit might be conducted quarterly,
similar to financial audits. Moreover, developing internal guidelines
or adopting frameworks (like fairness principles or model cards
documentation) will help consistently evaluate models. RLHF can
be the mechanism to refine model behavior when automated metrics
fall short — by explicitly training models on human preferences for
correct vs. incorrect or appropriate vs. inappropriate outputs, the
AT’s decision-making gets aligned with complex human values that
are hard to encode otherwise. MIS governance should also involve
cross-functional committees (including legal, compliance, HR, and
technical leaders) to oversee Al ethics. By embedding these practices,
RLHF and ongoing human oversight become the foundational
mechanisms for building trustworthy, ethically consistent autonomous
decision-making into enterprise MIS platforms.

In closing, generative Al presents a once-in-a-generation opportunity
to redefine how enterprises leverage information. It can elevate MIS from
a primarily reactive, report-generating function to a proactive, innovation-
driving one — where AI not only informs decisions but also generates
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creative solutions and strategies. The organizations that succeed with GenAl
will be those that approach it strategically: marrying technical excellence
with governance, and bold innovation with responsibility. By focusing on
dependable information access (RAG), democratized innovation (low-
code GenAl), and aligned, ethical AI behavior (RLHF + governance),
enterprises can confidently integrate generative Al into their core and secure
its benefits for the long haul. The journey involves challenges and learning,
but the reward is an MIS function — and by extension, an organization — that
is smarter, faster, and more creative than ever before.
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Bolum 3

Dyjital Dontigiim Caginda Yonetim Bilisim
Sistemlerinin Stratejik Evrimi ve Yenilik¢i
Uygulamalar:

Hakan Kaya'

Ozet

Yonetim Biligim Sistemleri (YBS), dijital dontisiimiin merkezinde yer alan
stratejik bir disiplin olarak stirekli gelismektedir. Yapay zeka (YZ), biiytik veri,
bulut bilisim, blokzincir, Nesnelerin Interneti (IoT) ve artirilmis gergeklik
gibi teknolojilerin entegrasyonu sayesinde ig siireglerini koklii bir sekilde
doniistiirmektedir. Bu kitap boliimii, YBS’nin tarihsel geligimini, deger
yaratma yontemlerini ve yenilik¢i uygulamalarini sistematik bir bigimde ele
almaktadir. Ayrica, 6ngoriicii analitik, dogal dil igleme (NLP), robotik siireg
otomasyonu (RPA) ve ajanik YZ gibi ¢oztimlerin Orgiitsel strateji, karar alma
stiregleri ve operasyonel verimlilik tizerindeki etkilerini tartigmaktadir. Giincel
teknolojileri bir araya getirerek etik boyutlar (algoritmik yanhlik, seffaflik),
stirdiiriilebilirlik (yesil bilisim), siber giivenlik (post-kuantum kriptografi),
veri mahremiyeti ve ¢evik yonetim yaklagimlari (Agile, DevOps) gibi
konulara da deginmektedir. Tiirkiye ve Avrupa Birligi (AB) perspektifinden
yasal ve etik ¢ergeveler degerlendirmektedir. Gelecekteki yonelimler arasinda
kuantum bilisim, merkeziyetsiz sistemler ve duygusal YZ 6ne ¢tkmakta olup,
akademisyenlere, Ogrencilere ve karar vericilere hem teorik hem de pratik
iggoriiler sunmay1 amaglamaktadir. Aragtirma, McKinsey, Gartner ve NIST
gibi kaynaklara dayanarak YBS’nin rekabet avantaji, toplumsal fayda ve
stirdiiriilebilirlikteki roliinii vurgulamaktadr.

1. Giris

YBS disiplini, kuruluglarin bilgi teknolojileri (BT) araciligiyla is
stireglerini daha verimli bir gekilde yonetmelerine yardimci olan geleneksel
yapisindan, dijital doniigiimiin merkezinde yer alan stratejik bir role dogru
hizla evrilmektedir. 21. yiizyiln en biiyiik doniistiiriicii giicii olarak, hem
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is diinyasini hem de toplumsal yapiyr koklii bir sekilde degistirmektedir.
Bu siiregte YBS, uzun yillar boyunca kurumlarin arka ofis islevlerini
dijitallestirmekle sinirli kalmigsken, son on yilda stratejik doniigtimiin
kalbinde yer almaya baglamugtir. Artik YBS, yalnizca veri toplamak veya
rapor ¢ikarmakla kalmayip; YZ, biiyiik veri, blokzincir, IoT, bulut biligim
ve artirilmug gergeklik gibi ileri teknolojilerle entegre olarak, orgiitlerin ig
modellerini yeniden tanimlayan, rekabet avantaji yaratan ve siirdiiriilebilir
bir gelecek inga eden bir yonetsel disiplin haline gelmistir.

Bu baglamda, YBS artik sadece operasyonel verimlilik saglayan bir destek
tfonksiyonu olmanin 6tesine gegerek, ig modellerini yeniden gekillendiren, yeni
gelir kaynaklar1 olugturan ve siirdiiriilebilir rekabet avantaji inga eden temel
bir yetenek haline gelmigtir (Pearlson vd., 2024). 2025 itibariyla, kiiresel
teknoloji trendleri, yapay zekanin ajanik formlarindan kuantum bilisime
kadar uzanmakta ve bu gelismeler YBS’yi yeniden sekillendirmektedir.
McKinsey’nin 2025 Teknoloji Trendleri Raporu’na gore, YZ yatirimlart
124 milyar dolara ulagmug ve igletmelerin %781 en az bir fonksiyonda YZ
kullanmaktadir (Gartner, 2024).

Bu kitap boliimii, YBS’nin dinamik evrimini hem teorik derinligi hem
de pratik uygulanabilirligiyle ele almaktadir. Boliim, dijital doniigiimiin
sadece bir teknolojik degisim olmadigini, ayni zamanda kiltiirel, etik,
giivenlik, yonetigim ve siirdiiriilebilirlik gibi birgok boyutu olan ¢ok yonlii
bir doniigiim siireci oldugunu vurgulamaktadir. Okuyucular, YBS’nin
geleneksel karar destek sistemlerinden (KDS) 6ngoriicii analitige; RPA'dan
akalli siireg yonetimi ekosistemlerine; merkezi veri yonetimi yaklagimlarindan
merkeziyetsiz dijital kimlik ve platform ekonomisine nasil katki sagladigini
gorecektir.

Ayni zamanda boliim, Tiirkiye ve AB gibi belirli baglamlarda yasal
diizenlemelere (Kigisel Verilerin Korunmasi Kanunu, AB Genel Veri Koruma
Tiiztigii, AB Siber Giivenlik Yasasi, Ulusal Siber Giivenlik Stratejisi vb.),
post-kuantum kriptografi gibi yeni giivenlik paradigmalarina, yesil biligim
ilkelerine ve gevik yontemlerle YBS projelerinin nasil yonetilebilecegine dair
giincel konulara da yer vermektedir. Boylece sadece teknolojik yeniliklere
degil, bu yeniliklerin kurumlar ve toplum tizerindeki etkilerine de elestirel
bir bakig sunmaktadir.

Caligma, ozellikle lisans ve lisanstistii diizeyde YBS, isletme, BT ve dijital
doniisiim derslerinde ders kitabi ya da yardimer kaynak olarak kullanilabilecegi
gibi; akademisyenler, aragtirmacilar, kurumsal karar vericiler, siber giivenlik
uzmanlar1 ve dijital strateji danigmanlari icin de zengin bir bagvuru kaynag:
niteligindedir. Boliim boyunca sunulan vaka 6rnekleri, tablolar, 6ngortiler ve
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pratik oneriler, teorik bilginin uygulamaya nasil aktarilabilecegini gostermeyi
amaglamaktadir.

Sonug olarak, bu boliim YBS disiplininin “veri odakli karar vermenin
teknik arac1” olmanin 6tesinde, insan merkezli, etik bilingli, gevreye duyarl
ve stratejik bir yonetsel gii¢ haline geldigini savunuyor; gelecegin dijital
liderlerine bu vizyonla donanmalari igin rehberlik etmeyi hedeflemektedir.

2. Djjital Doniigiimiin Omurgas: Olarak YBS

Dijital doniigiim, sadece teknolojik araglarin benimsenmesiyle sinirh
kalmaz; aslinda, kurumlarin stratejik diigiinme bigimlerini, ig modellerini ve
orgiitsel yapilarini koklii bir sekilde yeniden sekillendiren ¢ok katmanli bir
stiregtir. YBS, bu doniigiimiin temelini olusturarak verinin, bilginin ve karar
destek mekanizmalarinin stratejik degerini artirmaktadir.

YBS, kurumlarin dijital olgunluk seviyelerini yiikseltirken, bilgi
teknolojilerini yalmizca destekleyici bir unsur olmaktan ¢ikarip, yonlendirici
bir gli¢ haline getirir. Tarihsel bir perspektiften bakildiginda, YBS’nin evrimi;
islem tabanl sistemlerden veri merkezli, 6ngoriicii ve entegre sistemlere
gecisi simgeler.

Bu boliimde, YBS’nin evrimsel gelisimi, deger yaratma mekanizmalari ve
rekabet avantajina katkisi ele alinacak; dijital doniigiimiin kurumsal bagarry1
nasil yeniden tanimladigina dair 6rnekler sunulacaktir.

2.1. YBS’nin Evrimi

YBS, BT ile igletme fonksiyonlarinin kesigiminde yer alan ve veriyi degerli
bilgiye doniigtiirmeyi amaglayan ¢ok disiplinli bir alandir. YBS’nin temelleri
1950’1 yillarda muhasebe sistemlerinde otomasyon ile atilmistir. 1980°lerde
KDS, 1990’larda ise kurumsal kaynak planlama (ERP) sistemleri one
gtkmugtir. 2000°1i yillardan itibaren bulut tabanli yonetim sistemleri ve veri
analitigi temelli karar destek modelleri dikkat ¢ekmigtir. 2000’lerin bagindan
itibaren dijital doniigiim dalgasiyla birlikte YBS, yalnizca “bilgi saglayan
araglar” olmaktan ¢ikip, kurumlarin stratejik varlig: haline gelmistir.

Giiniimiizde YBS, veri bilimi, yapay zeka, blokzincir ve IoT entegrasyonu
ile doniigiim gegirmektedir (Tarban vd., 2021). Dijjitallesme, bilgi yonetim
stireglerinde otomatik karar alma ve ongoriisel analiz gibi kavramlar1 6n
plana ¢ikarmaktadir. Mobilite ve sosyal medya gibi akimlar, YBS’yi daha
esnek, entegre ve tahmine dayali hale getirmigtir. Bu evrim, Sekil 1’de zaman
cizelgesi olarak ozetlenmistir.
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Sekil 1. YBS’nin Tarihsel ve Stratejik Evrimi (1950-2030)
Kaynak: Pearison vd. (2024); Turban vd. (2021); Yozar sentezi.

Sekil I'de goriildiigli gibi, YBS disiplini 1950’lerdeki operasyonel
otomasyon odakli roliinden, 2020’lerin akilli sistemleri ve 2030’lara kadar
uzanan Ozerk ekosistem yonetimi roliine dogru 6nemli bir evrim gegirmistir.
Bu degisim, teknolojinin artik sadece bir destek araci olmaktan ¢ikip, ig
stratejisinin  ve rekabet avantajimin merkezine yerlestigini agikga ortaya
koymaktadir.

2.2. Deger Yaratma ve Rekabet Avantajinin Yeniden Tanimlanmasi

Michael Porter’in rekabet stratejileri gibi geleneksel modeller, dijital
cagda artik yeterli olmaktan uzaklagmaktadir. YBS’nin bu yeni rolii, deger
yaratma siireglerini tamamen yeniden sekillendirmektedir. Rekabet avantaji,
giiniimiizde sadece maliyet liderligi veya farklilasma ile degil, ayn1 zamanda
veri ag etkileri, platform ekonomisi ve algoritmik yeteneklerle de elde
etmektedir. Ornegin, Netflix'in 6neri algoritmasi ya da Amazon’un tedarik
zinciri optimizasyonu, bu yeni avantajin somut Ornekleri olarak karsimiza
¢tkmaktadir. YBS, bu tiir yetenekleri gelistirmek ve yonetmek igin hayati bir
oneme sahiptir.

3. Yenilikgi Teknolojiler ve YBS’ye Entegrasyonu

Giiniimiizde YBSnin etkinligi, yenilik¢i teknolojilerle entegrasyon
giiciyle degerlendirilmektedir. YZ, MO, NLP, RPA, biiyiik veri analitigi,
bulut bilisim, blokzincir ve IoT gibi teknolojiler, YBS’nin islevsel sinirlarin
genigletmistir. Bu boliimde, teknoloji entegrasyonu ile orgiitsel dontigim
arasindaki iligkiyi gok boyutlu bir gekilde ele alinmasini ve yenilikgi sistemlerin
YBS’nin stratejik yoniine katkisini degerlendirmeyi amaglanmaktadr.
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3.1. Yapay Zeka ve Makine Ogrenmesi Uygulamalari

YZ ve onun bir alt dali olan Makine Ogrenmesi (MO), YBS’nin
merkezinde yer alan yenilik¢i bir ¢6ziim sunmaktadir. Bu sistemler, veri
analitigi, ongoriisel modelleme, siireg otomasyonu ve hiper-kigisellegtirilmis
miigteri deneyimleri saglamaktadir. YZ destekli sistemler, stratejik planlama,
miigteri iligkileri yonetimi (CRM) ve tedarik zinciri yonetimi (TZY) gibi
alanlarda 6nemli bir rol ustlenmektedir. Ornegin, bir perakende sirketi, YZ
destekli talep tahmin sistemleri sayesinde stok maliyetlerini %25 oraninda
azaltabilir (McKinsey, 2023). Gartner’in 2025 trendleri arasinda “Ajanik YZ”
dikkat gekmekte; bu, kullanicinin hedeflerine gore 6zerk planlama ve eylem
gergeklestiren YZ sistemleri anlamina gelmektedir. Isletmelerde, ajanik YZ
sanal is giicli olugturarak, miisteri hizmetlerinden yazilim gelistirmeye kadar
birgok ig akigini doniigtiirmektedir.

