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Artificial  intelligence  has  become  an  integral  component  of  contemporary  scientific  research,  educational  

practices,  and  technological  development.  Rather  than  functioning  as  a  standalone  technical  field,  artificial 

intelligence now operates as a cross-cutting framework that reshapes how knowledge is produced, interpreted, and 

applied across disciplines. This edited volume was conceived in response to the growing need for a structured,  

critical, and practice-oriented understanding of artificial intelligence and its expanding role in both research and  

education.

As editors, we aimed to bring together theoretical foundations, methodological perspectives, and application-

oriented studies within a coherent and accessible framework. The chapters included in this book reflect a broad 

spectrum of approaches, ranging from fundamental concepts of artificial intelligence to advanced topics such as  

generative artificial intelligence, large language models, data ethics, and secure AI systems. Particular attention  

has  been given to  the  integration of  artificial  intelligence  into  research processes,  instructional  design,  and 

programming practices, highlighting both opportunities and emerging challenges.

This volume emphasizes that artificial intelligence should be understood not only through its technical capabilities 

but also through its implications for ethical responsibility, data governance, and human–AI interaction. Several  

chapters address these concerns directly by examining issues related to privacy, transparency, accountability, and 

human oversight. By doing so, the book seeks to encourage responsible and informed use of artificial intelligence 

technologies across diverse contexts.

Another distinguishing feature of this book is its interdisciplinary orientation. Contributions draw on perspectives 

from computer science, educational sciences, research methodology, and applied technologies, demonstrating how 

artificial intelligence can function as a unifying tool across domains. The inclusion of an AI-integrated platform 

for end-to-end meta-analysis further illustrates how artificial intelligence can support complex research workflows 

in practice.

This book is intended for researchers, graduate students, educators, instructional designers, and practitioners who 

seek a comprehensive yet conceptually grounded understanding of artificial intelligence. Rather than presenting 

artificial intelligence as a fully autonomous solution, the chapters collectively highlight the importance of human 

expertise, critical judgment, and contextual awareness in AI-supported systems.

We would  like  to  express  our  sincere  gratitude  to  all  contributing  authors  for  their  valuable  expertise  and 

commitment. Their contributions have been essential in shaping this volume and ensuring its academic rigor and  

practical relevance. We also thank the reviewers and editorial collaborators whose feedback strengthened the  

clarity and coherence of the chapters.

 PREFACE
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We hope that this book will serve as a useful reference for ongoing research and practice, and that it will contribute 

to informed discussions on the responsible and meaningful integration of artificial intelligence into education,  

research, and software development.

 

Assoc. Prof. Dr. Abdullatif Kaban 

Atatürk University 

Erzurum 

Türkiye 

Contact e-mail: abdullatif.kaban@gmail.com 

Assoc. Prof. Dr. Turgay Demirel

Atatürk University 

Erzurum 

Türkiye 

 Contact e-mail: turgaydemirel85@gmail.com 

mailto:turgaydemirel85@gmail.com
mailto:abdullatif.kaban@gmail.com


x

Interdisciplinary Applications of Artificial Intelligence - 1

 

  

 Citation

Kaban, A. & Demirel, T. (2025). Preface. In A. Kaban & T. Demirel (Eds.), Interdisciplinary Applications of 
Artificial Intelligence - 1 (pp. viii-ix). ISTES.  

 



1

Interdisciplinary Applications of Artificial Intelligence - 1 

 

www.istes.org 

Abdullatif Kaban 

Chapter Highlights 

 Artificial intelligence is examined through a comprehensive framework encompassing its conceptual 

foundations, historical development, and interdisciplinary nature.

 Machine  learning  and  deep  learning  approaches  are  conceptually  introduced,  including  learning 

paradigms and fundamental architectures.
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to inference.
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Introduction

Artificial intelligence is no longer considered merely a subfield of computer science; rather, it has emerged as a  

technology with broad interdisciplinary influence, extending from education and healthcare to engineering and 

the social sciences. The widespread adoption of algorithmic decision-making mechanisms, the integration of data-

driven systems into many aspects of everyday life, and the transformation of human–machine interaction have 

made an understanding of the fundamental concepts of artificial intelligence more important than ever.

The primary aim of this chapter is to provide a conceptual framework for the field of artificial intelligence and to 

establish a shared terminology for readers. The meaningful evaluation of artificial intelligence applications in an 

interdisciplinary context requires a foundational awareness of what these technologies are, how they function, and 

what limitations they entail. For this reason, the chapter adopts an approach that avoids excessive technical detail 

while maintaining strong scientific foundations.

The chapter  begins  by  examining  the  historical  development  and  core  definitions  of  artificial  intelligence,  

followed by an explanation of the key components and subfields that constitute artificial intelligence systems. 

Machine learning and deep learning approaches are discussed under separate headings due to their central role in 

contemporary artificial intelligence applications. Subsequently, the operational logic of artificial intelligence  

systems and their modes of interaction with humans are addressed, emphasizing that these systems are not merely 

technical artifacts but also socio-technical constructs. The chapter concludes with a critical discussion focusing 

on the limitations, risks, and current debates surrounding artificial intelligence.

This introductory section aims to establish a common conceptual ground for the discipline-specific artificial  

intelligence applications addressed throughout the book. In doing so, it seeks to enable readers—regardless of  

their disciplinary background—to evaluate artificial intelligence–based approaches in a more informed, critical, 

and holistic manner.

The Emergence of the Concept of Artificial Intelligence

Artificial  intelligence (AI) is  an interdisciplinary field of research that  aims to model and realize cognitive 

processes characteristic of human intelligence through computer systems. These processes include abilities such 

as learning, reasoning, problem solving, perception, and decision making. Artificial intelligence seeks to simulate 

these abilities through algorithmic and computational models (Russell & Norvig, 2022).

The scientific foundations of artificial intelligence were established in the mid-twentieth century alongside the 

development of computer science. One of the intellectual starting points of the field is Alan Turing’s seminal  

1950 paper “Computing Machinery and Intelligence.” In this work, Turing posed the question “Can machines  

think?” and, rather than attempting to answer it directly, proposed the imitation game —later known as the Turing 

Test— as a means of evaluating whether machines can exhibit intelligent behavior (Turing, 2004). This approach 
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provided artificial  intelligence research with a  functional  criterion by suggesting that  intelligence could be  

assessed through human-like behavior.

The formal recognition of artificial intelligence as an independent research field occurred with the Dartmouth 

Summer Research Project held in 1956. Organized by John McCarthy, Marvin Minsky, Nathaniel Rochester, and 

Claude Shannon, this workshop marked the first systematic use of the term “artificial intelligence.” McCarthy and 

his colleagues argued that every aspect of learning and intelligence could, in principle, be precisely described and 

simulated by a machine (McCarthy et al., 2006). This event positioned artificial intelligence as a research domain 

that brought together multiple disciplines, including computer science, mathematics, psychology, neuroscience,  

and philosophy.

Early artificial intelligence research in the 1950s and 1960s primarily relied on symbolic artificial intelligence and 

logical reasoning approaches. Systems developed during this period, such as the Logic Theorist and the General 

Problem Solver, aimed to imitate human-like reasoning processes in tasks involving mathematical proof and 

general problem solving (Newell & Simon, 2007). These studies were grounded in the assumption that intelligence 

could be represented through explicit rules and symbols, an assumption that shaped artificial intelligence research 

for many years.

This early developmental phase of artificial intelligence was not limited to technical advances alone; it also 

deepened philosophical  and cognitive debates concerning the nature of  human intelligence.  In this context, 

artificial intelligence gradually evolved beyond being merely an engineering problem and emerged as a genuinely 

interdisciplinary field of inquiry. Contemporary developments such as generative artificial intelligence, along 

with ongoing ethical and security debates and application-oriented approaches, are built upon this historical and 

conceptual legacy.

Definition and Scope of Artificial Intelligence

The concept  of  artificial  intelligence  has  been defined in  various ways in  the  literature,  depending on the 

perspectives of different disciplines. In general, artificial intelligence is understood as the ability of a machine to  

perform tasks that normally require human intelligence. These tasks include learning, reasoning, problem solving, 

perception, natural language use, and decision making (Russell & Norvig, 2022).

Definitions of artificial intelligence are commonly classified along two main axes:

 Exhibiting human-like behavior

 Producing rational behavior

Within this framework, some definitions emphasize machines that think or behave like humans, whereas others  

consider it sufficient for machines to produce optimal outcomes without imitating human cognition  (Nilsson, 

2009). Contemporary artificial intelligence research predominantly adopts the latter approach.
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The Distinction Between Weak Artificial Intelligence and Strong Artificial Intelligence

One of the most frequently used distinctions in defining the scope of artificial intelligence is the differentiation  

between weak artificial intelligence (narrow AI) and strong artificial intelligence, also referred to as artificial 

general intelligence (AGI). Weak artificial intelligence refers to systems designed for a specific task or problem 

domain.  Face  recognition  systems,  recommendation  algorithms,  machine  translation  tools,  and  generative 

artificial intelligence models currently in use fall within this category (Boden, 2016).

Strong artificial intelligence, by contrast, denotes systems that possess generalizable cognitive abilities across 

multiple domains, comparable to human intelligence. It is widely acknowledged in the academic literature that 

such systems remain largely theoretical and have not yet been fully realized in practice (Goertzel & Pennachin, 

2007). Consequently, nearly all contemporary artificial intelligence applications are considered instances of weak 

artificial intelligence.

Differences Between Artificial Intelligence, Automation, and Programming

The concept of artificial intelligence is often confused with automation and classical programming. Automation 

refers to the execution of predefined rules in a fixed and unchanging manner, whereas artificial intelligence 

systems are distinguished by their ability to learn from data and adapt to changing conditions (Domingos, 2015). 

Similarly, classical programming relies on rules explicitly defined by the developer, while in artificial intelligence 

systems these rules are largely derived from data. In this respect, artificial intelligence should be regarded not 

merely as a software technique, but as a data-driven, statistical, and learning-based approach.

Core Components of Artificial Intelligence Systems

The effective functioning of an artificial intelligence system depends on the interaction of four fundamental 

components:

 Data: Forms the foundation of  the  learning process  in  artificial  intelligence models.  Data  quality, 

diversity, and representational power directly influence model performance (Kelleher et al., 2020).

 Algorithm: Refers to the mathematical and statistical methods used to extract meaningful patterns from 

data.

 Model: The structure that emerges as a result of training an algorithm on data and that is capable of  

generating predictions or decisions.

 Computational Power: Represents the hardware infrastructure required for processing large datasets 

and complex models.

The balance among these components is one of the key factors determining the performance and applicability of 

artificial intelligence systems. 
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The Expanding Scope of Artificial Intelligence

Initially focused on limited problem domains, artificial intelligence research has expanded significantly through 

interdisciplinary applications. In fields such as education, healthcare, social sciences, engineering, and research 

methodologies, artificial intelligence is used to support decision-making, analyze data, generate content, and 

enhance learning processes. This expansion necessitates viewing artificial intelligence not only as a technical tool 

but also as a transformative cognitive technology. Within this context, the definition and scope of artificial 

intelligence provide a conceptual  framework for understanding generative artificial  intelligence,  ethical  and 

security considerations, and application-oriented approaches addressed in subsequent chapters.

Subfields of Artificial Intelligence

Artificial intelligence is not a single method or technology; rather, it represents a broad research ecosystem 

composed of multiple subfields shaped by different types of problems and application purposes. These subfields 

differ in terms of both methodological approaches and application contexts, yet they often operate in close 

interaction with one another. The subfields discussed in this section aim to provide a conceptual roadmap for 

topics that will be examined in greater detail in subsequent chapters of the book. The relationship between artificial 

intelligence and the closely related concepts of machine learning and deep learning is presented in Table 1.