Geleneksel kural tabanli sistemlerin aksine, bu yenilikgi yaklagim, finans
sektoriinde dolandiricilik tespiti, saglik sektoriinde tani destegi ve {iretim
sektoriinde kestirimci bakim gibi alanlarda stratejik yonetim kararlarinin
kalitesini kokli bir sekilde artirmaktadir.

3.2. Ongbrﬁcﬁ ve Preskriptif Analitikler ile Karar Destek
Sistemlerinin Evrimi

Geleneksel KDS, “ne oldu?” (betimleyici) ve “neden oldu?” (tanilayicr)
sorularina yanit verirken, yapay zeka (YZ) ve makine 6grenimi (MO) ile
giiglendirilmig modern sistemler “ne olacak?” (6ngorticii) ve “ne yapmaliy1z?”
(preskriptif) sorularini yanitlayabilmektedir (Davenport ve Ronanki, 2018).
Ongoriicii bakim modelleri sayesinde ekipman arizalar1 6nceden tahmin
edilirken, talep tahmin algoritmalariyla envanter optimizasyonu saglanmakta
ve miigteri kaybr modelleriyle proaktif miidahaleler yapilabilmektedir.

YZ destekli KDSler, biiyiik veri setlerini igleyerek ger¢ek zamanl kararlar
almaktadir. Ornegin, MO algoritmalar1 (rastgele ormanlar veya derin
ogrenme) talep tahmini modellerinde %30’luk bir dogruluk artig1 saglayabilir.
Loyjistik firmalari, YZ tabanli rota optimizasyonu ile yakit maliyetlerini %15
oraninda azaltabilir (Aras Kargo, 2024).

MO, yonetim kararlarini desteklemek igin veriye dayali tahminler
tiretmektedir. Ornegin, satiy tahmini, risk puanlamasi ve operasyonel
verimlilik 6lgiimleri MO algoritmalartyla optimize edilebilmektedir.
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3.3. Dogal Dil Isleme ve Is Zekas1 Ara yiizlerinde Devrim

NLP teknikleri sayesinde galiganlar ve sistem arasinda dogal bir etkilegim
saglanabilmesi, bu kullanici deneyimini 6nemli olglide artirmaktadir. Artik
chatbot tabanli destek sistemleri, CRM stireglerinde standart bir uygulama
haline gelmigtir.

NLP teknolojisi, kullanicilarin karmagik BI raporlarina dogal bir dille
sorular sorarak aninda yanit alabilmelerini miimkiin kilmaktadir. Ornegin,
“Ugiincii ceyrekte en ¢ok artan bolgesel satigim hangisi oldu?” gibi bir
soru, 6nceden hazirlanmig bir dashboarda ihtiyag duymadan, konugma veya
metin ara yiizii lizerinden kolayca yanitlanabilmektedir. Bu durum, veriye
erisimi demokratiklegtirerek karar alma stireglerini hizlandirmakta ve veri
okuryazarligini tiim organizasyona yayginlagtirmaktadur.

3.4. Siire¢ Otomasyonundan Akilli Siire¢ Optimizasyonuna:
Robotik Siire¢ Otomasyonu ve Otesi

RPA, kural tabanli, yiiksek hacimli ve tekrarlayan ofis gorevlerini (veri
girisi, fatura igleme vb.) yazilim robotlar1 aracihigiyla gergeklestirmektedir.
Ancak yenilikgi bir yaklagim, RPA'y1 YZ ile birlestirerek “Akill Otomasyon™a
ge¢mektir. YZ, yapilandirilmamug verileri (e-posta, belgeler) anlayip
isleyebilir, karar verme noktalarini yonetebilir ve boylece sadece gorevleri
degil, tiim stiregleri doniigtiirebilir. YZ ve RPA arasindaki en belirgin fark,
teknolojik temelleridir. YZ, karmagik algoritmalar ve makine 6grenimi
teknikleri kullanarak veri analizi ve tahminlerde bulunurken, RPA belirli
kurallara dayali gorevleri otomatiklestirmektedir.

3.5. Biiyiik Veri ve Ger¢ek Zamanl Analitik

Biiyiik veri analitigi sayesinde YBS, tahmine dayali modellerle risk,
miisteri davranigt ve operasyonel verimlilik analizleri yapabilmektedir.
Isletmeler, 5V (Hacim, Hiz, Cesitlilik, Dogruluk, Deger) cercevesinde
artan veri hacmini kullanarak derinlemesine iggoriiler elde ederek rekabet
avantaji saglamaktadir. Veri Ambarlar1 yerine Veri Golleri mimarisine
gecls, yapilandirilmamig verinin (metin, goriintii, sensor verileri) analizini
miimkiin kilmaktadir. Modern BI araglari, bu analitik sonuglar1 yoneticilere
ger¢ek zamanh ve etkilesimli panolar araciligiyla sunarak veri odakl bir karar
verme kiiltiirli olugturmaktadir.

Biiyiik veri teknolojileri (Hadoop, Spark, Kafka), geleneksel veri
ambarlarinin yerini alarak verinin hacim, hiz ve gesitlilik boyutlarim
YBS’ye entegre etmigtir. Gergek zamanl analitik, artik sadece operasyonel
degil, stratejik kararlar igin de kritik bir unsurdur. Ornegin, finansal



Hulean Kaya | 55

kurumlar, anlik iglem verilerini analiz ederek kredi riskini dinamik olarak
giincelleyebilmektedir.

3.6. Bulut Bilisim ve Mobil Djjital Platformlar

Bulut teknolojileri, bilgi sistemlerinin 6lgeklenebilirligini  artirirken
maliyetleri azaltmaktadir. Bulut biligim, YBS’yi “bir yazilim”dan “bir hizmet”e
dontigtiirmiisgtiir. SaaS (Software as a Service), PaaS (Platform as a Service)
ve JaaS (Infrastructure as a Service) modelleri sayesinde kurumlar, YBS
altyapilarint kendi sunucularinda barindirmak yerine, esnek ve 6lgeklenebilir
bulut ortamlarinda yonetebilmektedir. ERP ve CRM sistemlerinin Bulut-
ERP modeline gegisi, ozellikle KOBTlerin dahi biiyiik 6lcekli sistemlere
erisgimini kolaylagtirmigtir. Mobil dijital platformlar ise, ig siireglerini ve
miigteri etkilegimlerini her zaman, her yerde erisilebilir kilmakta, saha ekipleri
ve uzaktan ¢aliganlar igin verimli i§ akiglar1 saglamaktadur.

Hibrit bulut, kamu ve 6zel bulutlar1 birlestirerek veri egemenligini
saglar. Ornek: AWS ve Azure entegrasyonu ile bir banka, ger¢ek zamanl
dolandiricilik tespiti yapabilir.

3.7. Blokzincir Teknolojisi ve Giiven Merkezsizligi

Blokzincir, dagitik defter teknolojisi sayesinde geffaflik, giivenilirlik ve
degistirilemezlik sunmaktadir. TZY’de, blokzincir destekli YBS ¢Oziimleri,
triiniin  iiretimden teslimata kadar tiim izini ger¢ek zamanh takip
edebilmektedir. Bu, hem sahte tiriin riskini azaltmakta hem de stirdiiriilebilir
kaynak kullanimini garanti altina almaktadir (Kshetri, 2021). Bu sistemler,
ozellikle kamu yonetimi ve finansal hizmetlerde devrimsel etki olugturmustur.

McKinsey, 2030 yilina kadar 10 trilyon dolarhk varligin blokzincir
tizerinde tokenize edilecegini 6ngormektedir.

Tablo 1. Tokenizasyon Tiivleri

Tiir Agiklama YBS Uygulamas:
Fungible (ERC-20) Degistirilebilir Tedarik zinciri finansmant
Non-Fungible (ERC-721) | Benzersiz Dijital kimlik, diploma
Soulbound (SBT) Devredilemez Giivenilirlik skoru, itibar

Tokenizasyonun uygulanmasi sadece teknik bir entegrasyon degil; ayni
zamanda tedarik zinciri, hukuki uyum ve miigteri giiveni agisindan stratejik
kararlar almayr da gerektirmektedir. Bu yiizden tokenizasyon tiirleri ig
modellerini ve yonetim siireglerini de yeniden sekillendirmektedir. Ornegin,



56 | Dijital Doniisiim Cagindn Yonetim Bilisim Sistemlerinin Stratejik Evvimi ve Yenilikgi...

degistirilebilir (fungible) token’lar, tedarik zinciri finansmaninda 6deme
ve kredi akiglarini otomatiklestirerek operasyonel sermaye yonetiminde
devrim yaratma potansiyeline sahiptir. Ote yandan, benzersiz (non-fungible)
token’lar, dijital kimlik ve diploma gibi alanlarda giivenilir, taklit edilemez ve
kiiresel olarak dogrulanabilir kayitlar saglayarak, organizasyonlarin miigteri
giiveni ve uyumluluk yonetimi stratejilerini kokli bir sekilde degistirebilir.
Bu teknolojilerin  benimsenmesi, YBS liderliginin varlik yOnetimi, risk
degerlendirmesi ve yeni dijital gelir akiglart olusturma konularinda stratejik
bir yetkinlik gelistirmesini zorunlu kilmaktadir. Buna iligkin olarak,
bankacilikta token tabanli varlik yonetimi, likidite yonetimi ve miisteri
kimlik dogrulama siireglerinde degisiklikler yapilmasi gerekmektedir. Bu
nedenle, {ist yonetimin finansal, hukuki ve operasyonel riskleri ayn1 anda
degerlendirmesi sarttir.

Tablo 2. Tokenizasyon Tiivleri Etik ve Yasal Boyut: Tiivkiye ve AB Perspektifi

Mevzuat Gereklilik YBS Etkisi

AB Siber Giivenlik Yasas1 | Kritik altyapilarda PQC -
(2024) zorunlu (2027) Bankalar, enerji, saglik
KVKK Madde 12 SVLT ihlali bildirimi < 72| v 60 entegrasyonu
Tiirkiye Ulusal Siber

Giivenlik Stratejisi 2024- | Yerli PQC kiitiiphanesi TUBITAK UPKK
2028

Yasal gereklilikler, YBS’nin uyumluluk stratejisinin kalbinde yer alir.
Ornegin, KVKK’nin 72 saatlik ihlal bildirim zorunlulugu, yalmzca bir teknik
prosediir degil, ayn1 zamanda kurumsal itibar yonetimi ve miigteri giivenini
koruma agisindan hayati bir yonetimsel siiregtir. Bu gereklilik, bir veri ihlali
durumunda hizli karar almayi, iletigim protokollerini devreye sokmay1 ve
kriz yonetimi ekiplerini koordine etmeyi zorunlu kilmaktadir.

Post-Kuantum Kriptografi (PQC) gerekliligi ise, sadece bir teknoloji
vatirimi degil, ayni zamanda uzun vadeli siber risk stratejisi ve altyapi
modernizasyon planlarinin bir pargasi olarak ele alimmahdir (ENISA, 2025).
YBS, bu diizenlemeleri, kurumu gelecekteki tehditlere karg1 daha dayanikh
hale getiren ve paydag giivenini artiran stratejik bir avantaja doniigtiirmelidir.

3.8. Nesnelerin Interneti ve Gelismis Baglantt

IoT, fiziksel diinyadan gergek zamanl veri toplayarak YBSye egsiz bir
operasyonel goriiniirlitk sunmaktadir. Bu teknoloji, fiziksel varliklarin dijital
aglarla entegrasyonunu saglamaktadir. 5G ve 6G, YBS’deki IoT verilerini



Hulean Kaya | 57

hizlandirmaktadir. Akilli sensorler araciligiyla toplanan veriler, 6zellikle TZY
ve iretim siireglerinde otomasyon ve ger¢ek zamanl kontrollerde biiyiik
bir rol oynamaktadir. Uriin takibi, envanter optimizasyonu ve iiretim hatt
arizalarinin 6nceden tespiti gibi uygulamalar, maliyetleri diistirtirken hizmet
kalitesini artirmakta ve YBS’nin operasyonel miikemmellige ulagmasina
katkida bulunmaktadir.

IoT cihazlar, iiretim ve hizmet sektoriinde anlk veri akigint miimkiin
kilmakta; bu yeni dijital ekosistemin en kritik bilegeni ise siber giivenlik haline
gelmektedir. Son yillarda yapilan aragtirmalar, IoT tabanli YBS ¢6ztimlerinin
tiretkenligi %23’e kadar artirabildigini gostermektedir (Gartner, 2024).

4. Giincel Yaklagimlar: Stratejik ve Operasyonel Boyut

YBS’nin dijital doniisiimdeki bagarisi, yalnizca teknolojik entegrasyonla
degil, ayn1 zamanda stratejik vizyon, yonetim yaklagimlar: ve organizasyonel
kiiltiirle de sekillenmektedir. Bu boliimde, YBS’nin dijital stratejilerdeki
merkezi rolii, dijital platform ekonomisinin yiikselisi, yapay zeka destekli
karar alma stiregleri ve kurumsal mimarinin modernizasyonu gibi giincel
yaklagimlar ele alinmaktadir. YBS’nin artik sadece “sistem yOnetimi”
degil, “deger ekosistemleri yonetimi” oldugu vurgulanmakta; stratejik
hizmet sunumu, siireg odakli diigiinme ve veriye dayali liderlik gibi temel
kavramlar gergevesinde YBS’nin kurumsal doniistimdeki yonlendirici rolii
tartigtlmaktadir.

4.1. Djjital Doniigiim Stratejileri ve YBS’nin Merkeziyeti

Bagarih bir dijital doniigiim, yalmzca teknoloji yatirimryla sinirl kalmaz;
ayn1 zamanda orgiit kiiltiirii, stiregler ve liderlikte de koklii degisiklikler
gerektirmektedir. YBS, bu doniisiimiin merkezinde yer alarak, teknoloji ile
isin uyumunu saglamakla yiikiimliidiir. Veriye dayali karar alma kiiltiirii, her
seviyede verinin degerini anlamay1 zorunlu kilmaktadir. Kurumsal Mimarinin
teknolojik yenilikleri destekleyecek sekilde yeniden yapilandirilmasi, eski
sistemlerin kademeli olarak modernlestirilmesi ve yeni dijital yeteneklerin
organizasyona kazandirilmasi, YBS liderliginin stratejik giindeminin temel
taglarin1 olugturmaktadir. Stratejik bilgi yonetimi, isletmenin uzun vadeli
rekabet avantajini bilgi {izerinden inga etmesini ifade etmekte ve YBS bu
siiregte 1i¢ ana rol iistlenmektedir:

Veri Yonetimi — Dogru bilginin dogru zamanda erigilebilir olmast.
Bilgi Paylagimi — Organizasyonel 6grenme kiiltiiriiniin gelistirilmesi.

Bilgi Giivenligi — Yetkisiz erigimlerin engellenmesi.
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Bu baglamda, YBS uzmanlari artik sadece sistem gelistiricisi degil, aym
zamanda “veri terciiman1” ve “degisim yOneticisi™dir.

4.2. Yeni Is Modelleri ve Dijital Platform Ekonomisi

YBS’nin en 6nemli yenilikgi ¢iktilarindan biri, dijital platform tabanli is
modellerinin olugturulmas: ve yonetimidir. Airbnb ve Uber gibi platform
devleri, YBSyi temel alarak aracilari ortadan kaldirmug ve ag etkileri
sayesinde biiyiik bir deger olusturmuglardir. YBS stratejileri, sirketlerin
kendi platformlarini nasil kuracaklarini (tedarikgiler ve miisteriler arasinda
iki tarafli pazar yaratma) veya mevcut platformlara nasil entegre olacaklarini
belirlemektedir. Bu, orgiitlerin geleneksel deger zincirinin Gtesinde, deger
ckosistemleri i¢inde diigiinmelerini gerektirmektedir.

4.3. Yapay Zeki Destekli Karar Verme Siirecleri ve Vaka Ornekleri

YZ, hem rutin hem de stratejik kararlarda yoneticilere destek saglar.
Rutin kararlarin (envanter siparisi, kredi onay) biiyiik 6lgtide YZ tarafindan
otomatiklegtirilmesi saglanirken, yoneticilerin rolleri algoritma sonuglarini
yorumlama, etik sorunlari ydnetme ve stratejik ¢ergeveleri belirleme yoniinde
degismektedir. Vaka Ornegi (Perakende): Biiyiik perakende zincirlerinde
YZ destekli analitikler, ge¢mis satig verilerini, sosyal medya egilimlerini ve
hava durumu tahminlerini entegre ederek tiriin stoklama ve fiyatlandirma
kararlarin1 optimize etmekte, bu da operasyonel verimliligi %15’ varan
oranlarda artirmaktadr.

5. YBS’nin Etik, Giivenlik ve Siirdiiriilebilirlik Boyutlar:

Teknolojik ilerlemelerle birlikte, YBS artik sadece verimlilik ve rekabet
avantaji saglamakla kalmiyor; aymi zamanda etik, giivenlik ve ¢evresel
sorumluluk gibi ¢ok yonlii zorluklarla da yiizlesmektedir. Bu boliimde,
algoritmik yanliik, veri mahremiyeti, siber tehditler, post-kuantum
kriptografi, yesil bilisim ve ¢evik giivenlik gibi konularin YBS baglaminda
nasil ele alindigina derinlemesine bir bakig sunmaktadir. Ozellikle YZ
sistemlerinde geffaflik ve agiklanabilirlik talepleri, “Tasarimla Gizlilik” ilkesi
ve sifir-giiven mimarisi gibi glincel yaklagimlar, YBS’nin giivenilir ve sorumlu
bir yonetsel altyap1 olarak konumlandirilmasinda kritik bir rol oynamaktadir.
Ayrica, siirdiirtilebilirlik odakli YBS uygulamalari, gevresel etkiyi azaltirken
ESG hedeflerine de katkida bulunmaktadir.

5.1. Algoritmik Yanlilik, Seffaflik ve Etik Yonetigim

Yenilik¢i YBS ¢oziimlerinin etik boyutu, giderek artan bir akademik ilgi
alan1 haline gelmektedir. YZ modellerinde kullamilan tarihsel verilerdeki
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yanlilik, karar alma siireglerinde ayrimciliga yol agabilmektedir. Ornegin,
kredi degerlendirme, ige alim veya risk analizi gibi kritik yonetsel alanlarda
kullanilan  algoritmalar, ge¢misteki ayrimci egilimleri “Ogrenerek” bu
egilimleri sistematik bir sekilde yeniden {iretebilmektedir. Bu durum,
YBS’nin toplumsal adalet ve esitlik ilkeleriyle catiymasina neden olmaktadr.
Algoritmik yanhlik, sadece etik bir sorun yaratmakla kalmamakta; ayni
zamanda yanls i§ kararlarina, yasal risklere ve kurumsal itibar kaybina yol
agarak YBS’nin stratejik degerini zedelemektedir. YBS liderliginin oncelikli
gorevi, veri toplama, 6n igleme ve model dogrulama agamalarinda sistematik
yanlilik denetimleri uygulayarak bu riski azaltmaktir.

Bu nedenle, Agiklanabilir Yapay Zeka (XAI) yaklagimlari, YZ’nin “kara
kutu” yapisini agarak kararlarin nasil alindigini daha anlagilir hale getirmeyi
amaglamaktadir. YBS liderleri, sistemlerin adil, seffaf ve hesap verebilir
olmasini saglamak igin yeni etik yonetigim gergeveleri olusturmak zorundadir.
Eger bir yonetici, miigteri veya denetleyici otorite, sistemin bir karar1 neden
aldigin1 anlayamazsa, bu karara giivenmek ve yasal ya da etik sorumlulugu
tistlenmek oldukea zorlagir.

Bu seffatlik agigini kapatmak igin XAI yaklagimlar1 artik bir gereklilik
haline gelmigtir. XAI, modelin tahminlerinin nasil olustugunu agiklayarak;

Giiveni Artirir: Kullanicilar, kararin mantigini anladiklarinda sisteme
daha fazla giiven duyarlar (Duran ve Pozzi, 2025).

Hata Ayiklamayr Kolaylagtirir: Yanliy veya hatali kararlarin nedenini
bulmayi kolaylagtirir (Adadi ve Berrada, 2018).

Yasal Uyumlulugu Destekler: GDPR gibi diizenlemelerin gerektirdigi
“agiklama hakki”n1 kargilamaya yardimer olur.

YBS profesyonelleri, LIME (Salih vd., 2025) ve SHAP (Roshinta ve
Gdbor, 2024) gibi modelden bagimsiz XAI tekniklerini kullanarak, YZ
destekli KDS’yi daha giivenilir hale getirmelidir (Onwujekwe ve Weistrofter,
2025).

YZ ve algoritmalarin etkisinin artmasi, kurumsal diizeyde yeni Etik
Yonetigim gergevelerinin olugturulmasini zorunlu kilmaktadir (Farayola ve
Olorunfemi, 2024). YBS, bu ¢ergevelerin tasariminda ve uygulanmasinda
merkezi bir rol oynamaktadir. Bir etik yonetigim gergevesi, agagidaki unsurlari
icermelidir:

Etik Ilkelerin Belirlenmesi: Sirketin YZ kullaniminda adillik, seftaflik,
hesap verebilirlik ve insan gozetimi gibi temel etik prensiplerin net bir sekilde
tanimlanmasi gerekmektedir.
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Algoritmik Etki Degerlendirmesi (AIA): Yeni bir YZ sistemi
gelistirilmeden 6nce, potansiyel sosyal, etik ve yanlilik risklerini degerlendiren
AIA siireglerinin zorunlu hale getirilmesi sarttir.

Denetim ve Izleme Mekanizmalart: YZ sistemlerinin iiretim ortaminda
yanlilik veya istenmeyen sonuglar iiretiyor olup olmadigin siirekli olarak
izleyen otomatik denetim mekanizmalarinin YBS altyapisina entegre
edilmesi gerekmektedir.

Egitim ve Kiiltiir: Yoneticilerin ve YBS personelinin etik sorumluluklar
konusunda egitilmesi ve etik diigiincenin kurum kiiltiiriniin bir pargasi
haline getirilmesi onemlidir.

Sonug olarak, vyenilik¢gi YBS ¢Oziimleri, teknolojik bagariyr etik
sorumlulukla dengelemek zorunda. Algoritmik yanhligin azaltilmasi, XAI ile
seffafligin saglanmasi ve saglam etik yonetigim gergevelerinin olugturulmast,
YBS’nin sadece verimli degil, ayn1 zamanda giivenilir ve sorumlu bir stratejik
varlik olarak konumlandirilmas i¢in hayati 6neme sahiptir.

5.2. Siirdiiriilebilirlik ve Yesil Biligim

Siirdiiriilebilirlik, YBS’nin yeni bir doniim noktasidir. Artik yenilik¢i YBS
vaklagimlari, ¢evresel siirdiirtilebilirligi de goz oniinde bulundurmaktadir.
“Yesil biligim” anlayisiyla, veri merkezlerinin enerji tiikketimi optimize
edilmekte, YZ modelleri daha az karbon ayak iziyle egitilmekte ve dijital
stirecler kagitsiz  ofis uygulamalarma  yonlendirilmektedir. Ornegin,
Microsoft'un “Carbon Aware Computing” projesi, bulut veri merkezlerini
giines enerjisiyle ¢alistirarak yillik 500.000 ton karbon emisyonunu azaltmay1
hedeflemektedir (Microsoft, 2025).

YBS, siirdiiriilebilirlik alaninda ¢ift yonli bir rol iistlenmektedir.
Birincisi, Yegil Bilisim uygulamalari araciligiyla kendi karbon ayak izini
azaltmak (enerji verimli veri merkezleri, e-atik yonetimi). Tkincisi, Akill
Sehirler, Akilli Sebekeler ve Siirdiirtilebilir Tedarik Zincirleri gibi ¢oziimlerle
organizasyonun ve toplumun siirdiiriilebilirlik hedeflerine ulagmasina
yardimc1 olmaktir. Ayrica YBS, gevresel, sosyal ve yonetisim (ESG) verilerini
toplay1p analiz ederek kurumsal stirdiiriilebilirlik raporlamasini ve yonetimini
desteklemektedir.

Yesil Biligim, bilgi teknolojileri ve sistemlerinin tasarim, {iiretim,
kullanim ve imha siireglerini gevresel siirdiiriilebilirlik agisindan yonetmeye
odaklanmaktadir. Bu baglamda, YBS’nin iki ana etki alani var: Dogrudan Etki
(kendi operasyonlarindan kaynaklanan) ve Dolayli Etki (igletme siireglerinin
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cevresel performansini iyilestirme yoluyla). Dogrudan etki alaninda, YBS’nin
yenilik¢i ¢oziimleri enerji tiiketimini ve e-atig1 azaltmayi hedeflemektedir;

Enerji Verimli Veri Merkezleri: Sanallagtirma, konteynerlegtirme (Docker,
Kubernetes) ve Bulut Bilisim ¢oziimleri kullanarak sunucu kapasitesini
konsolide ediyor ve sogutma maliyetlerini diistiriiyor. YBS, ig yiikii yonetimi
ile en yogun talep olmayan zamanlarda sistemleri otomatik olarak diigiik giig
moduna gegiriyor.

E-Auk  YoOnetimi: Biligim donamimlariin  omriinii  uzatmak ve
kullanilmayan donanimlar1 sorumlu bir gekilde geri doniigtiirmek igin
kurumsal YBS envanter yonetimine entegre siiregler sunuyor. Bu ¢oziimler,
sadece gevresel fayda saglamakla kalmiyor, ayn1 zamanda enerji maliyetlerini
diigiirerek kurumsal maliyet etkinligine de katkida bulunuyor.

YBS’nin asil stratejik rolii, kurumsal strdiiriilebilirlik hedeflerini
gergeklestirmek igin diger i birimlerini destekleyen analitik ve yonetim
sistemlerini sunmak. Bu rol, Siirdiirtlebilirlik Bilgi Sistemleri (SIS)
aracihgiyla somut bir hale geliyor.

Siirdiiriilebilirlik  Raporlamasi ve Analitigi: YBS, ESG verilerinin
toplanmasi, dogrulanmasi ve raporlanmast igin gerekli altyapiy1 sagliyor. Su
kullanimi, karbon emisyonlari, enerji tiikketimi gibi metrikler, ERP ve BI
sistemlerine entegre edilerek yoneticilere gergek zamanl gevresel performans
gostergeleri sunuluyor.

Akallr Sehirler ve Akilli Sebekeler: YBS, IoT, sensor aglari ve biiyiik veri
analitigi kullanarak enerji sebekelerini, ulagim sistemlerini ve atik yonetimini
optimize eden Akilli Sehir ¢oziimleri sunar. Bu sistemler, kaynak tiiketimini
verimli bir gekilde yoneterek sehirlerin karbon ayak izini azaltir.

Siirdiiriilebilir Tedarik Zinciri Yonetimi (STZY): YBS, tedarik zincirinin
her agamasinda sosyal (gocuk isciligi, adil ticret) ve ¢evresel (emisyon, atik)
standartlara uyumu izleyen ve raporlayan sistemler gelistirir. Blokzincir
gibi Dagitilmig Defter Teknolojileri, TZY de seffafligr ve takip edilebilirligi
artirarak etik kaynak kullanimini destekler.

Siirdiiriilebilir YBS yaklagimi, sadece ¢evresel boyutu degil, ayn1 zamanda
sosyal boyutu da kapsar. YBS, bilgiye erisimi demokratiklestirerek, dijital
ugurumu azaltmaya yonelik egitim ve erigim programlarini destekler. Bu
biitiinciil yaklagim, orgiitlerin paydas degerini maksimize etmelerini saglar;
¢linkii modern tiiketici ve yatirimci, sirketlerin sadece finansal bagarisina
degil, ayn1 zamanda gevresel ve sosyal sorumluluklarina da 6nem vermektedir.
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YBS, bu baglamda, teknolojiyi g¢evresel yoOnetim, sosyal katilim
ve ckonomik canlilk arasindaki dengeyi kurmak i¢in bir ara¢ olarak
konumlandirarak, yenilikgi ¢oziimlerin en genis toplumsal etkiyi yaratmasini
giivence altina almaktadur.