Table 1. Conceptual Relationship Between Artificial Intelligence, Machine Learning, and Deep Learning

Feature Artificial Intelligence (AI) Machine Learning (ML) Deep Learning (DL)

Definition

General term for systems that 

perform tasks requiring human 

intelligence

AI subfield that improves 

performance through learning 

from data

ML approach based on 

multi-layer neural 

networks

Scope Broadest concept Subset of AI Subset of ML

Learning
Not mandatory (may be rule-

based)
Core characteristic Core characteristic

Data Requirement Low–high Moderate–high Typically very high

Model Structure Rule-based or learning-based Statistical / algorithmic Artificial neural networks

Examples Expert systems, planning Regression, classification CNN, RNN, Transformer

Machine Learning

Machine learning is one of the most fundamental and widely used subfields of artificial intelligence. In this 

approach, systems improve their performance on specific tasks by learning from data rather than relying on 

explicitly programmed rules (T. M. Mitchell, 1997). Machine learning encompasses different learning paradigms, 

including supervised, unsupervised, and reinforcement learning. Today, machine learning is extensively used in  

tasks such as prediction, classification, clustering, and pattern recognition.
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Deep Learning

Deep learning is a machine learning approach based on multi-layer artificial neural networks and is capable of  

achieving high accuracy on large-scale datasets. It has enabled significant advancements particularly in computer 

vision, speech recognition, and natural language processing (LeCun et al., 2015). The widespread adoption of 

deep learning models, driven by increased computational power and the availability of large datasets, has also 

formed the foundation of generative artificial intelligence applications..

Natural Language Processing  (NLP)

Natural language processing is a subfield of artificial intelligence focused on enabling computers to understand, 

generate,  and  interpret  human  language.  Applications  such  as  text  analysis,  sentiment  analysis,  machine 

translation, and chatbots represent core examples of this field  (Jurafsky & Martin, 2025). In recent years, the 

development of large language models has positioned NLP at the center of generative artificial intelligence  

applications.

Computer Vision

Computer vision is a subfield of artificial intelligence that aims to enable machines to interpret and understand 

visual  data,  including images and videos.  Typical  applications include object  recognition,  face recognition, 

medical image analysis, and autonomous vehicles. With the widespread adoption of deep learning–based methods, 

this  field  has  achieved  high  levels  of  accuracy  and  has  assumed a  critical  role  across  disciplines  such  as  

engineering, healthcare, and security.

Expert Systems

Expert systems are artificial intelligence systems that represent human expert knowledge in a specific domain 

using rule-based structures. These systems constituted a significant portion of early artificial intelligence research 

and were widely used for decision support, particularly in medicine and engineering. Although they have largely 

been  replaced  by  data-driven  models,  expert  systems  remain  important  for  understanding  the  historical 

development of artificial intelligence.

Generative Artificial Intelligence

Generative artificial intelligence encompasses models capable of automatically producing content such as text,  

images, audio, and code. This approach has gained substantial momentum in recent years, particularly through 

large language models and deep learning–based generative architectures. Generative artificial intelligence will be 

examined in detail in later chapters of this book; here, only a preliminary conceptual framework is provided.
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The Interdisciplinary Position of Artificial Intelligence

The subfields summarized above clearly illustrate why artificial intelligence is regarded as an interdisciplinary 

technology. A wide range of applications—from education and cybersecurity to research methodologies and IoT-

based intelligent systems—are built upon different combinations of these subfields.

Introduction to Machine Learning: Types of Learning

Machine  learning  is  a  fundamental  approach  that  enables  artificial  intelligence  systems  to  improve  their 

performance through experience. Mitchell  (1997) defines learning as a process in which a computer program 

improves its performance on a given class of tasks, as measured by a specific performance criterion, through 

experience. This definition remains one of the most widely accepted conceptual frameworks in the machine 

learning literature. Machine learning methods are categorized into different types depending on the nature of the  

data used during learning and the feedback mechanisms involved. In this section, four commonly used learning 

paradigms are examined.

Supervised Learning

Supervised learning is a learning approach in which input data are provided together with corresponding correct 

outputs (labels). During the training process, the model learns input–output mappings and uses this knowledge to 

generate predictions for new data. Classification and regression problems represent the most common applications 

of supervised learning (Hastie et al., 2009). Supervised learning has been successfully applied across fields such 

as education, healthcare, and the social sciences such as student performance prediction or medical diagnosis.

Unsupervised Learning

In unsupervised learning, the dataset is unlabeled, and the model is expected to discover hidden structures or  

patterns within the data. Clustering and dimensionality reduction methods fall under this category. Unsupervised 

learning plays a crucial role particularly in exploratory data analysis and data preprocessing stages (Aggarwal, 

2018). This approach enables the identification of meaningful structures in large and complex datasets without  

prior knowledge.

Semi-Supervised Learning

Semi-supervised learning is an approach that combines a small amount of labeled data with a large amount of  

unlabeled data. This method offers significant advantages in situations where labeling costs are high  (Zhu & 

Goldberg, 2009). Semi-supervised learning has gained increasing importance, particularly in interdisciplinary 

studies where labeled training data are limited.
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Reinforcement Learning

Reinforcement learning refers to a learning paradigm in which an agent learns by interacting with its environment 

through reward and punishment mechanisms. In this approach, the model aims to maximize long-term cumulative 

reward (Sutton et al., 1998). Reinforcement learning is widely used in applications such as robotics, game-playing 

artificial intelligence systems, and autonomous decision-making.

Training, Validation, and Testing Processes

In the development of machine learning models, datasets are typically divided into training, validation, and test 

subsets.  This  division  is  used  to  evaluate  the  model’s  generalization  capability  and  to  reduce  the  risk  of  

overfitting (Goodfellow et al., 2016).

Introduction to Deep Learning and Artificial Neural Networks

Deep learning, regarded as a subfield of machine learning, encompasses methods that aim to automatically learn  

data representations through multi-layer artificial neural networks. Deep learning approaches have assumed a 

decisive role in artificial intelligence research, particularly due to their superior performance on high-dimensional 

and unstructured data such as images, audio, and text (LeCun et al., 2015).

Basic Structure of Artificial Neural Networks

Artificial neural networks (ANNs) are computational models inspired by biological neural systems. In their most 

basic form, a neural network consists of three main components:

 Input layer,

 One or more hidden layers,

 Output layer.

Neurons within each layer compute weighted sums of their inputs and transform these sums through an activation 

function to produce outputs (Haykin, 2009). This structure enables the modeling of non-linear relationships and 

allows the learning of more complex patterns compared to classical statistical methods.

Distinctive Characteristics of Deep Learning

The primary characteristic that distinguishes deep learning from traditional machine learning approaches is its  

ability to perform feature extraction automatically. While traditional methods require features to be manually 

defined by domain experts, deep learning models can learn hierarchical representations directly from raw data  

(Goodfellow et al., 2016).
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Through this hierarchical structure:

 Lower layers represent simpler patterns,

 Higher layers represent more abstract and complex concepts.

For example, in image processing applications, early layers may learn basic visual features such as edges and 

corners, whereas higher layers may represent object parts and complete object concepts.

Fundamental Deep Learning Architectures

Some of the most commonly used architectures in deep learning include:

 Feedforward Neural Networks: Basic structures in which information flows unidirectionally from the 

input layer toward the output layer.

 Convolutional Neural Networks (CNNs): Networks designed to capture spatial features and achieve 

high performance, particularly in image and video data (Krizhevsky et al., 2012).

 Recurrent  Neural  Networks  (RNNs): Models  used  for  sequential  data  involving  temporal 

dependencies. Advanced variants such as Long Short-Term Memory (LSTM) networks aim to mitigate 

the long-term dependency problem (Hochreiter & Schmidhuber, 1997).

These architectures form the foundation of interdisciplinary applications due to their adaptability to different data 

types and problem domains.

Limitations of Deep Learning

Despite offering high accuracy, deep learning models exhibit several important limitations:

 The requirement for large amounts of labeled data,

 High computational costs,

 Limited interpretability of model decisions.

These limitations necessitate careful consideration in the design and deployment of deep learning models and 

have motivated the development of new methods focused on explainability and efficiency (Lipton, 2018).

Operational Logic of Artificial Intelligence Systems

Although the operation of artificial intelligence systems may appear complex on the surface, it is fundamentally 

based on a data-driven and sequential process. While technical details may vary across different subfields of 

artificial intelligence, the overall workflow follows a common structure. In this section, the operational logic of  

artificial intelligence systems is explained through a conceptual framework and then illustrated using an example 

scenario.

Core Processing Workflow in Artificial Intelligence Systems
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The operation of an artificial intelligence system can be described through the following fundamental stages:

Data → Preprocessing → Feature Representation → Model Training → Evaluation → Inference

 Data Collection: Data constitute the starting point of artificial intelligence systems. These data may be  

numerical, textual, visual, or auditory in nature. The representativeness and accuracy of the data directly 

affect the performance of the developed model (Kelleher et al., 2020).

 Data Preprocessing: Raw data are often incomplete, noisy, or inconsistent. Therefore, preprocessing 

steps such as cleaning, normalization, transformation, and, when necessary, labeling are applied. This 

stage is critical to the reliability of artificial intelligence systems (Hastie et al., 2009).

 Feature Representation: Data must be represented in a form suitable for the model. In traditional  

machine  learning,  feature  representation  is  largely  defined  by  humans,  whereas  in  deep  learning 

approaches, features are predominantly learned automatically by the model itself  (Goodfellow et al., 

2016).

 Model Training: At this stage, the algorithm learns patterns within the data and constructs a model. The 

training process involves optimizing model parameters with respect to a predefined objective function.

 Model Evaluation: The performance of the trained model is assessed using previously unseen data. This 

evaluation process enables the identification of issues such as overfitting and underfitting.

 Inference: Once  training  is  complete,  the  model  generates  predictions  or  decisions  for  new data 

encountered in real-world applications. The primary functional value of artificial intelligence systems 

emerges at this stage.

Difference Between Training and Inference Processes

Two concepts that are frequently confused in artificial intelligence systems are training and inference. The training 

process requires substantial computational resources and large datasets, whereas the inference process is typically 

faster and can operate in real-time systems. This distinction is particularly critical in large language models and  

generative artificial intelligence applications (Russell & Norvig, 2022).

Error, Bias, and the Generalization Problem
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The performance of an artificial intelligence system cannot be evaluated solely based on accuracy metrics. Biases 

present in the data may cause the model to produce systematic errors for specific groups. Furthermore, excessive 

adaptation  to  training  data  may  result  in  poor  performance  on  new  data,  a  phenomenon  known  as  the 

generalization problem (Domingos, 2015).

Example Scenario: An Artificial Intelligence System in Education

Consider an educational institution that aims to predict students’ achievement levels in mathematics courses and 

to identify at-risk students at an early stage.

 Data: Students’ exam scores, attendance records, and homework performance

 Preprocessing: Handling missing data and scaling scores

 Feature Representation: Identification of variables reflecting academic performance

 Model Training: Development of a classification model using supervised learning

 Evaluation: Measurement of model accuracy and error rates on test data

 Inference: Risk prediction for students in a new academic term

In this scenario, the artificial intelligence system functions as a decision-support tool rather than replacing the 

teacher. The collaboration between human expertise and the system forms the foundation of reliable and ethical 

use.

Human–Artificial Intelligence Interaction and Oversight

Modern artificial intelligence systems are typically designed not as fully autonomous structures but as human-

supervised or human-in-the-loop systems. This approach aims to enhance system transparency and reliability  

(Amershi et al., 2019).

Artificial Intelligence and Human Interaction

The real-world impact of artificial intelligence systems is directly related not only to their technical accuracy but  

also to how they interact with humans. In this context, artificial intelligence is most often considered within the 

framework of human–AI interaction rather than as an independent decision-maker. Particularly in complex, 

uncertain,  or ethically sensitive problem domains,  the role of  humans within the system loop is  of  critical  

importance.

Human-in-the-Loop Artificial Intelligence
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Human-in-the-loop artificial intelligence (HITL) refers to system designs that require human intervention at  

specific  stages  of  the  decision-making  process.  In  this  approach,  artificial  intelligence  models  generate  

recommendations or predictions, while the final decision is made by a human, or the system is continuously 

updated through human feedback (Amershi et al., 2019).

The HITL approach is particularly effective as a control mechanism in:

 Data labeling processes,

 Critical decision-support systems,

 Applications with a high risk of producing erroneous or biased outputs.