5.3. Post-kuantum Kriptografi (PQC): Kuantum Tehditlerine
Kars1 Yeni Kalkan

Kuantum bilgisayarlar, Shor algoritmasi sayesinde RSA ve ECC gibi
asimetrik sifreleme sistemlerini polinom zamanda ¢ozebilmektedir. NIST,
2022-2024 yillar1 arasinda PQC standardizasyon siirecini tamamlayarak;
CRYSTALS-Kyber, CRYSTALS-Dilithium, FALCON ve SPHINCS+
algoritmalarini resmi standartlar olarak kabul etmigtir.

Stratejik agidan, bu algoritmalar YBS yoneticilerine uzun vadeli giivenlik
planlamas: saglayarak, kuantum tehditlerine karsi operasyonel stirekliligi
korur ve kurumsal risk yonetimini giiglendirir. Tablo 3, PQC algoritmalarinin
teknik ozellikleri yerine, yonetim ve strateji karar alinirken dikkate alinmasi
gereken uygulama baglamlarini vurgulamaktadir.

Tablo 3. PQC Algoritmalarimmn Karsilasturmas:

Temel Giivenlik Uygulama Yot}enmsel .Once].lk
. .. . . Alan1 / Dikkat Edilmesi
Algoritma | Giivenlik |Seviyesi | Uygunluk ..
(Sektor/ Gerekenler
Yaklasimu | (NIST) Islem)
NIST
standardizasyonunda
Bankacilik oncii algoritma,
Lattice Sevive Anahtar (Fon Yaygin benimsenme
CRYSTALS- (Module- |1 (\?‘31758- degisimi | Transferi), |potansiyeli yiiksek,
Kyber (TLS/SSL | Saghk (Veri |Performans/
LWE) 128) .
sonrasi) Paylagimi),  |karmagiklik dengesi
E-Devlet iyi, Kurumsal
iletisim kanallarinin
kuantum giivenligi
Tedarik .Yuksek pe.rff)rmansh
L imzalama i¢in
Zinciri .. Lo
Lattice Seviye Dijital (Sozlesme optimize, Biyiik
CRYSTALS- Y imza C veri setleriyle
e (Module- |2 (AES- Dogrulama), .
Dilithium (kontrat, uyumlu, Giincelleme
LWE) 192) Kamu . e
e-regete) (Kimlik maliyetleri diigiik,
L Yasal gegerliligin
Dogrulama) |
korunmasi
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IoT Cihazlart Du§ul( gl tlllketen
.. .~ | cihazlar igin ideal,
Hafif (Sensor Veri | ...
cthazlar Giivenligi) Kugiik anahtar
FALCON  |NVERU lgeiive 1 [ (Mobil | Mobil boyutlari, Uygulama
Lattice N optimizasyonu,
Odeme Uygulamalar |
. . FinTech
sistemleri) | (Kullanict
uygulamalarinda
Oturumlari) L
kullanicr giiveni
Finans ‘Son gare’
(Dijital algoritmasi olarak
Imza), kullanilir, En yiiksek
E-Ticaret giivenlik ve veri
(Islem biitiinliigli garantisi,
Hash Kuantum | Onayi), Biiyiik imza
SPHINCS+ - Seviye 1 | dayanikli | Yiiksek boyutlar1 (depolama
tabanli . L _
imza Gtivenlik maliyeti)
Gerektiren
Arsiv
Imzalama,
Kritik Belge
Argivleri

Kaynak: NIST IR 8454, 2024.

PQC’ye gegis, sadece bir sifreleme giincellemesi degil, ayni zamanda
onemli bir kurumsal risk yonetimi ve dijital varlik koruma projesidir. YBS
liderligi, kuantum tehditlerinin ne zaman ortaya ¢ikacagini, kritik sistemler
i¢in gegis Onceliklerini, uyum takvimini, biitce etkilerini ve sektordeki rekabet
dengelerini dikkate alarak proaktif bir strateji olugturmahdir. Bu gegis siireci,
BT altyapisinin yagam dongiisii yonetimi, tedarikgi iliskileri ve gelecekteki
birlesme ve satin alma (M&A) faaliyetlerindeki teknik inceleme kriterlerini
bile etkileyecek stratejik bir karardir.

5.4. Siber-Giivenlik ve Veri Mahremiyeti

Dijital doniisiimiin hizi, isletmeleri ve kamu kurumlarini daha once
hi¢ kargilagsmadiklar1 siber giivenlik riskleriyle yiiz yiize birakmugtir. YBS,
kurumsal bilginin, miisteri verilerinin ve kritik i siireglerinin merkezi bir
noktast oldugundan, siber saldirilarin en 6nemli hedeflerinden biri haline
gelmigtir.  Giiniimiizdeki tehditler arasinda; oOzellikle fidye yazilimlar,
gelismis kalici tehditler (APT) ve tedarik zinciri saldirilart 6ne gikmaktadir.
Bu tiir saldirilar, yalmzca finansal kayiplara yol agmakla kalmaz, ayn1 zamanda
operasyonel kesintilere, stratejik bilgi sizintilarina ve geri doniigti zor itibar
kayiplarina da neden olmaktadir.
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YZ ve biiyiik veri analitigi gibi yenilik¢i ¢oziimlerin temelinde kisisel
verilerin iglenmesi yatmaktadir. Bu durum, kisisel verilerin korunmasina
yonelik kiiresel diizeydeki diizenlemeleri, YBS i¢in stratejik bir uyumluluk
zorunlulugu haline getirmigti. GDPR ve KVKK gibi diizenlemeler,
isletmelere verilerin toplanmasi, iglenmesi, saklanmasi ve imha edilmesi
konusunda kat1 yiikiimliiliikler getirmektedir.

YBS’nin bu alandaki giincel yaklagimu, iki temel ilkeyi benimsemektedir:

Tasarimla Gizlilik: YBS ve uygulamalarinin tasarim agamasindan itibaren
veri mahremiyeti ve koruma ilkelerinin sisteme entegre edilmesi.

Varsayillan Olarak Gizlilik: Sistemin, kigisel verileri korumak igin en
yiiksek gizlilik ayarini varsayilan olarak sunmast.

Bu ilkelerin hayata gegirilmesi, anonimlestirme, takma ad kullanma ve
giiclii sifreleme teknolojilerinin YBS siireglerine entegrasyonunu zorunlu
kilmaktadr.

Sifir-Giivenveya DevSecOpsuygulamalari, teknik ekipler tarafindan hayata
gegirilirken, bagarist biiyiik Olgiide organizasyonel degisimle baglantilidir.
Yonetim, stire¢ sahipligi, KPPlar (6rnegin, Mean-Time-To-Detect, MTTR)
ve sirekli egitim programlariyla bu doniigimii desteklemelidir. Bu tiir
mimarilere gegis, sadece teknik bir proje degil, aym1 zamanda koklii bir
kurumsal doniigtim siirecidir. Bu siireg, CIO, CSO ve CISO’nun ig birligi
yapmasini, degisim yonetimi planlarinin olusturulmasini ve personelin
yetkinliklerini geligtirmeye yonelik programlarin uygulanmasini gerektirir.

Toblo 4. Siber Giivenlik Trendlerinin YBS’ye Etkisi

.. Stratejik o
Trend ;I;Zktlri;);zllk Katma Risk Eurkll};emaﬂ
Deger ygu
. Kuantum TUBITAK
PQC Kriptografi dayaniklilik Anahtar boyutu UPKK
YZ Tehdit . USOM AI-
Tespiti Analitik Erken uyari Yanlilik SOC
Blokzincir | Giiven izlenebilirlik | Olgeklencbilirlik | LOK SBT
Tokenizasyon | katmani Diploma

YBS’nin bu baglamda sundugu yenilik¢i ¢6ziim, geleneksel ¢evre tabanl
giivenlik yaklagimlarindan = sifir-giiven mimarisine gegisi  yonetmektir.
Sifir-Giiven modeli, agda ya da diginda bulunan higbir kullaniciya
veya cithaza otomatik olarak giivenmemeyi, her erigim talebinin stirekli
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olarak dogrulanmasini esas almaktadir. Bu yaklagim, YBS’nin ugtan uca
giivenilirligini artirarak i¢ tehdit risklerini en aza indirmektedir.

Veri Mahremiyeti, ozellikle Avrupa’daki GDPR ve Tiirkiye’deki KVKK
gibi diizenlemelerle siki bir sekilde denetlenmektedir. Siber giivenlik artik
sadece bir BT iglevi degil, kurumsal risk yonetimi gergevesinde ele alinmasi
gereken stratejik bir yonetim gorevidir. YBS, yenilikgi ¢oziimlerini uygularken
reaktif olmaktan ¢ikip proaktif bir rol iistlenmelidir. Bu, Tasarimla Giivenlik
yaklagiminin tiim sistem gelistirme yasam dongiisiine entegre edilmesini
gerektirir.

5.5. Cevik Yonetim ve DevOps Yaklagimlari: YBS Projelerinde Hiz
ve Uyum

Dijital ¢agin getirdigi yiiksek belirsizlik ve hiz, gelencksel selale proje
yonetim yaklagimlarinin YBS projelerinin karmagikligina yeterince yanit
verememesine yol agmugtir. YBS’nin temel misyonu olan teknoloji-ig
uyumunu siirekli kilmak igin ¢evik yonetim felsefesi artik bir zorunluluk haline
gelmistir. 2001 yilinda yaymnlanan g¢evik manifesto, bireyler ve etkilesimler,
caligan yazilim, miigteriyle isbirligi ve degisime agiklik gibi temel degerleri
vurgulayarak, YBS gelistirme siireglerini plan odakliliktan deger odakliliga
kaydirmugtir (Aral vd., 2024).

Cevik metodolojiler (Scrum, Kanban vb.), biyiik projeleri kisa,
yinelenebilir dongiilere ayirarak, paydas geri bildirimini erken ve sik bir
sekilde entegre etmeyi saghyor. Bu yaklagim, 6zellikle CRM veya ERD gibi
yiiksek riskli ve degisime agik sistemlerde, proje basarisizligs riskini azaltirken,
pazar taleplerine hizli yanit verme yetenegini artirmaktadir. YBS, bu felsefeyi
benimseyerek teknoloji gelistirme faaliyetlerini stratejik bir esneklik araci
olarak konumlandirmaktadir.

Cevik yaklagimlar gelistirme hizini artirirken, gelistirilen yazilimin tiretim
ortamina gegisi ve orada stirekli stabil ¢aliymasi (operasyonlar) genellikle
sorun yaratiyordu. DevOps (Gelistirme ve Operasyonlar) yaklagimi, bu
boslugu doldurmak igin ortaya ¢ikt1 (Khan vd., 2022). DevOps, yalnizca bir
arag seti degil, yazilim gelistirme, Kalite Giivencesi (QA) ve BT operasyonlar1
ekipleri arasinda kiiltiirel igbirligini, otomasyonu ve siirekli geri bildirimi
tegvik eden bir yapr sunmaktadir.

DevOps™un YBS i¢in sundugu temel yenilik¢i ¢oziimler arasinda sunlar
yer almaktadir:

Siirekli Entegrasyon ve Siirekli Teslimat (CI/CD) siireci, kod
degisikliklerinin sik sik entegre edilmesi (CI) ve bu degisikliklerin otomatik
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testlerden gegirilerek giivenilir bir gekilde canli ortama aktarilmast (CD)
anlamna gelir. Bu yontem, YBS giincellemelerinin sadece dakikalar iginde
yapilabilmesini saglar.

Altyap1 Kod Olarak (Infrastructure as Code - IaC) yaklagimi, sunucular,
aglar ve depolama gibi altyap: bilegenlerinin elle konfigiire edilmesi yerine
kod ile yonetilmesini ifade eder. Boylece, Bulut Bilisim ortamlarinda sistemler
giivenilir, 6lgeklenebilir ve otomatik olarak kurulabilir hale gelir.

Izleme ve Geri Bildirim, sistemlerin performans ve hata verilerinin gercek
zamanl olarak izlenmesini igerir. Operasyonel veriler, gelistirme ekibine geri
beslenerek sistemin iglevselligini siirekli olarak iyilegtirir.

Ozellikle Cevik (Agile) ve DevOps (Gelistirme-Operasyonlar)
metodolojileri ¢ercevesinde, giivenlik siiregleri (kod incelemesi, sizma
testleri, otomatik giivenlik denetimleri) gelistirme siirecinin ayrilmaz bir
pargast olmaldir (DevSecOps). YBS, bu entegrasyonu saglayarak: Hata
ve giivenlik agig1 giderme maliyetlerini diigiiriir. Uygulama katmaninda
giivenligi artirir. Sistemlerin yasal gerekliliklere uyumlulugunu baglangigtan
itibaren garanti eder.

Cevik ve DevOps yaklagimlarinin benimsenmesi, YBS departmanlarinda
dikey hiyerarsilerden ¢apraz fonksiyonlu ekiplere gegisi zorunlu kilar. Bu
kiiltiire] degigim, yonetim ve liderlik rollerini de doniigtiirtir; yoneticiler artik
emir verenler degil, ekiplerin kendi kendini organize etmesine yardimci olan
kolaylagtiricilar haline gelir. Yonetimsel zorluklar arasinda ise sunlar yer alir:

Kiiltiirel Direng: Geleneksel silolarda ¢aligmaya aligmis olan geligtirme ve
operasyon ekiplerinin igbirligine gegiste gosterdigi direng.

Yetenek Agigr: Cevik ve DevOps otomasyon araglarini (Jenkins, Docker,
Kubernetes gibi) kullanabilecek uzmanlarin eksikligi.

Olgeklendirme:  Kiigiik ~ ekiplerde basarith  olan  Cevik/DevOps
uygulamalarinin, biiyiik ve kurumsal 6l¢ekli YBS projelerine (Agile at Scale)
yayginlastirilmast.

Yenilik¢i YBS ¢oztimleri, bu yaklagimlar1 benimseyerek yazilim teslimatinda
‘elit’ seviyedeki ekiplerin, diisiik performansh ekiplere gore yaklagik
973 kat daha sik dagitim yapabildigini ve degisim baglatmadan {iretime
ulagma siiresinin yaklagik 6,570 kat daha hizli oldugunu gostermektedir
(DORA, 2021). Bu basar1, YBS’nin yalnizca teknolojik bir islev degil, ayni
zamanda Orgiitiin gevikligini artiran temel bir yonetsel kapasite oldugunu
kanitlamaktadir.
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5.6. Dijital Ugurum ve Orgiitsel Dijital Okuryazarlik

Teknoloji ile insan kaynag arasindaki beceri farki, dijital doniigiimiin
oniindeki en biiyiik engellerden biri olarak karsimiza ¢ikmaktadir. Ust
yonetimin dijital okuryazarlig, orta kademe yoneticilerin bu yeni sistemleri
etkin bir gekilde kullanabilmesi ve galiganlarin degisime uyum saglamasi son
derece kritik 6neme sahiptir. Yenilik¢i bir YBS yaklagimi, yalmzca teknolojiyi
degil, ayn1 zamanda orgiit kiiltiiriinii ve insan sermayesini de doniigtiirmeyi
amaglamalidir. Kapsamli egitim programlari, degisim yonetimi stratejileri ve
stirekli 6grenmeyi tegvik eden bir kiiltiir olugturmak bu siiregte hayati bir rol
oynamaktadir.

6. YBS’de Yeni Arastirma Alanlar1 Ve Teorik Katkilar

YBS disiplini, teknolojik geligmelerin hizina ayak uydurarak hem
pratikte hem de teoride yeni aragtirma alanlar1 agmaktadir. Dijital ikizler,
hiperotomasyon, merkeziyetsiz kimlik sistemleri, duygusal yapay zeka ve
kuantum biligim gibi konular, geleneksel YBS kuramlarini zorlayarak yeni
teorik gergevelere ihtiya¢ duymaktadir. Bu boliimde, bu yeni alanlarin
akademik literatiirdeki yeri, Tiirkiye baglaminda kargilagilan yapisal zorluklar
(veri altyapisi eksikligi, akademi-endiistri kopuklugu, yetenek agig1) ve bu
bosluklar1 dolduracak potansiyel arastirma yollart ele almaktadir. YBS’nin
sadece bir teknolojik arag degil, ayn1 zamanda kuramsal inovasyonun da
kaynagi oldugu vurgulamakta; bu baglamda gelecekteki aragtirmalar igin
yon gosterici Oneriler sunmaktadir.

Dijital ikiz, fiziksel bir varligin sanal ortamda dinamik bir modelidir.
Uretim, saglik ve sehir yonetimi gibi alanlarda hizla benimsenen bu yaklagim,
YBS’ye “Ongoriicii analitik” yetenegi kazandirmaktadir. Bir fabrikanin dijital
ikizi, Gretim hattindaki arizalar1 6nceden tespit edebilirken; bir hastanin
dijital ikizi, tedavi siirecini kigisellestirebilmektedir. Bu yeni paradigma, YBS
teorisine “fiziksel-dijital entegrasyon” boyutunu eklemektedir.

Hiperotomasyon, RPA, is siire¢ yonetimi (BPM) ve YZ’nin birlesimiyle
kurumsal siireglerin tamamen otomatiklestirilmesini hedeflemektedir. Bu
yaklagim, YBS’yi “sistem yonetimi”nden “siire¢ yonetimi”ne gevirmektedir.
Akademik literatiirde bu alanda teorik gergevelerin gelistirilmesi hala eksik ve
bu durum, gelecekteki aragtirmalar i¢in zengin bir alan sunmaktadhr.
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Sekil 2. YBS Kavramsal Cercevesi

Kaynak: Yazar sentezi.

Tiirkiye’de YBS uygulamalar1 hizla yayginlagsa da, baz1 yapisal zorluklar
hala devam etmektedir. Oncelikle, akademik ve endiistriyel ig birligi oldukga
yetersizdir. Universitelerde gelistirilen YBS ¢oziimleri genellikle prototip
asamasinda kalirken, firmalar dig kaynakl sistemlere yonelmektedir. Tkinci
olarak, veri altyapisi ve kalitesi ciddi bir sorun olugturmaktadir. Ozellikle kamu
kurumlarinda veri standartlarinin eksikligi, entegre YBS uygulamalarinin
gelistirilmesini zorlagtirmaktadir. Ancak son yillarda “Ulusal Veri Altyapis
Projesi” gibi girisimler umut verici adimlar sunmaktadir. Son olarak, YBS
alaninda nitelikli isgiicti agig1 da mevcuttur. YZ, veri mithendisligi ve siber
giivenlik gibi alanlarda yetigmis eleman eksikligi, yenilik¢i ¢oziimlerin
kurumsal hayata aktarilmasimi giiglestirmektedir. Bu baglamda, lisansiistii
egitim programlarinin yeniden yapilandirilmasi ve sertifika temelli egitimlerin
yayginlagtirilmasi biiylik 6nem tagimaktadir.

7. Gelecek Yonelimleri

YBS, gelecekte daha otonom, merkeziyetsiz ve insan odakli bir yapiya
dogru hizla doniigiime ugramaktadir. Kuantum bilisim, Web3 tabanh
sistemler, dijital kimlikler, néromorfik giivenlik ¢ipleri ve duygusal YZ
gibi gelismeler, YBS’nin oniimiizdeki on yilim sekillendirecek belirleyici
parametrelerdir.  Bu boliimde, 2026-2030 vyillar1 arasinda beklenen
teknolojik ve yonetsel doniigiimler, YBS’nin stratejik misyonuna nasil
yansiyacagr ve bu degisimlerin kurumsal, toplumsal ve etik boyutlar
ele alinmaktadir. Akademisyenlerin, bu gelismeleri sadece takip etmekle
kalmayip, onlar1 yonetilebilir ve adil bir zemine oturtmak i¢in kuramsal
katkilarda bulunmalar1 gerektigi vurgulanmakta; YBS’nin gelecekte yalmzca
isletmeler igin degil, toplumsal refah ve siirdiiriilebilirlik igin de bir katalizor
olacagi 6ngoriilmektedir.

YBS, artik sadece kurumsal verimliligi artirmakla kalmiyor, ayni zamanda
toplumsal fayda saglama, gevresel siirdiirtilebilirlik ve etik sorumluluk gibi
gok yonlii bir misyon tistlenmistir. Gelecekte YBS’nin agagidaki alanlarda
gelismesi beklenmektedir:
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Kuantum Biligim Entegrasyonu: Kuantum algoritmalari, karmagik
optimizasyon problemlerinde YBS’ye biiyiik bir devrim getirebilir.

Merkeziyetsiz - Sistemler: Web3 ve DAO (Merkeziyetsiz Otonom
Organizasyonlar) vyapis;, YBSyi hiyerargik yonetim modellerinden
kurtarabilir.

Duygusal YZ: Insan duygularini anlayabilen sistemler, miisteri deneyimini
kigisellestirmede yeni kapilar agacaktir.

Tablo 5. Gelecek Ongoviileri (2026-2030)

Yil |Trend YBS Etkisi

2026 | Kuantum aglar (Quantum Internet) PQC zorunlu gegis
2027 | YZ ajanlar1 kendi savunmasini yonetir Otonom SOC

2028 | Tokenized Identity (DID) Kimlik federasyonu
2030 | Neuromorphic giivenlik ¢ipleri %99.9 tehdit engelleme

Bu dontiglim siirecinde akademisyenlerin rolii, teknolojik gelismeleri
sadece takip etmekle kalmayip, aym1 zamanda bu gelismeleri yonetilebilir,
adil ve siirdiiriilebilir bir temele oturtacak kuramsal gergeveler gelistirmektir.

8. Tartigma ve Genel Degerlendirme

Bu boliimde, onceki boliimlerde ele alinan gelismeler, elestirel bir
bakis agisiyla degerlendirilmekte; YBS’nin stratejik evrimi, teknolojik
entegrasyonun yonetim ve toplumsal boyutlariyla bir araya getirilerek genel
bir degerlendirme sunulmaktadir. YZ ve MO (6rnegin, ajanik YZ) stok
maliyetlerini %25, rota optimizasyonunu ise %15 oraninda azalttig gibi
somut Ornekler 6ne ¢ikmakta; biiyiik verinin ger¢ek zamanl analitikle rekabet
avantaji sagladig1 ve blokzincirin tokenize varliklarla 10 trilyon dolarlik bir
potansiyel sundugu (McKinsey, 2030 6ngoriisii) belirtilmektedir. IoT nin
iretkenligi %23 artirdig1 (Gartner, 2024) ve bulut biligimin KOBIlere erigim
sagladig1 bulgular, teknolojilerin entegrasyonunun orgiitsel verimliligi kokli
bir sekilde degistirdigini gostermektedir. Ancak, tartismada bu yeniliklerin
beraberinde getirdigi riskler de dikkat ¢ekmekte: Algoritmik yanhlik,
tarihsel verilerden kaynaklanan ayrimcilifi pekistirebilmekte (6rnegin,
kredi degerlendirmesinde); XAI teknikleri (LIME, SHAP) ise seftaflig
artirarak giiveni yiikseltmektedir (Durdn ve Pozzi, 2025). Siber giivenlik
alaninda, kuantum tehditlerine kargt PQC algoritmalarinin (CRYSTALS-
Kyber, Dilithium) standartlagtigi (NIST, 2024) ve sifir-giiven mimarisinin
i¢ tehditleri minimize ettigi tartigtlmakta; Tiirkiye’de KVKK ve Ulusal Siber
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Giivenlik Stratejisi (2024-2028) gibi diizenlemelerin YBS’ye entegrasyon
zorunlulugu vurgulanmaktadir. Siirdiirtilebilirlik agisindan, yesil biligimin
enerji titketimini %20-30 azalttig1 (Microsoft, 2025) ve ESG raporlamasinin
YBS aracihigiyla desteklendigi bulgular, teknolojinin gevresel ve sosyal
sorumlulukla dengelenmesi gerektigini ortaya koymaktadir. Cevik ve DevOps
yaklagimlarinin deploy hizin1 973 kat artirdigr (DORA, 2021) tartigmast,
YBS projeleri, kiiltiirel direng ve yetenek agiginin iistesinden gelinmesi
gerektigini vurgulamaktadir. Genel olarak, bulgular YBS’nin platform
ckonomisi ve dijital ikiz gibi yeni modellerle ig yapma bigimlerini yeniden
sekillendirdigini; ancak etik, giivenlik ve dijital ugurum gibi sorunlarin
yonetigim gergeveleri iginde ele alinmasi gerektigini tartigmaktadir. Bu sentez,
Pearlson ve arkadaslar1 (2024) ile Turban ve ekibinin (2021) ¢aliymalarini
referans alarak, YBS’nin yalnizca bir teknoloji degil, ayn1 zamanda toplumsal
bir ara¢ oldugunu vurgulamaktadir.

9. Sonug ve Oneriler

Sonug olarak, YBS disiplini, dijjital doniigiimiin temel taglarindan
biri olarak 6ne ¢ikmaktadir. YZ, blokzincir ve IoT gibi teknolojilerin
entegrasyonu, orgiitlerin rekabet avantajini, operasyonel miitkemmelligini
ve strdiiriilebilirligini artirmaktadir. Bolim boyunca ele alman bulgular,
YBS’nin etik, giivenlik ve gevresel boyutlarla dengelenmis bir stratejik
yetenek haline geldigini ortaya koymaktadir. Ancak, algoritmik yanhlik,
kuantum tehditleri ve dijital ugurum gibi zorluklar, yenilik¢i ¢oziimlerin
sorumlu bir sekilde kullanilmasini zorunlu kilmaktadir. Gelecekte, kuantum
bilisim entegrasyonu, merkeziyetsiz sistemler (Web3, DAO) ve duygusal
YZ’nin YBS’yi daha otonom ve insan odaklr hale getirecegi ongoriilmektedir.

Oneriler olarak: (1) Orgiitler, YZ sistemlerinde AIA siireclerini
zorunlu kilarak etik yonetigimi gii¢lendirmeli; (2) Egitim kurumlari, YBS
miifredatina post-kuantum kriptografi ve yesil bilisim modiillerini entegre
etmeli; (3) Tirkiye’de akademi-endiistri i§ birligini artiracak projeler
(6rnegin, TUBITAK Ar-Ge fonlar1) desteklenmeli; (4) YBS liderleri, Agile/
DevOps egitimleriyle yetenek agigini kapatmalr; (5) Gelecek aragtirmalar,
dyjital ikiz ve hiperotomasyonun teorik gercevelerini gelistirerek literatiire
katki saglamahdir. Bu oneriler, YBS’nin toplumsal fayda odakli evrimini
hizlandiracaktir.
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Abstract

LLMs (Large Language Models) are a groundbreaking technology for
human-computer interaction. LLMs, which are used in many natural language
processing areas such as text generation, question-answer systems, translation
and coding, show high success in complex language tasks thanks to their
transformer architecture and self-attention mechanism. The development
process that started with word embedding techniques has made significant
progress with models such as BERT and GPT. LLMs trained with large
datasets and powerful GPUs have also significantly improved grammar and
context learning. Adapter-based fine-tuning methods increase the accessibility
of models by reducing training costs. LLMs, which have revolutionized
fields such as health, law, finance, education, and content production, can
be integrated with different data types with multimodal models. LLMs have
potential future uses in areas such as personalized education, autonomous
systems and bio-artificial intelligence integration. However, at this point,
challenges such as high computational costs and data quality should also be
considered. In conclusion, LLMs have revolutionized the field of natural
language processing due to their ability to understand and generate human-
like language. Efficient algorithms and innovative solutions are needed in
the development and dissemination of language models. In the future, it is
expected that LLMs will have a wide range of applications and will be more
used and visible in many fields. From a Management Information Systems
perspective, the effective integration of LLMs into corporate processes is
expected to play critical role in decision support, information management,

and increasing overall managerial efficiency.
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1. Introduction

LLMs (Large Language Models) are large-scale AI (Artificial Intelligence)
systems designed and trained to perform NLP (Natural Language Processing)
tasks. These models are trained on extensive text corpora to understand and
generate human language and to execute various linguistic tasks. Among
these tasks is the ability to communicate with humans in a pre-programmed
manner through chatbots (Sadikoglu et al., 2023). LLMs are AI models
based on deep learning architectures and contain hundreds of millions to
hundreds of billions of parameters. One of the most important terms related
to LLMs is the “token.” Tokens are fundamental units that allow input to
be divided into smaller, processable segments. Tokens significantly influence
factors such as cost and model performance (Liu et al., 2023).