Through this mechanism, both model performance is improved and human oversight is preserved.

AI-Supported Decision-Making Systems

AI-supported decision-making systems are designed not as replacements for human decision-makers but as tools 

that support them. These systems analyze large datasets to reveal potential scenarios, risks, or trends, thereby  

reducing the cognitive load on decision-makers (Shrestha et al., 2019).

The primary objective of such systems is:

 Not the full automation of decision-making,

 But the establishment of a balanced collaboration between human intuition and algorithmic analysis.

Research indicates that hybrid systems in which humans and artificial intelligence collaborate can produce more 

consistent outcomes than approaches based solely on human judgment or purely algorithmic decision-making 

(Bansal et al., 2021).

Levels and Limits of Autonomy

The autonomy of artificial intelligence systems refers to the extent to which human intervention is required for a  

given task. Fully autonomous systems are capable of making and executing decisions without human input, 

whereas semi-autonomous systems require human supervision and approval.

However, higher levels of autonomy may also introduce risks such as:

 Widespread impact of erroneous decisions,

 Ambiguity in accountability,

 Reduced user trust.
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For this reason, the level of autonomy must be carefully determined based on the application context and intended 

use (Parasuraman et al., 2000). 

From Autonomy to Responsibility and Accountability

In environments where artificial intelligence systems operate alongside humans, the question of responsibility is  

becoming increasingly significant. When a decision is made based on an AI-generated recommendation, it may 

be unclear whether the source of an error lies with the human decision-maker or the system itself. This ambiguity 

increases the importance of principles such as (a) transparency, (b) traceability, and (c) the ability to provide  

explanations to users in AI system design  (Floridi et al., 2018). Within the context of human–AI interaction, 

responsibility  has  evolved  into  a  multi-layered  discussion  that  extends  beyond  technical  considerations  to 

encompass legal and ethical dimensions.

Limitations, Risks, and Contemporary Debates in Artificial Intelligence

While  artificial  intelligence systems offer  significant  opportunities  across many domains,  they also involve 

various limitations and risks at technical, social, and epistemological levels. For this reason, artificial intelligence 

should  be  considered  not  merely  as  a  technological  advancement  but  as  a  socio-technical  system  with 

multidimensional implications.

Data Dependency and the Problem of Bias

The performance of artificial intelligence systems is largely dependent on the data on which they are trained.  

Deficiencies, imbalances, or historical biases present in training data may lead to systematic errors in model  

outputs. This issue has brought concerns of fairness and equity to the forefront, particularly in applications with  

social implications (Barocas & Selbst, 2016).

Although data-driven learning processes are often perceived as “objective,” decisions regarding how data are 

collected,  which  variables  are  selected,  and  how  labels  are  defined  inherently  involve  human  judgment.  

Consequently, artificial intelligence systems should not be regarded as entirely neutral or unbiased structures.

The Challenge of Explainability and Interpretability

Despite their high predictive accuracy, deep learning–based models are often described as “black box” systems 

due to  the  difficulty  of  understanding their  internal  mechanisms.  This  characteristic  leads to  challenges  in  

explaining why a model produces a particular output (Lipton, 2018).

A lack of explainability may:

 Reduce user trust,
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 Complicate the identification of erroneous decisions,

 Limit the use of such systems in critical domains.

As  a  result,  contemporary  artificial  intelligence  research  increasingly  emphasizes  not  only  performance 

improvements but also the interpretability and transparency of model behavior.

Generalization and Context Sensitivity

Artificial intelligence models are typically trained on specific data distributions and may experience performance 

degradation  when  applied  outside  these  distributions.  Real-world  problems,  however,  are  often  dynamic, 

uncertain, and highly context-dependent. This mismatch introduces significant limitations in the generalizability  

of artificial intelligence systems across varying conditions  (M. Mitchell, 2019). Success in a specific task or 

dataset does not guarantee comparable performance in a different context. Therefore, contextual awareness should 

be considered a critical factor in the deployment and evaluation of artificial intelligence systems.

Contemporary Debates and Research Directions

Current artificial intelligence research is increasingly focused not only on developing more powerful models but 

also on designing systems that are more reliable, transparent, and human-centered. Prominent research directions 

in this context include:

 Explainable artificial intelligence approaches,

 Models capable of learning from limited data,

 Hybrid systems that emphasize human oversight,

 Model designs that are sensitive to ethical principles.

These ongoing debates demonstrate that the future of artificial intelligence will be shaped not only by technical  

advancements but also by decisions regarding how, where, and within which boundaries these technologies are  

deployed.
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 This chapter examines generative artificial intelligence (GenAI) and large language models (LLMs) 

within their historical, theoretical, and technical contexts.

 It demonstrates that large language models are the outcome of an evolutionary trajectory extending from 

rule-based and statistical language models to contemporary transformer-based architectures.

 The  chapter  emphasizes  that  training,  fine-tuning,  and  alignment  processes  constitute  the  core 

mechanisms shaping LLM behavior and reliability.

 Prompt engineering is discussed as a central interaction and control layer in the design of LLM-based 

systems.

 The chapter explains agent-based LLM systems and their roles in financial, industrial, and enterprise  

applications.

 The opportunities and limitations of LLMs in the contexts of healthcare, education, and human–machine 

interaction are examined from an interdisciplinary perspective.

 The computational costs, environmental impacts, and sustainability challenges associated with large 

language models are evaluated through efficiency-oriented approaches.

 By addressing issues of ethics, digital inequality, and societal transformation, the chapter highlights the  

importance of a responsible and human-centered AI paradigm.

 Finally, the chapter argues that the future of LLMs depends not on building ever-larger models, but on 

developing more informed, more efficient, and more responsible systems.
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Introduction

Technological advances in artificial intelligence have become transformative not only in terms of technological  

innovation, but also since they have altered the conditions under which knowledge is generated and processed,  

decisions are made and human-machine-interaction takes place. GenAI (Generative Artificial Intelligence), lies 

at  the  heart  of  this  change –  Instead  of  being  your  regular  AI  system  that  is  generally  used  for 

classification/prediction, GenAI refers to models that generate any type of content (Text, Image, Audio and Code). 

In this wave of AI development, Large Language Models (LLMs) are perhaps the most prominent - and certainly 

highest profile subsystems in the GenAI lair (Naveed et al., 2025; Shanahan, 2024; Xiao & Zhu, 2025).

GPT-2 and other language modules are based on models that have been trained on massive textual corpora, and  

whose task is to predict the next word of a sentence, given a context. This method allows LLMs to model complex 

linguistic patterns with high fidelity and to produce outputs that look humanly generated. But it has also led to  

many myths and popular articles that claim these models “understand”, “think” or have an agency. Indeed, current 

research highlights the fact that LLMs are essentially statistical (or probabilistic) systems devoid of consciousness, 

intentionality or conceptual cognition as found in human beings (Shanahan, 2024).

The societal effects of generative AI and big language models go beyond CS to include education, health care, 

law, economics, social science research and the workplace. In an educational context, LLMs open up exciting 

possibilities to create learning resources, deliver automated feedback, and support tailored learning (Baldassarre 

et al., 2023). Currently, in the medical domain, they are increasingly promoted as adjuncts to summarising clinical 

documentation, aiding patient–doctor interaction and helping with decision support. Likewise, the use of LLMs 

are  becoming increasingly popular  across fields  like  law,  finance and public  administration,  where  we see 

applications in automating and augmenting text-heavy tasks (Storey et al., 2025; Naveed et al., 2025; Teubner et  

al., 2023).

However, the AI and LLMs that GenAI offers also come with a variety of risks and concerns that are at the center 

of current academic discussions. Problems like hallucination – i.e., the production of things wrong or made up,  

data-driven biases, lack of explain ability, and high computational demands are often seen as important barriers 

to the trustworthy and responsible deployment of such technologies (Chang et al., 2024; Gallegos et al., 2024).  

Furthermore, the consequences of generative AI for labor markets, environmental sustainability and social equity 

require  that  these  technologies  be  analyzed  not  only  as  technical  systems but  also  ethico-socio-economic 

phenomena.

The focus of this chapter is to discuss generative artificial intelligence and large language models in relation to 

the guiding concept, challenges, consequences in terms of fields and interdisciplinary settings (and long-term 

compensation),  interconnections  between  behind-the-scenes  processes  product-placed  on  a  wide  variety  of  

domains where those methods have their biggest impact, but also keep things by talking about what they can not 

do. Hence, the chapter follows a systematic move through historical and theoretical linkages of LLMs first, then 
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examines imitation learning training processes and alignments, application domains, ethical issues involved and 

future research trends.

The Path Toward Large Language Models: Conceptual and Historical Background

While the rise of giant language models are typically cast as rapid technological breakthroughs, their development 

have built on decades of deeper knowledge in natural language processing, statistical modeling and human 

cognition. Modern work places large language models as the latest artifact in a long arc of evolution from rule-

based systems to statistical language model to deep learning–based methods (Naveed et al., 2025; Zhao et al.,  

2023). By the same token Understanding LLMs also entails beyond their architectures and focuses on other 

conceptual and historical underpinnings of which today s architectures, in turn, are based on (Xiao & Zhu,  

2025).

From Rule-Based and Statistical Language Models to Neural Approaches

Early rule-based system of natural language processing. In these systems, language was modeled by means of  

fixed syntactic and semantic rules but such rule-based approaches were insufficient to cope with the intrinsic  

flexibility and ambiguity of natural language. The limitations of rule-based system inspired researchers with the 

probabilistic views of language, hence statistical language models (Xiao & Zhu, 2025).

Statistical methods such as language models calculate the likelihood of a sequence of words given earlier text. In 

particular, the n-gram-based models were marked by a major breakthrough in local contextual correspondence at 

that time; however they suffered from two structural drawbacks: i) short-range based and ii) were unable to 

manage dependencies over long range of text. These shortcomings pointed to the necessity of modeling language 

not as mere surface-level statistics, but rather more abstract and generalizable representations. This was solved by 

taking into account the accumulation of disabilities of language in context and learning language representation 

in continuous vector space, which leads to a huge landmark in NLP (Zhao et al., 2023).

Language, Meaning and Modelling: Theoretical Perspectives

Language model development has a lot to do with computational power but it is also tightly related to theoretical 

assumptions on language and meaning. Traditional (and I would suggest obsolete) theories of natural language 

understanding did not view meaning as a single fixed entity but, rather, as a collection of context-sensitive possible 

meanings (Bender & Koller, 2020). An example of the model-theoretic generation approach has an explanation 

for an expression being in its description of the set of assumptions in which that expression is true (Tuomela, 

1972). Under this view, meaning is regarded as a dynamic structure activated by context, rather than a stable 

image.
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This paradigm has striking similarities to modern large language models. Instead of generating a unique “correct” 

meaning, LLMs provide statistical samples over plausible continuations that are conditioned on context. This  

feature  highlights  that  production  acts  over  probabilities distributions  and  not  deterministic  rules,  and  that 

meaning is updated at each token given context history and evidence (Naveed et al., 2025). Thus the operational  

logic of LLM shares a conceptual history with earlier theoretical models casting meaning as an emergent property 

of models.

Deep Learning, Transformer Architectures, and Scaling

With the rise of deep learning techniques, the neural language model also made great progress. At first, recurrent 

neural  networks  and  their  LSTM  variant  had remarkable  performances  in  modeling  sequential  language 

structures. But their capability of parallel computation and difficulty in modeling long-range context hindered 

their scaling ability (Naveed et al., 2025, Xiao & Zhu, 2025; Zhao et al., 2023).

Transformer-like models have played a key role in that regard. Linguistically dependent features were better 

learned by modeling the linguistic  dependencies with attention mechanisms in the transformer architecture 

(Vaswani et al., 2017). This architectural leap enabled the simultaneous scaling of model size, training data and 

compute resources, which in turn directly leveraged the rise of large language models (Naveed et al., 2025; Zhao 

et al., 2023).

Scaling law observations show that the model performance is determined not only by architecture design but also 

by number of parameters, diversity of data and computation power. As they exceed certain scaling thresholds,  

qualitatively novel behaviors -often coined as emergent capabilities-  have been observed. These qualitative  

changes are in-context learning, instruction following, and multi-step reasoning (Naveed et al., 2025).