Key characteristics of LLMs include:

* Understanding and generating natural language (context
comprehension)

* General-purpose performance across various tasks
* Requirements for large-scale data and computational resources

In the processes of understanding and generating natural language, it is
crucial for LLMs to correctly grasp the context regardless of the length of
the text. Accurately processing the relationships between words, the overall
structure of the text, and its implicit meanings are essential for producing
coherent, contextually appropriate, and meaningful responses. Particularly
in long texts, the model’s ability to conduct in-depth analysis by focusing
not only on surface-level word matches but also on meaning relations that
span the entire text determines the strength of its language comprehension
capability. Therefore, proper processing of context forms the foundation
of LLMs’ abilities in information synthesis, text generation, and intelligent
response production.

LLMs have a wide range of applications, including:

* Text Generation: Creative writing, content creation, and story writing.
* Question-Answering Systems: Chatbots and virtual assistants

* Machine Translation: Cross-lingual text translation

¢ Text Summarization: Producing concise and meaningful summaries
of long texts

e Programming Assistants: Code completion, debugging, and
documentation tasks
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Examples of these application areas include the use of ChatGPT for
text generation, and tools such as Writesonic and Jasper Al for content
marketing copy and social media posts. For question-answering systems,
applications such as Siri, Alexa, and Google Assistant may be preferred. In
machine translation, Google Translate, DeepL Translator, and Microsoft
Translator are among the most well-known and widely used tools. For text
summarization, SummarizeBot, Google Docs, Microsoft Word Al, and
ChatGPT can be utilized. As for programming assistants, Github Copilot,
TabNine, Replit Al, and Amazon CodeWhisperer are frequently preferred
by users.

2. The History of LLMs

The history of LLMs begins with the concept of semantics-meaning in
language-introduced by the French philologist Michel Bréal in 1897. Bréal
examined how languages are structured, how they change over time, and
how words are interconnected within a language (Fournet, 2011). Since the
early 1950s, NLP research has evolved around key tasks including machine
translation, information retrieval, text summarization, question answering,
information extraction, topic modeling, and, in more recent years, opinion
mining (Cambria and White, 2014).

NLP focuses on converting human communication into a form that
computers can understand and then converting it back again. Under normal
circumstances, computers cannot comprehend written or spoken text.
However, through NLD, this has become possible, enabling translation
between languages.

In the 1900s, Ferdinand de Saussure made significant contributions to
the theoretical framework of NLP by restructuring the fundamental concepts
of linguistics at the University of Geneva. Saussure argued that language
should be treated as a structural system and proposed, within the framework
of sign theory, that every linguistic unit consists of a signifier and a signified.
This approach laid the groundwork for modern NLP studies focusing on
modeling word meanings and contextual relationships (Saussure, 1916).

One of the primary goals of NLP is to enable translation. After World
War II, the field of NLP gained significant attention due to growing desires
for trade, communication, and cultural interaction. However, creating a
machine capable of translation proved to be extremely challenging. Unlike
humans, who can communicate using complex sentences in their native
languages, computers were unable to comprehend such complexity.
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The early advances in Al and NLP laid the groundwork for today’s
LLMs. During this period, the establishment of the fundamental principles
of Al and the debates concerning whether machines could possess human-
like language abilities played a crucial role in the evolution of technology.

LLMs constitute one of the most significant components of NLP
and machine learning within the field of AI. The development of LLMs
began with the formation of the foundational concepts of Al and has
progressed substantially over the years. In this process, the contributions
of mathematician Alan Turing were particularly influential. While working
to decipher the Nazis’ Enigma machine during World War II, Turing laid
the foundations of Al by posing the question, “Can machines think like
humans?”. From that point onward, research in this field continued at full
speed.

In 1950, Alan Turing introduced what is now known as the Turing
Test. The Turing Test refers to a machine’s ability to participate in human
conversations in a way that creates a human-like impression. Turing initially
named this the “imitation game.” Fundamentally, the imitation game
consisted of three participants: Person A, Machine B, and an interrogator.
The interrogator’s aim was to determine, using simple questions, whether
the respondent was Person A or Machine B. The machine’s goal was to
convince the interrogator that it was a human rather than a machine, while
Person A was present to help reveal which participant was the actual machine
(Ciesla, 2024).

One result of these early studies was ELIZA, a predecessor of modern
systems such as ChatGPT. Emerging in the 1960s, ELIZA was unable to
pass the Turing Test, although it could partially convince users that it was
human. However, Google’s LaMDA and OpenAI’s ChatGPT successfully
passed the Turing Test in 2022 and 2023, respectively (Ciesla, 2024). An
example of a conversation with ELIZA, presented in Figure 1, illustrates
that the Al produced responses that were partially human-like.
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Human: Men are all alike.
Eliza: In what way?

Hl:]man: They're always bugging us about something specific or
other.

Eliza: Can you think of a specific example?

Human: Well, my boyfriend made me come here.

Eliza: Your boyfriend made you come here?

Human: He says |I'm depressed much of the time.

Eliza: | am sorry to hear you are depressed.

Human: It's true. I'm unhappy.

Eliza: Do you think coming here will help you not to he unhappy?
Human: | need some help, that much seems certain.

Eliza: What would it mean to you if you got some help?

Human: Perhaps | could learn to get along with my mother.

Eliza: Tell me more about your family.

Figure 1. An Example of @ Conversation with ELIZA (Weizenbaum, 1966)

In the history of NLD, the identification of systems and programs has
often been accompanied by many unrealistic assumptions. Considering
that existing approaches to requirements engineering are critical and costly,
the possibility of creating a system capable of automatically understanding
end-user needs appears highly attractive. Many projects propose developing
systems through natural or near-natural conversational methods with
customers (Ryan, 1993).

By the 2020s, the results of Alan Turing’s work began to manifest.
Initially, computers were not proficient at making predictions, and creating
extensive dictionaries held little significance for them. However, human
languages are inherently chaotic, and consecutive expressions often carry
multiple meanings. Elements such as context and humor are generally
extremely difficult for our devices to interpret (Eloundou et al., 2023).

2.1. The Use of Rule-Based Methods

Rule-based methods have played an important role in the development of
LLMs and the field of NLP. These methods were particularly used in early
NLP studies to understand the structure of language and enable computers
to process text.
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To better understand rule-based methods, the topic of sentiment analysis
can be considered. Sentiment analysis, also referred to as opinion mining,
has emerged as an important research domain within NLP and AI. This
tield primarily aims to identify and extract subjective information from
text to reveal the emotions conveyed by individuals or groups. As digital
communication platforms continue to grow rapidly, the need for robust
sentiment analysis tools to examine and make sense of the immense volume
of user-generated data has increased. Traditionally, sentiment analysis was
conducted using manually crafted rules and lexicons; today, it is supported
by machine learning and deep learning methods, offering more detailed and
scalable solutions (Gupta et al., 2024).

Rule-based systems date back to the early 2000s. The initial systems relied
on handcrafted lexicons and patterns matching-i.e., rules-to detect emotions.
As machine learning advanced, sentiment analysis techniques began to rely
increasingly on statistical models and feature-driven classifiers (Gupta et al.,
2024). Rule-based approaches refer to the use of manually created lexicons
during periods when technology was insufficient and computers were unable
to extract the desired information from text.

2.2. Statistical Approaches in Language Modeling

The limitations of rule-based methods necessitated a transition to more
advanced approaches in language modeling. This shift occurred particularly
with the widespread adoption of statistical methods in the field of language
processing. Unlike rule-based systems, statistical approaches offered a
data-driven and flexible methodology, enabling a better modeling of the
complexity of language. Therefore, the move from rule-based methods to
statistical approaches marked a significant turning point in NLP.

As nearly all aspects of society have become digitized, data analysis has
emerged as an indispensable tool across various industries. For example,
financial institutions use data analysis to make informed decisions about
stock trends, hospitals monitor patients’ health conditions, and companies
develop strategic plans through data-driven insights (Sun et al., 2024).

The general data analysis workflow usually consists of several essential
steps. First, data are collected from studies or extracted from databases and
imported into tools such as Excel. Next, software like Excel or programming
languages such as Python and R are employed to clean and analyze the data
in order to derive meaningful insights. For more advanced tasks, including
statistical inference and predictive analysis, statistical methods and machine
learning models are typically applied. This process generally encompasses
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data preprocessing, feature engineering, modeling, evaluation, and other
related steps (Sun et al., 2024).

However, statistical approaches have a notable disadvantage: a systematic
lack of statistical training. As a result, individuals without a background in
statistics may struggle to determine which types of analyses are appropriate,
even when data are provided. As data and models grow in complexity,
developing a thorough understanding of established statistical methods
typically necessitates graduate-level training in statistics (Sun et al., 2024).

2.3. Deep Learning

Despite the success of statistical approaches, the pursuit of more complex
and flexible solutions in language modeling has led to the development of
deep learning techniques. Deep learning aims to better model the intricate
structure of language using feature-based neural networks. A standard neural
network consists of many simple, connected processors called neurons, each
producing a series of real-valued activations. Input neurons are activated
through sensors that perceive the environment, while other neurons
are activated via weighted connections from previously active neurons.
Depending on the problem and the network’s connectivity, such behaviors
may require long causal chains of computation. At each stage, the network
transforms the total learning activation (Schmidhuber, 2015).

2.4. The Word2Vec and GloVe Techniques

With the widespread adoption of deep learning in language modeling,
word embedding techniques such as Word2Vec and GloVe have gained
importance. These techniques address challenges in text processing or NLP,
such as feature extraction from unstructured text. Feature extraction plays a
critical role in text classification by converting text into a structured form that
learning algorithms can process. The chosen feature extraction technique
directly affects classification performance, which has led to extensive research
aimed at improving performance in this area. Transforming text into a
vector space representation using a term frequency matrix is a commonly
used method in NLP. This approach compresses unstructured text into a
more organized and analyzable form (Dharma et al., 2022).

2.4.1. The Word2Vec Technique

The word embedding technique represents each word as a point in space
by converting alphanumeric characters into vectors. This approach positions
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words with similar contexts or meanings close to each other in the vector
space, thereby capturing both the semantic and syntactic aspects of words.

In 2013, a Google team led by Tomas Mikolov developed and published
the Word2Vec technique for word embedding. This technique consists of
two models (Dharma et al., 2022):

e Skip-gram
¢ CBOW (Continious Bag of Word)

The Skip-gram model aims to predict context words based on a given
input word. Its core idea is to estimate the context of a word when the word
itself is provided. This approach, based on word embeddings, is an enhanced
version of the N-gram model, which attempts to understand context by
skipping words at certain intervals rather than using consecutive words
(Sonkar et al., 2020).

At the foundation of all embedding models lies the idea that “a word is
defined by the words around it” (Firth, 1957). For example, Word2Vec’s
CBOW model attempts to predict a randomly selected word by using the
other words in a sentence as context. These models generally treat context
words with equal weight. However, it is evident that some context words
are more influential than others in predicting the masked word and therefore
should be given greater weight (Sonkar et al., 2020).

2.4.2 The GloVe Technique

GloVe is a technique that combines two different approaches: count-
based methods (e.g., Principal Component Analysis) and direct prediction
methods like Word2Vec. While Word2 Vec relies solely on information from
local context windows, the GloVe algorithm also incorporates word co-
occurrence information and global statistics to capture semantic relationships
between words. GloVe employs a global matrix factorization method that
represents the presence or absence of words in a corpus.

Word2Vec is a feedforward neural network model. Therefore, Word2 Vec
is often referred to as a “neural word embedding,” whereas GloVe is a log-
bilinear model and is generally classified as a “count-based model”. GloVe
learns relationships between words by analyzing how frequently words co-
occur within a corpus. This analysis, which leverages word occurrence ratios,
enhances performance in tasks such as generating meaningful embeddings
and solving word analogies (Dharma et al., 2022).
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3. Fundamental Features of LLMs

The fundamental features of LLMs constitute the distinguishing elements
that set them apart from other Al and language processing techniques.
These features directly influence the model’s design, learning processes, and
performance. The key features of LLMs can be summarized as follows:

e Transformer Architecture

* Encoder-Decoder Structure
e Self-Attention Mechanism

* Data and Training Process
e Scale of Parameters

* Generalization Capability

e Token Structure

One of the important hyperparameters used during the training of LLMs
is the batch size. Batch size refers to the number of data samples processed
by the model in each training step. Its significance in the training process
is particularly critical for efficiently utilizing memory and computational
resources, especially in large-scale models (Goyal et al., 2017).

3.1. Transformer Architecture

In recent years, the development of transformer-based models such as
BERT, GPT, and their variants has driven significant advances in the field of
NLP. These models have achieved notable success in challenging tasks such
as understanding and generating human language. They have particularly
revolutionized tasks in NLU (Natural Language Understanding) and NLG
(Natural Language Generation), including sentiment analysis and document
summarization. Additionally, transformers have proven effective in other

domains, such as computer vision and autonomous driving (Huang et al.,
2023).

The main reasons why transformer architecture is so eftective in the field
of NLP are as follows (Vaswani et al., 2017):

* Darallel Processing: Unlike traditional RNNs (Recurrent Neural
Networks), transformers process data in parallel rather than
sequentially, speeding up training and inference.