From Historical Continuity to Contemporary Large Language Models

This historical and conceptual landscape suggests that large language models derive from neither explicit rules 

nor statistics unadorned. And it is not LLMs that stand alone, but sit at the end of a much longer chain of body-

of-knowledge from rule-based systems though statistical modelling, to theoretical arguments about meaning, to 

developments in deep learning architectures. Accordingly, we suggest that large language models should not be 

conceived of as simply “large and powerful systems”, but rather as the latest articulations of prolonged research  

traditions in language, meaning and cognition. This view lays the basis for our discussion of generative artificial 

intelligence (GenAI), underscoring that GenAI is not just a technical invention but rather an answer to established 

theoretical and methodological practices which precede it (Tuomela, 1972; Naveed et al., 2025; Xiao & Zhu,  

2025; Zhao et al., 2023).

Generative Artificial Intelligence (GenAI): Definition, Scope, and Model Types
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Recent works have referred to Generative Artificial Intelligence (GenAI) as the concept under which models able 

to produce new and original content based in previous information can be placed with respect of previous classical 

approaches of artificial intelligence. The content may be any of a number of types, including text, images, audio, 

video and code. The distinct feature of GenAI systems is their capacity to produce novel samples by conditioning 

on learned probabilistic distributions instead of learning input–output relationships via only classification or 

regression (Naveed et al., 2025).

The idea of GenAI has been getting a lot of attention recently, especially with the explosion in popularity of large 

language models. Yet this increased visibility has also led to a degree of conceptual blurring and generalization  

in the literature. In such a context, specifying the scope and limits of GenAI is essential for discussions in 

technical as well as moral fields (Xiao & Zhu, 2025).

What Generative Artificial Intelligence Is—and Is Not

Generative AI is sometimes used as an overarching term for all types of AI; rather, it refers to a specific type of  

model  with  its  own unique  generative  logic.  In  traditional  taxonomy,  artificial  intelligence  models  can  be  

classified as discriminative and generative models. While discriminative models concentrate on the decision 

boundary between the input and its label, a generative model tries to form an estimate of the underlying stochastic 

structure of data in order to generate new samples (Zhao et al., 2023).

From this viewpoint, GenAI not only refers to systems that “generate outputs”, but systems where generation is 

based on learned data distributions. The most sophisticated versions of that approach in the text domain are large 

language models themselves; however, GenAI is not restricted to LLMs. Particularly, diffusion models and 

VAE/GAN based image generation methods are the building blocks of the larger GenAI system (Naveed et al.,  

2025).

This is not to say that it has been proven impossible for GenAI systems to be creative or understanding in a manner 

that is indistinguishable from human creativity or understanding; however, wild and sweeping assertions to the  

effect have no place in serious discussion. Recent critical positions point out that meaning does not get "created" 

but instead is constrained by statistics. If SJWs reproduce in the future as well, pointless things would be left 

because those systems can't tell you, "I don't have an answer for that," but dumb LTE's (low-level thinking 

engines) like SJWs can do, thus GenAI is better thought of as pattern generation with high capacity than “creative 

intelligence” (Shanahan, 2024).

Scope and Core Capability Domains of Generative Artificial Intelligence

What GenAI systems can do very widely both in kind of content generated and application domain . Language 

generation, summarization, translation, and question answering are some of the most well-known skills displayed 
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by big LMs. Moreover, the use of GenAI systems for code generation and software development is continuously 

breaking down the borders between natural language and programming language (Teubner et al., 2023).

In addition to textual uses of GenAI, Theall has soared into the visual creation space, in synthesizing speech and 

multimodal investigations. Such image generation model and text-to-image models based on diffusion may also 

show that GenAI is not limited to a single modality but can be ported to linguistic domain as well. Existing 

evidence leads us to believe that this multimodal ability could enhance the effectiveness and generalization 

capabilities of a GenAI system (Naveed et al., 2025).

Yet, GenAI’s versatile functionality sets up considerable challenges for reliability and control. The correctness, 

source, and context-sensitivity of generated outputs cannot always be guaranteed, therefore such outputs need to  

be used with caution and restraint especially in knowledge-rich domains (Chang et al., 2024).

Generative Model Types and the Position of Large Language Models

There are different types of generative models based on various generation mechanisms in the GenAI ecosystem. 

Variational autoencoders (VAEs) generate new samples by introducing latent representations of the data, while  

generative adversarial networks (GANs) create—what is hopefully realistic—output by having a generator model 

compete against a discriminator network in an adversarial game. Such diffusion models that produce data via  

iterative denoising have also shown exceptional performance in video generation (Naveed et al., 2025; Zhao et 

al., 2023).

Among this family of generative models, large language models are unique members as text-focused system that  

are powered by transformer architectures. Learning syntactic and semantic patterns of language at a large scale, 

LLMs can potentially accomplish many tasks within a single unified learning framework. These features place 

LLMs as generative systems into the overall GenAI ecosystem (Zhao et al., 2023).

Recent research also suggests that the capabilities of very large language models may go beyond only linguistic 

patterning to include more general pattern learning and generalization. This observation indicates that LLMs 

might progressively operate not only as text generating systems, but also as materials of more extensive cognitive 

and decision-support architectures (Naveed et al., 2025).

In this lens, it should be possible to interpret the relationship of generative AI and LLMs as something other than 

that of a straightforward hierarchical inclusion; genAIs occupy a central but limited place in the GenAI ecosystem. 

In the next section we will see why this difference is an important conceptual underpinning for the reasons that  

training, alignment and control mechanisms — to be discussed in Section 3 above — are necessary for the 

responsible deployment of generative AI systems (Naveed et al., 2025; Xiao & Zhu 2025; Shanahan 2024).

Training and Alignment Processes in Large Language Models



24

Interdisciplinary Applications of Artificial Intelligence - 1

 
The capacities of large language models are dictated, not just by their architectures, but also by how theyre trained 

and how aligned they are with human priors. In the modern literature, one often treats the LLM development  

pipeline as proceeding through a series of complementary stages-- pre-training and fine-tuning, for example. 

These stages altogether determine the extent of linguistic competence, task generality and reliable behavior a 

model can produce (Naveed et al., 2025).

Pre-training: Learning Linguistic Representations

"Pre-training" is the process by which large language models are instilled with the building blocks of language.  

At this step, models are trained on massive, often unlabelled text data using self-supervision. The most general  

task is language modeling in which previous context (or tokens) are used to predict the next token (Naveed et al., 

2025; Xiao & Zhu, 2025; Zhao et al., 2023).

This  objective  incentivizes  the  model  to  capture  linguistics  structure,  semantics  relationships,  and  context-

dependent language usage at large scale. The diversity and size of the pre-training corpus determines the model’s 

extent of general knowledge. Moreover, biases, wrong patterns and representational imbalances existing in the 

training data can be enacted by the model while outputting, which may pose potential risks to the reliability and  

fairness of generated outputs (Zhao et al., 2023).

The empirical results suggest that pre-training is important for LLMs, but not enough. Pre-trained models may 

be able to produce coherent text, but they might lack the ability to still engage in task-oriented conversations,  

comprehend instructions properly and act safely and predictably (Naveed et al., 2025).

Fine-tuning and Instruction Tuning

Finally, fine-tuning is conducted on top of pre- training to customize the model for certain tasks or scenarios. The 

second stage of this two-stage approach usually uses a smaller (but better quality) labeled datasets. Although 

fine-tuning can lead to better performance on specific tasks, it also has negative effects on involving risks such  

as overfitting, domain dependance and lower cross-task generalization. This stage is a step toward unlocking 

LLMs from being pipelines that purely “produce language” to interactive tools that are increasingly open to and 

thus driven by user intention. However, the efficacy of instruction tuning is highly dependent on the quality,  

diversity and representational coverage of base datasets (Naveed et al., 2025; Xiao & Zhu, 2025; Zhao et al.,  

2023).

Fine-Tuning for Instruction Following Fine-tuning as a way of conditioning large models to better follow natural-

language instructions has been popularized in recent years. In this manner, the model is trained over datasets of  

question–answer  pairs  in  addition  to  task  descriptions  and  sample  outputs  such  that  more  coherent  and 

contextually sound responses are embodied when responding to user inputs. Therefore, instruction tuning is now 

one of the key work for deploying LLM's as general-purpose assistants (Zhao et al., 2023).
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Alignment and Learning from Human Feedback

Alignment is one of the most fundamental methodologies for ensuring that large language models behave in a 

safe,  ethical,  and  predictable  way.  Alignment  is  the  attempt  to  align  model  outputs  with human  values, 

expectations, and societal norms. One popular approach in this direction is Reinforcement Learning from Human 

Feedback (RLHF) (Chang et al., 2024; Naveed et al., 2025; Xiao & Zhu, 2025).

In RLHF, the outputs of the model are evaluated by human annotators; such evaluations are employed to train a  

reward model, which leads the optimization of behavior performed by the primary model. While RLHF may help 

mitigate harmful, misinformation and inappropriate content, it has limitations of its own: Scale, consistency and 

the subjectivity of human judgment (Chang et al., 2024).

More recent work also hints at different strategies for aligning, in the forms of preference learning, constitutional 

AI and automated feedback. This stream of research also provides significant indications on how such human-

centered AI principles can be transformed into actual technical choices (Naveed et al., 2025).

Limits of Training and Alignment

Though decent and significantly enhancements can be obtained by training and alignment, not one of these  

processes ensure the absolute reliability. Hallucination (i.e., generation of bogus or incorrect facts) and out-of-

context generalization, limited explainability etc. are some of the bottleneck limitations faced by LLMs till date  

(Chang et al., 2024).

This fact serves to remind us that LLMs are not “systems that ‘think like humans,’” but rather tools ’” whose use 

can be  beneficial  within  limits  and must  therefore  be  carefully  designed,  deployed,  and overseen.  For  the 

responsible and effective application of these technologies, it is essential to understand training and alignment  

processes (Chang et al., 2024; Naveed et al., 2025; Shanahan, 2024).

The processes outlined in this section also serve to inform why timely engineering and LLM-based system design

—covered in the following section—are not just technical questions, but rather are ethical considerations and 

context-relative operability (Liu et al., 2023; Xi et al., 2023).

Prompt Engineering and LLM-Based System Design

As large language models (LLMs) become prevalent, prompt engineering has become a critical aspect in the 

development of LLM-based systems which controls how users feed information to the model and use its outputs. 
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The training and alignment procedures described earlier in this paper set up a model’s generic behaviorial  

architecture,  and  prompt  engineering  specifies  how  that  architecture  is  realized  within  context-specific 

interactions over time. In this regard, prompt engineering offers a versatile means to direct model behavior 

without the need of modifying internal model parameters (Liu et al., 2023; Xi et al., 2023).

Prompt Engineering: A Conceptual Framework

Hacking prompt engineering can be thought of as an exercise in eliciting desired outputs from large language 

models through the careful construction of inputs. This goes beyond the asking of a good question into structuring 

of context, participant roles, examples and output formats. In the literature, prompt engineering is described as an 

interim level of abstraction that allows LLMs to move on a scale from general purpose language models toward 

high performing task specific systems (Xi et al., 2023).

The rise of this paradigm is directly related to the ability for large language models to learn in-context. LLMs can 

transfer to new tasks without modifying their model parameters, given task examples and explanations. Prompt  

engineering makes this ability a systematic and repeatable design strategy (Zhou et al., 2022; Zhao et al., 2023).

Prompt Types and Design Strategies

Zero-shot, few-shot and chain-of-thought (CoT) prompting are the generic methods for prompt engineering that 

have been widely used in literature (Marvin et al., 2023). Zero-shot prompting uses only task descriptions, with 

no prompts provided, while few-shot prompting aims to improve output quality by providing a few examples. By 

contrast, chain of thought prompting encourages the model to generate intermediate reasoning steps explicitly, 

and leads to more coherent and interpretable outputs especially for multi-step problem solving problems (Naveed 

et al., 2025).

The success of these methods relies on both the semantics carried by but also the structure of the prompt. Role-

based descriptions (e.g., “act as an expert”), contextual cues, and explicit output requests help mitigate model  

uncertainty and promote predictable behavior. Also, previous studies emphasized that prompt engineering is 

brittle and small linguistic changes can result in a different behavior for the model (Liu et al., 2023).

The Relationship between Prompt Engineering and System Design

Such expeditious engineering should not be treated as only one single (user) interaction practice, but as a formal 

part of the design of LLM-based systems. Modern LLM applications are commonly composed using layered 

architecture, where the prompts serve as control and orchestration layer between user inputs and model outputs.  

In this sense, prompts serve a function similar to interface definitions or business rules in more traditional (i.e.,  

softwarebased) systems (Liu et al., 2023; Xi et al., 2023).
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At the professional system level, prompts are frequently combined with up-to-date context information, multi-

step task performance and use feedback. In the case of agent-based LLN systems, prompts are not only inputs 

that a user provides but may also be intermediary instruction produced by the model. This transforms prompt  

engineering from being a static command-writing exercise to an interactive and adaptive system component  

(Naveed et al., 2025; Xi et al., 2023).

The Relationship between Prompt Engineering and Fine-Tuning

Mechanical tuning and quick fabrication serve as dual methodologies to sculpt LLM behavior, featuring different 

cost, time and flexibility tradeoffs. - Fine-tuning: Model parameters are modified when fine-tuning, leading to  

hightime and data overhead while in prompt engineering, little or no changes in model internals are made because 

the adaptation is quicker of low cost (Naveed et al.; 2025).

Therefore, rapid engineering is preferable for prototypes, developing new applications quickly, and customized 

user functionality. However, the literature notes that in high-risk or safety-critical domains, simple prompt-only 

systems could be insufficient and both fine-tuning and alignment-based proceedings should be combined with  

prompt-based approaches (Chang et al., 2024).

Limitations and Design Principles

However, prompt engineering has a number of limitations to its flexibility and strength. High prompt sensitivity 

to contextual variation could lead to unpredictability — and even the instability — of system behavior, rendering 

LLM-based applications brittle to linguistic drift (Liu et al., 2023; Xi et al., 2023). Furthermore, for complex 

tasks,  longer  and  more specific  prompts  do  not  necessarily  achieve  an  proportional  improvement  in  the 

performance of model and may even add more sources of ambiguity or cognitive overload into reasoning process 

inside BERT (Naveed et al., 2025; Chang et al., 2024).

The ideas conceptualized in this part illustrate why the multimodal and interdisciplinary uses of LLMs described 

in the following section rely not just on model size but also on thoughtful design of interaction and system-level 

decisions (Xi et al., 2023; Xiao & Zhu, 2025).

Because of this, the literature calls for prompt engineering practices to be guided by principles that emphasize  

clarity (of the prompt), consistency, and reproducibility. The type of systematic generation, testing and version 

management  protocols  for  prompts  appear to  be  increasingly  seen  as  essential  in  order  that  LLM-based 

applications are sustainable and resilient (Liu et al., 2023; Xi et al., 2023).

Interdisciplinary  Applications:  Healthcare,  Education,  and  Human–Machine 

Interaction
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The effects of generative artificial intelligence and large language models (LLMs) are not solely confined to 

computer science, with parallels observed in human-centered domains such as healthcare, education, and human–

machine interaction (Naveed et al., 2025; Shanahan, 2024). These domains provide natural environments for 

LLM-based applications because they are characterized by a high density of textual and informational content,  

along with the crucial  importance of  decision-supporting processes (Teubner et  al.,  2023; Xi et  al.,  2023). 

Moreover, applications active in these domains require not just efficacy but trustworthiness, ethical considerations 

and enduring human supervision (Chang et al., 2024; Shanahan, 2024).

Large Language Models in Healthcare

Health is an area where significant amount of textual data (clinical notes, patient records, scientific publications 

and clinical guidelines) are produced. Recent years have seen increasing interest in large language models as  

auxiliary aids for summarizing, structuring and making sense of these data. In the literature, LLMs are being used 

increasingly for tasks from automated summarization of clinical documentation, aiding in patient–physician 

communication to speeding up medical article review (Naveed et al 2025).

From the educational and clinical DSS perspectives, results of studies suggest that LLMs can help improve access 

to information and provide explanatory material. However, in medical applications, false positives such as 

hallucination, obsolete information and context-insensitive generalisation are critical risk factors. As a result, the 

literature has highlighted that LLMs should not be framed as independent decision-making systems but rather 

support and enhance human expertise (Chang et al., 2024).

Furthermore, health AIs are deeply intertwined with ethical and regulatory issues such as data privacy, patient  

safety  and  legal  responsibility  (Chang  et  al.,  2024;  Naveed  et  al.,  2025).  These  limitations  highlight  the 

requirement that specific domain and oversight considerations be addressed in the development and deployment 

of LMM-based systems (Shanahan, 2024; Teubner et al., 2023).

Generative Artificial Intelligence and Large Language Models in Education

The field of education is one of the most rapidly expanding areas for generative AI pervasion. Most of current 

educational scenarios make use of large language models, spanning from the production of instructional material, 

to the personalization of learning content, automated feedback delivery and assessment support. Particularly with 

regard to the reduction of teacher load and being better able to adapt to students’ individual learning requirements, 

these applications open up great potential (Teubner et al., 2023).

However, debates about the role of LLMs in education go beyond pedagogical advantages. The problems of 

academic integrity, originality, and the trustworthiness of an educational assessment process are still among the 

hottest topics in generative AI in education. Recent research report that the LLMs could be supportive of learning 
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in a positive way, as guidance and feedback tools, whereas an unregulated or inappropriate use is likely to have 

negative effects on learners (Shanahan, 2024).

Consequently, the literature has, increasingly purported that staying clear of generative AI in education is both 

not feasible and not realistic. Rather, it is considered more feasible to incorporate LLMs in accordance with 

pedagogic goals. Models that foster students’ utilization of LLMs as cognitive tools for critical thinking, problem 

solving, and self-regulated learning are the cornerstones of AI-supported educational changes (Daugherty & 

Wilson, 2024).

Human–Machine Interaction and Cognitive Systems

The advent of large language models has also brought a major paradigm shift in the study of human-computer 

interaction  (HCI).  Conventional  graphical  interfaces  are  being  supplemented—or  replaced—by  natural 

language–based  interaction  modes,  in  which  users  can  interact  with  sophisticated  digital  systems  using 

conversational language. This shift sees LLMs both as knowledge-generating means and interactive interfaces 

(Xi et al., 2023).

HCI research shows that LLMs can be used to poorly model users’ intentions and generate contextually relevant 

responses. But the cognitive consequences of such interactions themselves are far from understood. To the extent 

that users anthropomorphize LLMs, they are also likely to defer unnecessarily frequently to these systems and 

neglect their critical faculties (Shanahan 2024).

Nascent work in, for example, language-based brain–computer interfaces (BCI) and cognitive support systems 

also indicates that large language models could become part of systems that interface more closely with human 

cognition. These developments suggest that LLMs could be at the heart of human–machine cooperation as we 

know it in the future (Naveed et al., 2025).

Shared Constraints and Challenges of Interdisciplinary Use

One common challenge of generative AI and large language models becomes clear when compared across 

application domains, from healthcare2–4 to education5–7 and human-machine interaction: the system must be 

both safe and beneficial. These range from the problems of output verification, contextuality, ethics, and user 

perception (Chang et al., 2024; Naveed et al., 2025; Shanahan, 2024). The responsible and effective use of LLMs 

in these domains, however, demands more than just technical knowledge — it also requires domain expertise  

from humans (who play a vital role to guide the generative process), human oversight and ethical considerations  

that inform system design (Teubner et al., 2023; Xiao & Zhu, 2025).

The interdisciplinary cases that we present here are demonstrations of the sort of changes brought about by large  

language models for good on one hand, while underscoring how such potentials can be actualized only through 

thoughtful, intelligent and context-sensitive strategies of deployment (Naveed et 37 al., 2025; Shanahan, 2024).  
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The agent based systems and domain-specific applications, which are discussed in the next section, are more 

sophisticated forms of this cross-fertilisation (Xi et al., 2023; Xiao & Zhu, 2025).

Agent-Based LLM Systems and Domain-Specific Applications

In recent years, large language models have demonstrated the ability to generalize beyond text generation for 

goal-oriented tasks and even multi-step reasoning and interaction with external environments. This growth of 

usage has lead to the rethinking of LLMs in terms of the agent paradigm. Agent-based LLM systems treat a  

language model as an agent that takes the environment as input and outputs actions to influence it, repeatedly 

adjusting its behavior to achieve certain goals (Naveed et al., 2025; Xiao & Zhu, 2025).

Such a view allows LLMs to be seen as more than reactive answer parsers, but as cognitive middle-ware agents  

capable  of  deconstructing  complex  tasks  and  performing  them  through  interaction  with  external 

abilities/tools/resources (Xi et al., 2023).

Conceptual Framework of Agent-Based LLM Systems

Classical concepts of agents within artificial intelligence writings are employed by agent-based LLM systems.  

From this perspective, the agent is a system itself that perceives its environment, decides upon what it perceives  

and  modifies  behavior  in  order  to  achieve  specific  goals.  Integrated  with  large  language  models,  agent  

architectures enable sufficiently established models to become the central means of representation, reasoning and 

control for these processes (Xiao & Zhu, 2025).

Modern literature characterise the agents that rely on LLM as layered architectures including task planning, 

subtask generation, tool usage and result evaluation components. In these architectures, the LLM is a control core 

that orchestrates natural language reasoning as well as system component interactions (Xi et al., 2025; Naveed et 

al., 2025).

In this environment agent-oriented systems must be engineered quickly to rise above static command generation 

and into dynamic and reflective interactional loops (Liu et al., 2023).

Single-Agent and Multi-Agent Approaches

Architecture of Agent-Based LLM systems can be structured as single-agent and multi-agent approaches. In 

single-agent settings, a single LLM takes care of all the planning and execution for a specific goal. Any such 

method usually works well for relatively simple problems, but often has difficulty dealing with complex and 

multivariate problems (Xiao & Zhu, 2025).
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In multi-agent systems,  several  LLM agent-based cooperate on separate roles or domains of  knowledge. It  

allows task decomposition, parallel reasoning and mutual verification among agents. The literature shows that in 

such systems more flexibility and robustness can also be achieved especially in settings that require planning, 

negotiation or decision support (Naveed et al., 2025).

But multi-agent systems also bring about new challenges, such as the complexity of coordination and consistency 

problem, along with more computational overhead. Therefore, the agent architecture design should not be based 

on model capability but also on system engineering and governance (Xiao & Zhu, 2025).

Domain-Specific Applications: Finance, Industry, and Enterprise Systems

Domain specific applications are however, a particularly interesting niche for agent-based LLM systems. In  

finance, existing systems are used as assistive agents helping the human experts with tasks such as risk analysis, 

interpretation of reports and generation of scenarios. In this class of applications, LLM agents examine data 

sources for information, form a synthesis and propose recommendations subject to constraints (Teubner et al.,  

2023; Naveed et al., 2025).

At the industrial and enterprise levels, agent-bases systems are being increasingly used for process automation, 

decision support, and knowledge management. Agents enabled by LLMs can reason upon company documents  

and user requests and act as mediators between disparate information systems (Teubner et al., 2023; Xi et al.,  

2023).

One of the advantages with LLM agents in these domains is that they enable automation of complicated, text-

dependent business rules while maintaining human-in-the-loop and ultimate decision-making control (Xiao & 

Zhu, 2025).

Limitations and Risks of Agent-Based Systems

Although agent-based LLM systems exhibit flexibility and can be automated to a high degree, there are some 

serious concerns about reliability and predictability. Short of well-designed, agents can easily lead to a chain-

reaction issues under high-stake contexts (e.g., finance, healthcare and public administration) by planning badly  

due to wrong information source or bias (Chang et al., 2024; Xiao & Zhu, 2025).

Further, higher degrees of agent autonomy aggravate concerns with responsibility and accountability. It is thus 

suggested in literature that agent-based LLM systems should be developed in the presence of human oversight,  

controlled authority and transparent control mechanisms (Shanahan, 2024; Naveed et al., 2025).