* Learning Long-Term Dependencies: The self-attention mechanism
excels at capturing relationships between words in long sentences.
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¢ Scalability: The encoder-decoder structure can be adapted for a wide
range of tasks, from machine translation to language modeling.

The transformer architecture and the Multi-Head Attention layer, which
is responsible for understanding input texts, are illustrated in Figure 2.
Within the Multi-Head Attention layer, the Scaled Dot-Product Attention
layer is included. This layer is a fundamental component of the self-attention
mechanism and helps extract contextual meaning by determining the
relationships between elements in the input sequence.

Scaled Dot-Product Attention is divided into three main components:
* Q (Query): Query vectors
* K (Key): Key vectors

e V (Value): Value vectors

Output Multi-head attention
Protatilities

Posltional 1
Encoding

Zoam-n|

Inpuis Cuiputs
{shifted right)

Figure 2. Transfovimer Model Architecture and Multi-Head Attention Layer
Components (Vaswani et al., 2017)

3.2. Encoder-Decoder Structure

The transformer architecture consists of two main components: the
encoder and the decoder. The encoder learns the context between words
using Multi-Head Attention (MHA) and feedforward network layers
to understand the input text. The decoder generates the target sequence
by employing both MHA and cross-attention mechanisms that process
information from the encoder. Attention masks in the decoder ensure
sequential processing. The interaction between the encoder and decoder
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forms the foundation of transformers’ success in text understanding and
generation (Huang et al., 2023).

The primary difference between the encoder and decoder is that the
decoder contains an additional cross-attention layer. This layer interacts
with the outputs from the encoder to generate the target sequence more
effectively (Huang et al., 2023).

3.3. Self-Attention Mechanism

Self-attention evaluates the relationships of each element in a sequence
with all other elements, providing a significant advantage in determining the
context of words. For example, it can correctly identify whether the word
“bank” in a sentence refers to a financial institution, a fog bank, or the bank
of a river by examining the surrounding words (Vaswani et al., 2017).

The self-attention mechanism plays a crucial role in modeling long-term
dependencies and language relationships by effectively learning contextual
connections in areas such as language modeling and speech recognition. As
a core component of the transformer architecture, it offers faster and more
parallel processing capabilities compared to traditional LSTM (Long Short-
Term Memory) models. Self-attention determines the importance of each
element in a sequence relative to others while still requiring information
about the order of elements. Therefore, positional encodings are typically
used in transformer models.

This mechanism provides an effective solution in speech recognition and
language modeling by reducing WER (Word Error Rate) and improving
overall performance. As a result, self-attention, with its ability to extract
contextual information and learn long-term dependencies, occupies a central
role in modern NLP applications (Irie et al., 2019).

Table 1 presents the maximum path lengths, per-layer complexity,
and minimum sequential operations for different types of layers. The
computational complexity and sequential processing requirements of the
self-attention mechanism show significant differences compared to other
model types.
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Table 1. Comparison of Self-Attention and Other Layer Bipes (Vaswani et al., 2017)

Layer Type I(’:er-Layel: Sequen.tlal Maximum
Self-Attention O(n?.d) O(1) O(1)
Recurrent O(n.d? O(n) O(n)
Convolutional Ok.n.d*) O() O(log,(n))
Self-Attention (restricted) O(r.n.d) O(1) O(n/r)

3.4. Data and Training Process

LLMs are developed to deliver human-level performance in language
understanding and generation (Sadikoglu et al., 2023). This process
encompasses several subtopics, including the training of LLMs. Key aspects
to consider include large and diverse datasets, the high computational power
required for training, and the roles of distributed systems and GPUs.

The datasets used for LLMs play a critical role in their success. LLMs
acquire cross-linguistic understanding and contextual knowledge primarily
from the datasets on which they are trained. These datasets serve as the
foundational infrastructure supporting model development and directly
influence their language comprehension and generation capabilities.

LLM datasets are classified into five main categories based on their
intended use (Liu et al., 2024):

1. Pretraining Corpora: Large-scale text collections used to acquire
general language knowledge.

2. Instruction Fine-Tuning Datasets: Used to customize models for
improved performance on specific tasks.

3. Preference Datasets: Designed to generate results that better align
with user preferences.

4. Evaluation Datasets: Created to measure model accuracy; effectiveness,
and overall performance.

5. Traditional NLP Datasets: Classic datasets commonly used in the field
of NLP.

For LLM training, access to large datasets is important, but the quality
and diversity of these datasets are equally critical. Research has highlighted
the challenges associated with these datasets and suggested potential
directions for future studies (Liu et al., 2024).
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LLMs are developed through training on various datasets at different
stages. This process is typically divided into four main categories-pretraining,
instruction fine-tuning, preference datasets, and evaluation datasets-to
enhance the model’s general capabilities, optimize it for specific tasks, and
improve the end-user experience (Liu et al., 2024).

Datasets used in the pretraining phase include large-scale internet texts,
academic articles, books, and code repositories. Instruction fine-tuning
datasets consist of human-created instruction-response pairs, designed to
improve the model’s performance on specific tasks. Preference datasets are
developed to ensure that the model’s outputs align with human preferences.
Evaluation datasets are used to measure LLM performance, testing the
model’s accuracy, reliability, and ethical behavior.

Figure 3 illustrates the datasets used in the development process of
LLMs, categorized along a timeline. Pretraining, instruction fine-tuning,
preference, and evaluation datasets are shown in difterent colors, clearly
highlighting the role of each dataset at various stages of model development.

LLM
Datasets

k2L

011,12

2200

.12

..... 10341

Figure 3. Timeline of LLM Datasets. Ovange: Pretraining, Yellow: Instruction Fine-
Tuning, Green: Prefevence Datasets, Pink: Evaluation Datasets (Liu et al., 2024)
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In conclusion, large and diverse datasets play a vital role in enhancing
the language learning capacity of LLMs. These datasets improve the
models’ ability to understand and generate both grammar and context more
effectively.

Training LLMs require an extremely high memory capacity. To address
this challenge, current approaches often use a combination of CPUs and
GPUs during training, such as ZeRO-Oftload (Yang et al., 2024). While
ZeRO-Offload makes model training more accessible, it is generally
inefficient in memory management and requires expert intervention.

The demand for high computational power during training is closely tied
to the infrastructure and connectivity technologies of GPU-centric clusters.
This involves short-range communication protocols like NVLink (NVIDIA
Link) and long-range protocols such as RDMA (Remote Direct Memory
Access)-enabled NICs (Network Interface Cards). However, large-scale
RDMA networks face issues such as lockups, performance degradation,
and high costs. Scaling challenges in Clos network architectures and over-
subscription strategies used by data center providers to reduce costs further
exacerbate performance losses. Therefore, in addition to powerful hardware,
optimized network architectures and protocols are critical for training large-
scale models (Wang et al., 2023).

The intensive computational power required for training and inference of
LLMs makes GPUs a fundamental component of their computing resources.
Early GPU programming and execution models laid the groundwork for
modern GPU architecture. These cores are optimized to accelerate complex
matrix operations during LLM training. Additionally, the memory systems
of modern GPUs are specifically designed to efficiently perform tensor
operations.

However, due to the heterogeneous nature of GPU architecture, users
must be prepared to handle hardware diversity. This requires developing
software that can adapt to different GPU designs and optimizing systems
accordingly. The variety and advanced capabilities of GPUs play a critical
role in distributed systems, enabling the efficient training and deployment
of large-scale models (Zhang and Zijan, 2024).

3.5. Scale of Parameters

Increasing the number of parameters in LLM development has a
significant impact on performance. A larger number of parameters enable
models to achieve superior results in language understanding, reasoning,
and various tasks. However, this increase also demands high costs and
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computational resources during training and fine-tuning. To address these
challenges, adapter-based PEFT (Parameter-Efficient Fine‘Tuning) methods
have been developed (Hu et al., 2023).

PEFT reduces cost and resource requirements by optimizing only a
small set of external parameters instead of retraining the entire large model.
This approach not only offers low-cost training but also provides strong
performance even in smaller-scale models. In fact, it can achieve results
comparable to models with 175 billion parameters and, in some cases, even
surpass them (Hu et al., 2023).

LLMs utilize adapter-based PEFT methods, which enable pretrained
models to be applied more effectively and efficiently across different tasks.
Examples of adapter types include (Hu et al., 2023):

* Sequential Adapter: These adapters incorporate learnable modules in
a sequential manner within a specific sublayer.

* Darallel Adapter: These adapters aim to include learnable modules in
parallel across different sublayers of the backbone model.

Figure 4 visualizes adapter-based PEFT methods in LLMs. The figure
highlights architectural differences between sequential and parallel adapters,
comparing how adapters are integrated within the backbone model.
Sequential adapters strengthen the learning process through sequentially
added modules within specific layers, while parallel adapters operate
concurrently with different sublayers, providing a more flexible and efficient
fine-tuning mechanism.

~N

Add & Norm

Layer

Feed Forward
up-project

Feed Forward i

[ Feed Forward ) | Adapter]

Nonlinearity Multi-Head

A_Add &Norm |} | Attention

L] “|| Feed Forward
Multi-Head E | down-project l -
Attention L\ / \ _/‘
3 !

(@) ©)

Figure 4. Detailed Adapter Avchitectuve: (a) Sequentinl Adapter; (b) Parallel Adapter
(Hu et al., 2023)
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In conclusion, increasing the number of parameters enhances the
performance of large models, while methods such as PEFT allow these
advantages to be achieved more efficiently. These approaches provide more
sustainable solutions in terms of cost and resource usage, making LLMs
more accessible (Hu et al., 2023).

3.6. Generalization Capability

LLMs are highly powerful due to their zero-shot and few-shot
learning abilities. By leveraging these methods, LLMs can demonstrate
general cognitive capabilities without requiring task-specific training data.
Techniques such as “chain-of-thought reasoning” allow models to achieve
high performance even in complex logical reasoning and multi-step tasks
with zero-shot learning (Kojima et al., 2022).

Zero-shot learning is an approach in which a model completes a task
using only a prompt or instruction, without encountering any task-specific
training examples. This means the model can make predictions directly on
tasks it has never seen during training, without additional examples or fine-
tuning. Such learning evaluates the model’s ability to understand and solve
diverse tasks based on the general knowledge it acquired during training
(Kojima et al., 2022).

Few-shot learning refers to a model’s ability to learn a task from only
a few examples. In this approach, the model shows how to perform the
task with just a limited number of examples, without requiring extensive
data or a large training set. This enables the model to achieve high accuracy
on a specific task while being trained on only a small number of examples
(Kojima et al., 2022).

In conclusion, zero-shot and few-shot learning are crucial methods
that reveal the capabilities and broad cognitive potential of LLMs. These
approaches make LLMs more efficient, flexible, and applicable across a wide
range of tasks.

3.7. Token Structure

This section discusses tokens, one of the most critical elements of LLMs,
highlighting their advantages and disadvantages. Tokens affect factors
such as cost and model performance. The computational cost of LLMs
generally depends on the number of input and output tokens. In commercial
applications, adding extra text to expand context increases the token count,
thereby raising costs. A higher number of tokens not only increases cost but
also extends processing time.
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Token compression techniques optimize the balance between cost and
performance, enabling efficient use in retrieval-augmented models. These
techniques include:

* Summarization Compression: Summarization models can be used to
allow LLMs to learn the same information from shorter inputs.

* Semantic Compression: By removing non-essential words, the model
can operate with shorter inputs that retain the same meaning,.

Token compression combined with effective context management
increases usability in information-dense tasks while maintaining model
accuracy. To implement this approach, certain rules are followed:

* LLM:s operate with a defined maximum token limit.

* When working with long contexts, the model must be optimized
using early truncation or sliding strategies to prevent information loss.

In conclusion, token efficiency is a critical factor that directly affects
the cost, speed, and accuracy of LLMs. Developers can enhance model
effectiveness by employing techniques such as summarization, semantic
compression, and context management.

While the use of tokens offers many advantages for LLMs, it also has
some drawbacks. LLMs operate with a defined maximum token limit. When
processing long documents or very large contexts, the model may perform
early truncation, resulting in information loss.

The costs of LLMs increase with the number of tokens processed. As the
number of input and output tokens grows, computation time and expenses
rise. Large token counts can particularly increase commercial costs when
using APIs.

The tokenization process, which splits text into tokens, can sometimes
divide words into meaningless or incomplete segments. This can lead to loss
of meaning, especially in low-resource languages or in words with complex
structures. In agglutinative languages such as Turkish, incorrect tokenization
can cause semantic distortions.

Token-based systems cannot always capture subtle nuances in text. For
example, irony, metaphors, or cultural contexts may be misinterpreted by
the model. During summarization, some important information may be
overlooked, and semantic compression can lead to information loss and
potential misinterpretations.
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Token-based processing is one of the fundamental elements that make
LLMs operational. However, it also brings challenges such as length
limitations, cost, information loss, and context management. To mitigate
these disadvantages, techniques like token compression, context management,
and more advanced memory mechanisms have been developed.

4. Development and Future Perspective of LLMs

LLMs have revolutionized the field of NLP, performing a wide range
of tasks such as human-like text generation, translation, code writing, and
information synthesis. Prominent models in this domain include ChatGPT,
LLaMA, Gemini, and DeepSeck, each developed using technologies with
similar or distinct features.

ChatGPT, developed by OpenAl, is an extension of the GPT (Generative
Pretrained Transformer) series. First released in 2022, it demonstrated
significant advancements with GPT-3.5 and GPT-4, attracting widespread
attention for its ability to engage in human-like dialogue. With the release
of GPT-4 in 2023, features such as enhanced contextual understanding,
multimodal processing (text and visual input), and an extended context
window were introduced. In particular, the GPT-4 Turbo version offers faster,
optimized responses at lower costs, reflecting OpenAI’s goal of improving
model performance.

LLaMA, developed by Meta, was designed to meet the growing demand
tor open-source LLMs. LLaMA 1 (2023) aimed to deliver high performance
with a smaller number of parameters, while LLaMA 2 improved scalability
and efficiency. The LLaMA 3 version, released in 2024, is reported to be
trained on larger datasets and to possess significantly enhanced contextual
understanding capabilities. One of the main advantages of LLaMA models
is their open-source nature, providing a suitable infrastructure for academic
research and enterprise customization.