The agent-based perspectives considered in this section provide critical new perspective towards how large 

language models might be used in the future, but effective and responsible deployment of these systems needs an 

integrated treatment of technical, ethical, and governance issues (Chang et al., 2024; Naveed et al., 2025; Xiao & 
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Zhu, 2025). Related and connected matters are discussed further in the next section: bonanzas, sustainability,  

efficiency and computational expense (Naveed et al. 2025; Teubner et al., 2023).

Efficiency, Sustainability, and Computational Costs

The high capabilities and flexibility of the large language models have a steep computational cost. It is worth to  

note that the explosion of LLMs number of parameters in recent years has ceased being a technical problem and 

turned into a multi-faceted one with direct economic, environmental and social consequences. As a result, the 

ongoing literature has increasingly focused on development and deployment of large language models from 

efficiency and sustainability perspectives as well (Naveed et al., 2025).

Computational Costs of Large Language Models

These models relies on cross-product keys and values for its attention mechanisms The training and inference of  

LLMs are very computational intensive as well. Training models with billions or even trillions of parameters  

requires dedicated hardware like GPUs or TPUs, long training time and high energy cost. Hence, building such 

models remains mainly within the reach of big tech companies and represents a high-barrier entry point for 

academia and small-scale research groups (Zhao et al., 2023).

Costs may not be just on training. The inference process of LLMs is also highly resource-consuming, especially 

when it comes to the long context windows and multi-step reasoning. Literature in that regard, seems to induce 

skepticism of the degree that the ever narrower margins on performance are still worth the economy regarding  

them against higher computational costs (Chang et al., 2024).

Efficient Large Language Models: Technical Approaches

Growing computational expense has driven the studies of efficiency-focused methods in LLM. Commonly used 

methodologies are model compression, quantization, pruning, and knowledge distillation that attempt to scale 

down the size and computational requirements of ML models with least performance drop (Liu et al., 2024;  

Naveed et al., 2025).

Besides, parameter-efficient fine-tuning and task-specific adaptation methods allow for repurposing large models 

to perform on different tasks withno retraining of the model from scratch (Naveed et al., 2025; Zhao et al., 2023). 

These strategies are especially helpful in low resource settings, increasing the feasibility of LLMs across a wider 

variety of settings (Teubner et al., 2023; Chang et al., 2026).

Small, task-specific models have additionally been shown to reach similar or even higher performance than large 

general purpose models on individual tasks. This finding justifies the belief “bigger is not always better”. We 

believe that goal-specific model design has particular importance (Zhao et al., 2023).
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Environmental Impacts and Sustainability Debates

The power consumption of big language models is at the heart of a debate about the environmental effects of 

artificial intelligence. The carbon emitted during model training and inference is directly related to the energy 

that supports big data centers. Empirical evidence suggests the sustainability of products such as LLMs, should  

be seriously considered in their developing and widespread deployment (Delort et al.,  2023; Strubell et al., 

2019).

In this backdrop, the Green AI paradigm broadens the evaluation metrics beyond model accuracy to also consider 

energy efficiency and its environmental costs. This view encourages us as researchers and practitioners to focus 

on solutions that provide high societal benefit with minimal compute, taking their value-cost ratio into account 

(which is a significant change of perspective towards responsible inclusion and usage of new LLMs) (Strubell et 

al., 2019).

Economic and Societal Dimensions

There are economic and social implications, not just technical issues with computational cost and durability. The 

high costs of building large language models could centralise technological power in a handful of institutions and 

countries, compounding digital inequalities. This problem is commonly discussed in the literature under the  

rubric of “compute divide”, and represents an important threat for inclusiveness for the AI ecosystem (Teubner 

et al., 2023).

In this context, sustainable and performant LLM approaches will be necessary not just to satisfy ecological 

concern but also to make sure accessibility and fairness in terms of the scientific pluralism. Both academic and  

industrial parties are more and more urged to take integrated approaches into account that compare cost and 

impact in addition to performance point of views (Naveed et al., 2025; Strubell et al., 2019; Teubner et al., 

2023).

These discussions of efficiency and sustainability in this section off er the technical underpinning for next chapter 

on ethics, inequality, and social issues. In the end, the future of big language models will not be a matter only of 

their force but also depend substantially on how responsibly and sustainably they are built and put to use (Chang 

et al., 2024; Shanahan, 2024).

Ethics, Inequality, and Societal Impacts

The  rapid  proliferation  of  generative  AI  and  large  language  models  has  everything  to  do  with ethics,  

responsibilities,  and  social  ramifications  alongside  technological  breakthroughs.  As  LLMs  become  more 

influential  in generating knowledge, aiding decision-making, and automating processes,  their  accountability 

towards principles of fairness, reliability and justice needs to be reckoned with. Current literature highlights the 
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fact that societal ramifications of generative AI are due to technical decisions, data sources, usage contexts and 

governance structures (Sabherwal & Grover, 2024; Shanahan, 2024; Naveed et al., 2025).

Ethical Challenges and Reliability

Among the most frequently discussed set of ethical issues surrounding large language models is the risk associated 

with hallucination, where a model spits out information that sounds good and respectably linguistically plausible, 

but which we cannot safely assume to be true. Outputs like this are problematic in critical applications, such as  

medicine, law and education. In this regard, we would like to highlight that the literature emphasizes that LLM 

predictions should be not interpreted as a confirmed knowledge but probabilistic inferences from the available  

training data (Chang et al., 2024).

A further important ethical consideration is that of biasedness in data-driven systems. Big language models are  

able to regurgitate — and at times even magnify — historical, cultural and societal biases buried in the training  

data. This may lead to biased predictions from sensitive attributes like gender, ethnicity, and socio-economic  

status. As such the ethical AI discussion should move beyond the model output to same light as a critic on broader 

data ecosystems which contribute to shape them (Gallegos et al., 2024; Li et al., 2024).

Digital Inequality and the Compute Divide

Creating and operationalizing generative AI technology is computationally expensive and capital intensive. This 

has resulted in a centralized development of LLM capacities at few companies and countries, further possibly 

increasing digital inequalities worldwide. In the literature, this is often described as the “compute divide”, and is 

considered by many as one of the biggest threats to inclusivity in AI ecosystem (Teubner et al., 2023).

In addition, access to LLM-based resources is dependent not only on technological infrastructure but also on 

linguistic,  cultural  and  educational  background  (Shanahan  2024;  Teubner  et  al.  2023).  Establishing  an 

inhomogeneous AI is likely to systematically favor or disadvantage certain segments of users -thus resulting in a  

reduced realization of the wider societal value potential from generative AI (Gallegos et al., 2024; Naveed et al., 

2025).

Education, Work, and Societal Transformation

The  societal  implications  of  large  language  models  are  particularly  acute  in  education  and work.  In  the 

educational context, LLMs bring important prospects in support of learning and teaching, at the same time that 

they lead concerns about academic integrity, assessment validity, and student motivation. Current thinking is 

increasingly to reject outright bans and promote instead the cautious, informed use of generative AI in education 

(Shanahan, 2024).
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In work, generative AI systems are speeding automation and the restructuring of occupations across a wide array 

of professions. But that will not only turn roles into something else, or elsewhere, but also generate new demands 

and job profiles. The work effects of GenAI are not one-way street, and these technologies can augment human–

machine partnership with the right policy supports and learning strategies (Daugherty & Wilson, 2024; Eloundou 

et al., 2023).

Critical Perspectives and Responsible AI

These critical AI perspectives redirect focus away from what generative AI systems do and towards for whom,  

under what conditions, and with what effects they work. From this perspective, LLMs are not politically neutral  

technologies but systems moulded by the power relations, economic imperatives and social discourses of their 

context.  As  a  result,  responsible  AI  debates  need  to  involve  not  only  technical  countermeasures,  but  also  

governance structures, transparency and accountability systems (Bender et al., 2021). The ethical, inequity and 

societal issues covered in this section indicate that the future of large language models does not only rest on  

advancing technically, but also increasingly depends on how these technologies are aligned with societal values 

and norms. The last part of this chapter brings together these discussions by presenting future outlook and 

research directions, thus rounding the chapter off as a unified whole (Weidinger et al., 2021).

Future Perspectives and Conclusion

Generative AI and LLMs do not simply emerge from technological advancements; they are the latest realization 

of decades-long theoretical and practical progress in language, cognition, computation (Tuomela, 1972; Naveed 

et al., 2025; Xiao & Zhu, 2025). The conceptual frameworks, architectural innovations, education and alignment 

practices, inter- disciplinary uses and ethical debates interrogated in this chapter signal that the shift brought about 

by LLMs is not one-dimensional : instead these represent a multi-levelled transformation (Chang et al., 2024;  

Shanahan 2024).

Emerging Trends in the Future of Large Language Models

Recent work suggests that the future of large language models is more than the pursuit for larger and stronger  

systems alone. Instead, research lines are directed towards efficiency, long-context processing, sensor merging 

and agent-based systems (Naveed et al., 2025; Xiao & Zhu, 2025). Notably, models effective with extended 

context windows have opened new prospects for complicated document understanding, multi-step reasoning and 

multi-discipline knowledge exchange (Naveed et al., 2025).
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Concurrently, multi-modal large language models (MLLMs) that go beyond textual-cen-tric architectures are 

paving the way to more holistic AI systems jointly processing linguistic, visual and auditory information (Naveed 

et al., 2025; Zhaoet et al., 2023). This trend situates LLMs as not just text generators but more general pattern 

learners and representatives (Shanahan, 2024; Xiao & Zhu, 2025).

Human–Machine Collaboration and Agentic Architectures

Another  frequently addressed  topic  in  futurological  debates  is  the  changing  nature  of  human–machine 

interactions. Agent-based LLM systems allow model plans with specific goals and interact with their environment, 

raising again the question of AI autonomy versus human control. The literature states that rather than developing 

fully autonomous systems, human-centered agent architectures who works in conjunction with human experts 

provide a sustainable and secure way forward (Shanahan 2024).

In this regard, the next stage for LLMs is unlikely to be the substitution of human cognitive functions, but as in 

assisting applications where they are a counterpart: assistance with decision making; synthesizing knowledge and 

generating ideas (Naveed et al., 2025; Shanahan, 2024; Daugherty & Wilson, 2024).

Ethics, Governance, and Responsible Development

The future  of  generative  AI  depends  as  much on ethical  and governance frameworks  as  it  does  technical  

developments. Issues such as hallucination, bias, environmental footprint and digital inequality can’t be resolved 

by technical fixes alone. Normative literature has emphasised that the issue of responsible AI should be informed 

by principles of transparency, accountability and social utility (Chang et al., 2024; Teubner et al., 2023).

We will therefore see the emergence of future research agendas that go beyond narrow performance measures,  

taking a holistic  approach in  which assessing impact,  analyzing ethical  risks  and forecasting sustainability 

become central dimensions of evaluation and development of AI (Chang et al., 2024; Shanahan, 2024; Strubell et 

al., 2019).

Overall Assessment and Conclusion

This  chapter  has  attempted  to  bring  a  comprehensive  view  on  generative AI  and  large  language  models, 

grounding  technical  advancements  in  their  wider  interdisciplinary  and  social  context.  Looking  across  our 

reviewed articles, the studies indicate that LLMs are not simply “human-like intelligence” or “statistical tools”,  

but they possess meaning and impact depending on their diverse use cases and design decisions *(Naveed et al.  

2025; Shanahan 2024; Xiao & Zhu 2025).

In short, the future of large language models will depend on much more than simply building bigger systems but 

will also require further combining advances across a multitude of disciplines toward intelligent, efficient and 
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responsible AI.  Seen through the lens  of  interdisciplinarity,  generative AI holds  great  promise for  making 

meaningful and sustainable contributions across scientific research, education, health care, work and beyond. But 

this can only be achieved if the AI ecosystem advances in both technical mastery and awareness of ethical issues 

(Chang et al., 2024; Strubell et al., 2019; Teubner et al., 2023).

Disclosure of AI usage

During the preparation of this work, the author(s) used [OpenAi-ChatGPT and Google Gemini] in order to [e.g.,  

generate text, check grammar, analyze data, or assist with literature search]. After using this tool/service, the  

author reviewed and edited the content as needed and take full responsibility for the content of the published 

work.
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Introduction

The rapid developments in artificial intelligence (AI) technologies and applications raise new ethical questions 

regarding personal information security and data processing. This transformation is not limited to technical and 

functional advances but is also shaped by social and ethical responsibilities, creating not only a legal obligation  

but also a moral obligation for the effective implementation of AI systems. Therefore, the effective and secure  

use of AI requires a comprehensive and integrated approach that ensures the correct processing of data, respect 

for user privacy, and system security from the outset (Alkali et al., 2022).

In this context, developments in information and communication technologies are increasing the adoption and 

usage rates of AI systems by protecting individuals' privacy while gaining the trust of societies. Although the 

technologies used as the basis for AI are result-oriented and effective in creating individual and societal benefits, 

the problems they cause in the background can lead to greater harm. This situation emphasizes the importance of 

focusing on the process as well as the result in the development of AI technologies (Brasioli et al., 2025).

Data ethics is a crucial element shaping the foundations of AI, requiring that not only legal requirements but also 

social  norms and individual  rights be taken into account in the process of  data collection,  processing,  and 

distribution.  Fundamental  principles such as transparency,  fairness,  and consent,  which must  be considered 

throughout these processes, form the theoretical foundations for the ethical management of AI systems. Similarly, 

the fair management of the effects of AI systems on users will be possible within a framework that considers both 

individual rights and social benefit. In this context, ensuring data security and protecting privacy is directly related 

to people's sense of trust as well as the functionality of the technology (Kashefi et al., 2024).

Beyond protecting individuals' privacy, ensuring that AI systems are deployed in decision-making processes in a 

manner that is fair, transparent, and free from bias is also a critical area. Developing AI algorithms with a focus  

on impartiality, creating models that consider diversity and equality, will help protect the fundamental rights of  

every individual by increasing social benefit. At the same time, ensuring that algorithms are controlled and  

traceable will enable users to know how and why they encounter certain results. Such transparency is not only  

important  for  increasing security  but  also  for  correcting potential  errors  and preventing risks  and dangers.  

Therefore, the proper training and supervision of AI are essential factors for strengthening social trust and ensuring 

widespread acceptance of the system (Abolaji & Akinwande, 2024).

In this regard, when evaluated within a broader concept, the variable structure of AI systems necessitates that  

ethical and legal regulations also be dynamic. The use of AI should not lag behind laws that cannot keep up with 

the speed of technology; rather, legal infrastructures should be shaped to adapt to these innovations. Consequently, 

the development of risk management strategies minimizes the negative effects of technologies while ensuring that 

their  benefits  are  distributed fairly across all  segments of  society.  Ultimately,  it  should be recognized that  

strengthening cooperation between technology, law, ethics, and social sciences is a critical factor in adopting an  

interdisciplinary approach in this process (Gupta et al., 2025).
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The Theoretical Foundations of Data Ethics in AI Systems

The sharp and continuous rise in information and communication technologies is accelerating the development 

process of AI technologies and raising significant ethical concerns, particularly in the areas of data processing,  

ensuring personal information security, and developing legal regulations. The successful implementation of AI 

systems requires not only technical advances but also ethical and societal responsibility. Data must be collected  

and processed ethically, as this is not just a legal obligation but a moral one. The effective and secure use of AI 

involves  ensuring  data  is  handled  correctly,  respecting  user  privacy,  and  safeguarding  system  security. 

Technological advancements in AI not only protect individual privacy but also help gain societal trust, enhancing 

the acceptance of AI systems within communities (Galiana et al., 2024).

Data ethics plays a crucial role in shaping AI systems by incorporating legal requirements, societal norms, and 

individual rights.  Key principles such as transparency, fairness,  and consent are foundational  to the ethical 

management of AI systems, ensuring that the development and application of AI respect human rights. The fair 

management of AI’s societal impact can only be achieved within a framework that takes both individual rights 

and collective benefits into account. In this context, privacy protection and data security are not only tied to the 

functionality of the technology but also to the public’s trust in AI (Jain et al., 2025).

The design and implementation of AI systems require significant social and ethical responsibility, involving more 

than just technical considerations. The security of AI systems depends not only on their technical infrastructure 

but also on the management of potential risks, the implementation of protective measures, and the transparent  

monitoring  of  these  processes.  Furthermore,  identifying,  developing,  and  implementing  individual  control 

methods during the development phase is an important step in ensuring social trust in general. In order for AI to  

increase social benefit, it must be addressed not only from a technical perspective, but also from an ethical and  

legal perspective, and it must be developed in a manner that is compatible with the systems it is used in, ensuring 

that it serves the public interest (Hermansyah et al., 2023).

As AI continues to evolve, the theoretical foundations of data ethics become more intertwined with normative  

ethical frameworks. These frameworks focus on ensuring that AI systems adhere to specific norms and values,  

while  also  considering the societal  impacts  these systems create.  Furthermore,  the  ethical  responsibility  of  

developers and institutions goes beyond evaluating algorithmic outputs; it includes assessing design choices, data 

selection, and institutional decision-making. Thus, data ethics emerges as an area deeply connected to human 

decisions, highlighting the inseparable relationship between AI’s technical functioning and its broader societal  

consequences (Stahl et al., 2023).

Data ethics is fundamentally shaped around three main questions (OECD, 2024):

 How and for what purposes is data collected?

 Whom do these data represent, and who is excluded?

 What impacts do the outputs generated from data have on individuals and society?

The Concept of Data Ethics
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These questions necessitate the evaluation of data usage not only in terms of legal compliance but also in terms  

of justice, equality, and societal impact. As AI systems work with large-scale datasets, they have the potential to  

create systematic ethical  problems rather than isolated individual errors.  This  calls  for a broader and more 

comprehensive approach to data governance, one that incorporates ethical considerations at every stage of AI  

development (Alonso & Siracuse, 2023).

This situation shapes the framework of data ethics around four fundamental concepts (Huang et al., 2022):

 Ethical Issues & Risks of AI: While AI offers significant benefits, it also presents risks such as 

algorithmic biases, privacy violations, and lack of transparency, which undermine trust and complicate 

regulation. These challenges require proactive measures to ensure that AI development aligns with 

ethical standards and societal values.

 Methods to Evaluate the Ethicality of AI: Assessing AI ethics involves not only technical evaluation 

but also social and legal considerations, with tools like bias detection and transparency audits helping 

to measure societal impact. Effective evaluation methods are essential to mitigate risks and ensure 

responsible deployment of AI systems.

 Guidelines & Principles for Ethical AI: Ethical AI development must adhere to principles like 

transparency, fairness, and privacy, guided by international frameworks such as those from the OECD 

and UNESCO. Following these principles ensures that AI technologies benefit society while respecting 

fundamental rights and freedoms.

 Approaches to Solve Ethical Problems in AI: Addressing AI's ethical issues requires diverse 

approaches, from deontological models to emotional intelligence and participatory ethics, involving 

various societal stakeholders. This multi-faceted approach is crucial to developing AI systems that 

align with human dignity and social justice.

Figure 1. AI Ethics (Huang et al. 2022)

AI Ethics Principles
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The reliance of AI technologies on the collection of large amounts of data requires the protection of this data  

through personal information, legal frameworks, and ethical norms throughout the lifecycle of these technologies. 

In this context, according to the draft of the UNESCO Recommendations on AI Ethics, the ten key principles of 

AI ethics are outlined as follows (UNESCO, 2022):

1. Proportionality and Do No Harm: The design and implementation of AI systems should be 

proportional to the goal of minimizing societal harm. This principle emphasizes that AI systems should 

intervene only when necessary, with potential harms identified in advance. AI applications must be 

carefully monitored to ensure they do not harm individuals, considering possible side effects.

2. Safety and Security: AI must be resilient against security vulnerabilities and external attacks; this 

requires the continuous provision and improvement of system security. The security of AI systems is 

not only a technical issue but also a societal responsibility, as data breaches can pose significant 

security risks. Security measures must be implemented from the design phase and tested at every stage.

3. Right to Privacy and Data Protection: AI systems must respect the privacy of individuals in the 

collection, processing, and storage of personal data. Data protection is not only a legal obligation but 

also an ethical duty to protect individuals' fundamental rights. Privacy rights in AI applications must 

align with transparency and user consent, minimizing the risk of data breaches. Advanced data 

protection mechanisms are critical to ensuring the secure and ethical deployment of AI.

4. Multi-Stakeholder and Adaptive Governance & Collaboration: The governance of AI systems 

requires collaboration not only from technical experts and governments but also from societal actors, 

businesses, and civil society organizations. This multi-stakeholder approach ensures that the 

widespread societal impacts of AI are managed fairly. Governance processes must be adaptable to 

consider the evolution of technology and should be flexible enough to address emerging challenges. 

5. Responsibility and Accountability: AI systems should operate within the boundaries of responsibility 

defined by their designers and users. This requires the traceability and auditability of decision-making 

processes in AI applications, as erroneous outcomes or faulty decisions could lead to societal harm. 

Every AI application should be held accountable for potential damages, and clear accountability 

mechanisms should be established. 

6. Transparency and Explainability: AI systems should be transparent and understandable to users and 

stakeholders, with clear explanations of how algorithms function and which data are used to make 

decisions. Transparency fosters trust in AI systems and helps prevent misunderstandings. 

Explainability includes not only understanding the outcomes of algorithms but also responsibly 

communicating these results. 

7. Human Oversight and Determination: Human oversight and control should always be central in the 
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design and application of AI systems, as AI should complement human decision-making, not replace it. 

Humans must have the ability to review AI-generated results and intervene when necessary. 

8. Sustainability: AI applications should adhere to environmental sustainability principles and be 

designed to minimize the ecological footprint of the technology. This requires the efficient 

management of energy and resources used in AI development. Sustainable AI considers not only 

environmental impacts but also societal sustainability. 

9. Awareness and Literacy: It is crucial that societies have adequate knowledge and awareness of AI 

technologies to ensure their safe and ethical use. AI literacy enables individuals to understand the 

effects of these technologies. This principle encompasses not only technology users but also 

policymakers, developers, and the academic community.

10. Fairness and Non-Discrimination: AI systems should produce fair outcomes for every individual and 

community, preventing discrimination based on factors such as race, gender, or age. This principle 

aims to eliminate systematic biases in algorithmic datasets and offer equal opportunities to all users. 

Fairness should not only be limited to the use of technology but should also ensure equal access to 

technology across different segments of society. 

Figure 2. UNESCO AI Principles (UNESCO, 2022)

In conclusion, data ethics offers a theoretically profound field of evaluation that is inseparable from the technical 

achievement  of  AI  systems.  Ethical  principles  should  be  viewed  not  as  external  constraints  hindering  AI 

innovation, but as guiding frameworks that ensure the social legitimacy, credibility, and sustainability of these 

systems. This theoretical approach to data ethics makes the interdisciplinary nature of privacy and secure AI 

research more visible (Paliszkiewicz & Gołuchowski, 2024).
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The Redefinition of Privacy in the Context of AI

The rapid increase in the data processing capacity of AI systems significantly challenges traditional definitions of 

privacy. The classical concept of privacy is primarily based on the protection of personal data from unauthorized 

access and the preservation of an individual's private space. However, AI-based systems are capable of generating 

meaningful inferences about individuals not only from explicit identity information but also from indirect and  

anonymized data. This situation demonstrates that privacy is no longer solely concerned with "data protection,"  

but also with the limitation of information derived from data (Baker & Caton, 2025).

In the context of AI, privacy is a multifaceted concept that should be addressed not only in terms of individual 

control over personal data, but also in relation to the context, purpose, and outcomes of the data processing  

processes. Therefore, privacy is viewed as a dynamic concept that is continuously redefined in parallel with 

technological  advancements,  rather  than  a  static  right.  The  complex  and  often  opaque  decision-making 

mechanisms of AI systems make this need for redefinition even more evident (Curzon et al., 2021).