Google’s earlier language model, Bard, was rebranded as Gemini in
2023 and developed by Google DeepMind. Gemini 1.0 (2023) introduced
multimodal capabilities, handling both visual and text inputs, differentiating
it from competitors. The Gemini 1.5 (2024) version features an expanded
context window, enabling better comprehension of long-term dependencies.
Gemini’s most notable distinction is its advanced ability to interpret
visual content compared to other models. Google has optimized this
model particularly for search engines, Al-powered assistants, and content
generation.
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DeepSeek was founded in 2023 in Hangzhou, China, by information
and electronics engineer Liang Wenfeng. Liang had previously supported
Al-focused projects through the incubator program of the High-Flyer fund,
which he established in 2015. The company’s vision is to achieve AGI
(Artificial General Intelligence) capable of matching or surpassing human
performance across various domains.

DeepSeek’s first model, DeepSeek Coder, was launched in November
2023. The model has gained attention as a language model particularly
focused on code generation and technical documentation. Sub-projects like
DeepSeek Coder aim to facilitate large-scale code production. Compared to
other models, DeepSeek’s primary advantage is its superior performance in
mathematical computations and code-based tasks. The general comparisons
of the above mentioned LLMs are given in Table 2.

Table 2. General Comparison of LLMs

Model Developer Year Open Key Strengths of the Model
Source
ChatGPT ~ OpenAl 2022 No Dialogue-based interaction, large
dataset
LLaMA  Meta 2023 Yes Opcp source, low hardware
requirements
Gemini Google 2023 No Multimodal learning, advanced visual-

text integration

Code generation and technical

DeepSeek  DeepSeek AT 2023 No .
computations

LLMs have recently gained prominence in machine learning research due
to their rapid advancements, driving transformative changes across various
fields such as NLD, biomedical analysis, software development, and content
creation. LLMs like ChatGPT, Gemini, LLaMA, and DeepSeek now span a
wide range of applications, from conversational chatbots for user interaction
to analytical tools that assist in scientific research. Current studies focus
on enhancing these models’ performance and exploring their extensive
application potential across diverse domains. The success of advanced
general-purpose LLMs relies on two key factors:

1. Developing a robust model architecture with a large set of parameters,
2. Training this architecture on vast and comprehensive datasets.

For instance, OpenAI’s GPT-4 Turbo leverages millions of parameters to
utilize an extensive knowledge base, while Google DeepMind’s Gemini 1.5
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model demonstrates significant advancements in multimodal capabilities by
integrating visual and textual data. Meta’s LLaMA 3 provides optimized
lightweight models for the open-source community, and DeepSeek stands
out in technical domains such as programming and code generation.

Current applications of LLMs span several key domains, including
healthcare and biomedical research, law and finance, education and academic
research, as well as content creation and media. These examples illustrate
how LLMs are transforming both professional and creative workflows
across diverse sectors:

* Healthcare and Biomedical: LLMs are used to analyze medical
reports, support clinical diagnoses, and review literature in biomedical
research. For example, Med-PalLM 2 assists doctors in making more
accurate diagnostic and treatment decisions.

e Law and Finance: LLMs help analyze legal documents, accelerate
legal research, and make financial predictions. Harvey Al is employed
by law firms to optimize legal analysis processes.

* Education and Academic Research: LLMs are effective in automated
assignment grading, academic writing support, and summarizing
scientific papers. Elicit Al aids researchers in accelerating literature
reviews.

¢ Content Creation and Media: LLMs are actively used for news
summarization, generating marketing copy, and creative writing.
ChatGPT and Gemini support users in creative processes, serving a
broad range of applications in media and content production.

Among the potential future applications of LLMs are the broader
integration of advanced Al assistants into individuals’ daily lives, the
development of autonomous systems with more intelligent and independent
decision-making capabilities, and the utilization of personal Al assistants to
organize daily activities, manage health data, and guide educational processes.
Furthermore, within the scope of bio-artificial intelligence integration, these
models are expected to contribute to more advanced predictive processes in
personalized medicine by combining genetic analysis with biotechnology:

The large scale of LLM models and their datasets will result in significant
computational costs during the pre-training phase. Therefore, there is an
increasing need for innovative architectures and algorithms that reduce
pre-training costs and optimize data usage to enable the more sustainable
development and widespread deployment of LLMs in the future.
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In this context, techniques such as adapter-based PEFT methods help
make large-scale models more accessible by reducing their associated
costs. Simultancously, the development of smaller and more customizable
models will facilitate broader adoption of LLMs, particularly for corporate
organizations and individual users.

4.1. Multimodal Models

Although MM-LLMs (MultiModal Large Language Models) have made
significant progress today, most existing systems can only provide multimodal
understanding on the input side. However, some models possess the ability
to generate content across different modalities (text, image, video, and
audio). For instance, ChatGPT’s GPT-4 Turbo model can understand text-
and image-based inputs, while the Gemini 1.5 model can generate content
with advanced visual and text integration. DeepSeek excels particularly in
code generation, whereas LLaMA models incorporate developments for
multimodal learning within the open-source ecosystem. While humans use
these modalities together to understand their environment and communicate,
MM-LLMs capable of receiving and generating content in any modality play
a critical role in advancing human-level Al development (Wu et al., 2023).

Research efforts in this area continue. One such example is a system called
Next-GPT (Wu et al., 2023). A notable feature of Next-GPT is its utilization
of existing high-performance encoders and decoders. This allows the system
to be fine-tuned with only 1% additional parameters while offering a low-
cost training process, making it easier to integrate new modalities into the
system. The architecture of the proposed system is illustrated in Figure 5.
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Figuve 5. Proposed Next-GPT Model Avchitectuve for MM-LLMs (Wi et al., 2023)
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4.2. Changes Brought by LLMs in the Labor Market

LLMs, particularly technologies such as GPT, have significant
transformative potential in the business world. Research indicates that these
models could impact a substantial portion of the workforce in the United
States. For instance, a certain percentage of employees’ tasks and up to
half of some workers’ duties are expected to be affected by these models
(Eloundou et al., 2023).

The influence of LLMs is not limited to low-skilled jobs but is also likely
to be noticeable in high-income and more complex professions. This can lead
to profound changes in productivity and business processes. The ability of
LLMs to perform work tasks faster while maintaining the same quality can
enhance productivity, generating broader economic benefits. In summary,
LLMs like GPT can be regarded as general-purpose technologies, capable
of creating large-scale impacts on the economy, society, and the business
environment. These impacts include altering workforce dynamics, increasing
efficiency, promoting inclusivity, and revolutionizing education and learning
processes. The advancement of these models carries the potential to redefine
work processes and fundamentally transform labor market dynamics

(Eloundou et al., 2023).

Based on data from firms such as McKinsey, the World Economic
Forum, PricewaterhouseCoopers, Harvard Business Review, Accenture, and
BCG, an estimated sector-wise impact of LLMs and productivity increases
is illustrated in Figure 6. The figure presents two different charts related to
LLM eftects (Schmidhuber, 2015; Schmidt, 2023; Shukla, 2024; Mayer et
al., 2025; World Economic Forum, 2025).

As shown in Figure 6(a), the sector most affected by LLMs is marketing,
with an estimated impact of 75%. The least aftected sector is manufacturing,
with a projected impact of 40%. These estimates are shaped by the level of
process automation within the respective sectors and the potential use of NLP
models. Figure 6(b) illustrates the effect of LLM adoption on productivity
growth. Since 2020, with the integration of LLM:s into business processes, a
continuous increase in productivity has been observed. This increase, which
was around 5% in 2020, is expected to reach 50% by 2028. This trend
highlights the positive impact of Al-supported automation on workforce
productivity.



Kiirsat Arslan | Mehmet Fatih Karaca | 95

Sectoral Impact of LLMs Productivity Growth Due to LLM Usage
—4— Procluctivity Inerease (%)

2
3

z

8
E]

LLM Impact (%)
5 &

Productivity Increase (%)
2

B
g

=
=

Finance Lciznl ik i keti 020 2022 024 2026 2028
Years

(@) @)

Figure 6. LLM Impacts: (a) Sector-wise Effects of LLM (Schmidhbuber, 2015; Mayer
et al., 2025; World Economic Forum, 2025), (b) Sector-wise Productivity Growth
Associated with LLM Adoption (Schmidt, 2023; Shukla, 2024)

4.3. Broader Accessibility

Although it is difficult to fully predict the future applications of LLMs,
current studies and the rapid pace of technological advancement provide
some insights. At present, LLMs have proven effective in supporting content
creation processes, such as social media post generation (Tanudin, 2024), and
in assisting researchers by providing rapid access to information in academic
studies (Rane et al., 2023). Furthermore, in the coming years, LLMs are
expected to play a role in more complex processes, including the development
of personalized educational platforms, enhancing customer service efficiency,
and supporting diagnostics and patient education in healthcare. However,
to fully understand the true potential of these technologies and make precise
predictions, further research and practical implementations are required.

Conclusion

This study examined LLMs and advancements in the field of NLP.
Initially, the historical development of LLMs and the evolution of language
processing techniques from the 1950s to the present were explored. In
particular, the progression from word embedding techniques such as
Word2Vec and GloVe to transformer-based models like BERT and GPT was
detailed. The study emphasized how these models, trained on large datasets
with GPU infrastructures requiring high computational power, enhance
language knowledge and contextual understanding.
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The fundamental characteristics of LLMs and their capabilities in
understanding and generating natural language were discussed. Technical
details such as the transformer architecture, self-attention mechanism,
and encoder-decoder structure were explained. Additionally, the broad
applications of LLMs-including text generation, question-answering systems,
machine translation, and programming assistance-were highlighted. A
comparative analysis of popular models such as ChatGPT, LLaMA, Gemini,
and DeepSeek were also presented.

The study addressed the training processes of LLMs and the critical role
of large datasets used during these processes. Techniques that optimize cost
and resource usage, such as adapter-based PEFT methods, were explained
in terms of their contribution to making LLMs more accessible. Moreover,
the impact of token structures and token compression techniques on model
performance and operational costs was examined.

The potential future applications of LLMs and their transformative
impact on sectors such as healthcare, law, finance, education, and content
creation were discussed. The development of multimodal models and
their integration of diverse data types-including visual, textual, audio, and
video-was highlighted as a means to expand their range of applications.
Additionally, the effects of LLMs on the labor market and their potential to
enhance productivity were evaluated.

In forward-looking assessments, it is anticipated that the challenges
encountered in the development of LLMs will not be limited solely to
technical constraints (such as computational costs, data quality, and model
scalability). During the integration of these models into organizational
structures, multidimensional managerial issues that fall within the scope
of Management Information Systems-such as compatibility with existing
information systems, the redesign of organizational processes, user
acceptance, data governance, and ethical responsibilities-are expected to
emerge. In particular, the integration of LLM outputs into decision support
systems necessitates the redefinition of human-machine interaction and the
reassessment of managerial control mechanisms. In this context, the success
of LLMs will depend not only on algorithmic advancements but also on
the extent to which these technologies can be effectively positioned at the
strategic, managerial, and organizational levels from an MIS (Management
Information Systems) perspective.

In conclusion, LLMs have driven revolutionary changes in the field of
NLP, and significant advancements are anticipated in the future. However,
it is important to consider challenges such as high computational costs and



Kiirsat Arslan | Mehmet Fatih Kavaca | 97

the quality and diversity of datasets in the development and deployment
of these models. Consequently, innovative solutions such as adapter-based
PEFT methods and more efficient algorithms are expected to contribute to
the sustainable development of LLMs in the future.

Managerial Implications of LLMs

The transformer architecture and self-attention mechanism enable LLMs
to analyze long and complex texts while preserving contextual coherence.
From a business perspective, this capability allows strategic decision support
systems to produce more accurate and consistent outputs. Particularly in the
analysis of large volumes of qualitative data-such as customer feedback, call
center records, and social media data-this architectural structure provides
managers with deeper insights.

The token-based structure directly affects the cost and performance
dimensions of LLM usage. Especially in LLM services oftered via APIs, the
number of input and output tokens has become a critical factor determining
firms’ monthly operational costs, making it necessary for organizations to
consider scalability and cost-benefit trade-offs in their artificial intelligence
investments. This situation increases the importance of model selection,
context management, and data summarization strategies for MIS managers.

Owing to the contextual awareness provided by the self-attention
mechanism, organizations can holistically analyze heterogeneous data
originating from different departments, thereby strengthening cross-
functional decision-making processes. Moreover, the general-purpose nature
of transformer-based LLMs allows a single model to be utilized across
multiple functions within the MIS domain, including reporting, knowledge
management, customer relationship management, and operational analytics.

Finally, approaches such as token efficiency and PEFT enable large-scale
artificial intelligence solutions to be adopted not only by large technology
firms but also by small and medium-sized enterprises; this contributes to
the development of a more inclusive and sustainable structure in digital
transformation processes from an MIS perspective.

Strategic Recommendations

Managers and decision-makers planning to adopt LLMs should consider
these technologies not merely as tools for enhancing operational efficiency,
but as core components of a long-term digital transformation strategy.
First, LLM use cases should be clearly defined and aligned with measurable
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business objectives in areas such as customer relationship management,
decision support systems, knowledge management, and process automation.

During the model selection process, it is critical to conduct a
comprehensive comparison between cloud-based API solutions and on-
premises deployments in terms of cost, data security, and scalability. Taking
token-based pricing models and increasing processing volumes into account,
strategies for context management and data summarization should be

developed.

Moreover, the adoption of adapter-based PEFT approaches enables
the integration of LLMs into organizational processes without requiring
substantial hardware investments, thereby reducing the total cost of
ownership. From a human resources perspective, the formation of
multidisciplinary teams that include not only technical staff but also business
units will support the accurate interpretation and effective use of LLM
outputs.

Finally, issues such as data quality, ethical use, transparency, and legal
compliance should be established as integral components of the LLM
strategy. When these factors are considered collectively; the informed and
strategic adoption of LLMs can be regarded as a significant MIS investment
that provides organizations with a sustainable competitive advantage.
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