In the event of the leak of privacy, the potential harms of AI can be categorized as follows (NIST, 2023):

Figure 3. Potential Harms Related to AI Systems (NIST, 2023)

 Harm to People: AI systems can violate privacy by using personal data without proper consent or 

transparency. Additionally, biased algorithms can result in unfair treatment, impacting individuals' 

autonomy and trust in technology.

 Harm to an Organizations: The use of AI can lead to inefficiencies and errors in decision-making, 

harming business operations. Furthermore, AI-driven security risks, such as cyberattacks, can cause 

significant financial and reputational damage.

 Harm to an Ecosystems: AI technologies consume large amounts of energy and contribute to 

environmental degradation. The extraction of resources for AI development can damage ecosystems 

and hinder sustainability efforts.



47

Interdisciplinary Applications of Artificial Intelligence - 1

Traditional Privacy vs. Contextual Privacy

The traditional concept of privacy is based on the principles that personal data should not be collected, stored, or 

shared without explicit consent. This approach centers on the protection of data that directly reveals an individual's 

identity. However, AI systems are capable of accessing sensitive information through behavioral patterns and 

statistical relationships, without requiring direct identification of the individual. This situation reveals that privacy 

breaches may occur not only through data leaks or unauthorized access but also as a result of legitimate data 

processing practices (Wachter & Mittelstadt, 2019).

Contextual privacy, on the other hand, is an approach that suggests the privacy and meaning of a piece of data 

may vary depending on the context in which it is collected. In other words, a data point may pose a low privacy  

risk in one context but a high risk in another. This becomes particularly complex when combined with AI and big 

data analysis. AI systems can collect large amounts of data and perform contextual analysis of these data sets. As 

a result, the environment in which the data is collected, the algorithms used, and the design of the systems require 

a more dynamic approach to privacy (Szostak, 2025).

In this context, privacy is now related not only to who sees the data but also to the context, purpose, and outcomes 

of data processing. Since AI systems can detach data from its original context and apply it to different use cases,  

the usage terms initially accepted by individuals may lose their meaning over time. This explains why the classical 

notion of privacy is insufficient in the age of AI (Jobin et al., 2019).

Data Sovereignty and Individual Autonomy

Data sovereignty refers to the control individuals have over their own data. Traditional privacy concepts often  

attribute ownership of data to the institutions or governments that collect it.  However, with the widespread 

adoption of AI applications, the control individuals have over their data is being reconsidered. AI systems often  

collect personal data from individuals while leaving them with minimal control over its usage and sharing. This 

raises concerns about data sovereignty and individual autonomy (Kaur & Singh, 2025).

For individuals to have control over their data in line with their will, transparency and informed consent are 

required in data collection, sharing, and processing. In this context, individual autonomy refers to the ability of  

people to make decisions about their data. AI obtains user consent during data collection, but the extent to which 

this consent is informed and freely given remains a major question (Hagendorff, 2020).

As AI systems become more complex, they often use personal data in ways that are not transparent to the  

individuals involved. This lack of clarity reduces people's ability to make informed decisions about their data, 

undermining their autonomy and sovereignty. To protect data sovereignty, it is essential to implement stronger 

regulations that ensure individuals are fully informed and have meaningful control over how their data is used by 

AI systems (Tang, 2023).
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Legal Regulations and New Approaches

The impacts of AI systems on privacy necessitate a review of existing legal regulations. Classical personal data 

protection  laws  aim to  ensure  transparency,  accountability,  and  the  protection  of  individual  rights  in  data 

collection and usage processes, without delving into technical details. However, these regulations struggle to keep 

pace with the rapidly advancing technologies in AI and big data analytics. Concepts such as data sovereignty, 

contextual  privacy,  and meaning generation call  for a new legal  framework beyond the current regulations 

(Ravindran & Singh, 2025).

Global legal regulations and frameworks can be listed as follows:

Table 1. Regulations in the Field of Trustworthy AI 

Organizatio
n

Regulation Scope

EU
EU Artificial Intelligence Act 

(European Union, 2023)

Regulatory framework for AI in EU member states, transparency, 
safety, ethics, user rights

USA AI Governance Principles 
(NIST, FTC, 2023)

Safe and ethical use of AI technologies, transparency, 
data security, AI interaction and regulation

Canada AI Ethics Guidelines 
(Montreal Declaration, 2023)

Justice,  transparency,  accountability,  security, 
responsible AI development and governance

UK AI Regulation White Paper (2023) Identifying  AI  risks,  transparency,  accountability, 
fairness,  ethical  principles,  regulation  of  AI 
technologies

AI HLEG High-Level Expert Group on AI - Ethical 
Guidelines and Assessment List (2018)

Trustworthy  AI,  ethical  use,  transparency, 
responsibility, principles for safe use of AI

ISO, IEC ISO/IEC AI Standards 
(ISO/IEC 27701, ISO/IEC 23894, 2025)

Privacy  in  AI  systems,  reliability,  international 
standards, data security

OECD OECD AI Guidelines (2019) Ethical  and  democratic  values,  AI  policies,  global 
cooperation, safe and fair use of AI

GPAI Global Partnership on AI (2025) Responsible development of  AI,  ethical policies,  best 
practices, global cooperation

UNESCO Recommendation on AI Ethics (2021) Ethical dimensions of AI, global ethical norms, societal 
impact of AI, and ethical regulations

WEF Guidelines for AI Solutions Procurement 
by the Private Sector (2023)

Transparent  and  inclusive  AI  design,  market  launch, 
global cooperation, sector leadership, ethical use of AI

Source: Ağdeniz (2024)

Privacy is a concept that needs to be redefined in the age of AI and big data. This concept is not only related to  

data access, but also to broader social dynamics such as how data is involved in meaning-making processes and 

data sovereignty. Considering that traditional personal data protection frameworks fall short in light of the new  

opportunities offered by AI,  new paradigms must be established and more effective solutions developed to 

minimize the social impacts of technology (Boppiniti, 2023).
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Risk, Responsibility and Trust-Building in the Formation of Safe AI

As AI systems grow in complexity and autonomy, security must be understood beyond just technical protections. 

Safe AI requires a comprehensive approach that not only safeguards systems from external threats but also ensures 

their predictability, auditability, and societal acceptance. This approach considers AI security as a holistic quality, 

involving design, governance, and responsible usage practices (Bandyopadhyay et al., 2025). 

Additionally, the social and institutional impacts of AI outcomes must also be considered, as these systems 

profoundly affect people's lives. Therefore, security, risk management, accountability, and trust-building are 

redefined.  Safe  artificial  intelligence  should  address  AI  security  from a  wide  range  of  social,  ethical,  and 

governance challenges and establish a solid foundation for the future by emphasizing the necessity of ethical 

decision-making and transparent processes throughout the AI lifecycle (Correia et al., 2025).

The Human and Planet dimension represents human rights as well as the broader welfare of society and the planet. 

AI actors within this dimension form a distinct Artificial Intelligence Risk Management Framework (AIRM) that 

primarily  informs  a  specific  audience.  These  AI  actors  may  include  trade  associations,  standard-setting 

organizations, researchers, advocacy groups, environmental organizations, civil society groups, end-users, and 

potentially affected individuals and communities (Zhang, 2022).

These actors can (NIST, 2023):

 Help ensure the context and understanding of potential and actual impacts;

 Serve as a source of formal or semi-formal norms and guidance for AI risk management;

 Define the boundaries of AI operations (technical, societal, legal, and ethical); and

 Promote discussions on the necessary trade-offs to balance civil liberties and rights, equality, the 

environment and planet, and societal values and priorities related to the economy.
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Figure 4. Lifecycle and Key Dimensions of an AI System (OECD, 2024)

The Concept of Risk in AI Systems

In  the  context  of  AI,  the  concept  of  risk  differs  significantly  from the  traditional  understanding  found  in 

information  systems.  Classical  approaches  typically  address  risks  through  technical  failures,  system 

vulnerabilities, or external attacks; however, in AI systems, risk also encompasses elements such as data quality, 

model behavior, contextual misalignment, and unforeseen outcomes. This indicates that risk is not limited to 

probability and impact calculations but is systemic and dynamic in nature (Çela et al., 2025).

The learning capacity of AI systems causes the risk to evolve over time. A system initially deemed safe may 

exhibit unexpected behaviors due to changes in its usage context or encounters with new types of data. Therefore, 

risk should not be considered a one-time evaluation but rather an ongoing phenomenon that must be continuously 

monitored and reassessed throughout the system's lifecycle (Moghadasi et al., 2024).

The categories and levels of risk associated with the development and/or use of AI are classified as follows (EDPS, 

2025):

 Low or No Risk: AI systems that pose little or no risk, such as spam filters, do not require restrictions, 

though it is recommended that these systems comply with ethical guidelines. These systems generally 

have minimal impact on privacy and security, ensuring limited ethical concerns.

 Limited Risk: AI systems that generate limited risk, such as technical programs related to 

functionality, development, and performance, are subject to the application of AI ethical principles 

outlined in this document. These systems may still raise issues of fairness and transparency, requiring 

careful monitoring for potential harms.

 High Risk: AI systems that create "high risk" to fundamental rights must undergo pre- and post-

deployment suitability assessments, with compliance to ethical rules as well as relevant legal 

requirements being considered. Such systems often involve sensitive personal data and decisions that 

can significantly impact individuals' lives and freedoms.

 Unacceptable Risk: AI systems that pose "unacceptable risk" to human safety, livelihoods, and rights 

are prohibited. These include systems involved in social profiling, child abuse, or behavioral 

manipulation, which have severe consequences for personal autonomy and societal well-being.

Risk management must be integrated with artificial intelligence initiatives to ensure that controls are implemented 

throughout  the  entire  development  process,  addressing  risks  such  as  data,  algorithmic,  compliance,  and 

operational  risks.  By incorporating risk  management  into  the  artificial  intelligence  lifecycle,  organizations,  

companies, or startups can proactively address potential issues and ensure reliability. Key subcomponents such as 

model  interpretability,  bias  detection,  and  performance  monitoring  are  vital  for  continuous  oversight  and 

transparency. Standards and controls applied from design to post-deployment ensure compliance with ethical and 
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legal requirements. This comprehensive approach promotes responsible AI development and accountability by 

helping to mitigate risks and increase trust in AI technologies (Curzon et al., 2021).

Transition from Security to Trustworthiness in AI

An important conceptual shift in discussions about safe artificial intelligence is occurring from the concept of 

“security” to that of “reliability.” In this context, the concept of security refers to a system's protection from  

external interference, while the concept of reliability relates to the system's consistent performance, predictable 

behavior, and the production of expected results. Within the framework of artificial intelligence systems, these  

two concepts are inextricably intertwined (Korobenko et al., 2024).

Trustworthiness is not only linked to technical robustness but also to the understandability and auditability of the 

system's decision-making logic. Users and institutions find it difficult to trust systems whose functioning is not  

understood or whose outcomes cannot be predicted. Therefore, secure AI extends beyond technical security 

measures and becomes a field of assessment that also includes human-machine interactions (Wang et al., 2020).

Secure AI should not be merely viewed as a "technical feature," but rather as a "design and governance principle." 

The design of AI systems should not only ensure that algorithms work correctly but also consider the societal 

impacts of these systems. A secure AI system, after undergoing technical validation and testing, should be 

designed  in  accordance  with  ethical,  social,  and  legal  responsibilities. This  approach  ensures  the  secure 

development and sustainability of AI technologies while protecting individual rights, social welfare, and the  

public interest through integrated systems (Rosak-Szyrocka & Wolniak, 2025).

Trust-Building Process

The concept of secure AI is directly related not only to technical security measures but also to trust-building  

mechanisms such as transparency, accountability, and auditing systems. For AI systems to gain societal trust, 

clear and certain information about how these systems operate must be provided. Transparency allows users and 

society  to  comprehend  how the  system works,  what  data  it  processes,  and  how decisions  are  made.  This 

transparency is one of the fundamental building blocks of the trust-building process (Olawade et al., 2024).

Additionally, secure AI is tied to the principle of accountability. The decisions made by an AI system must be 

auditable by both developers and users. If a system makes an incorrect decision, the reasons for that decision must 

be explained, and the source of the error must be identified. Accountability not only increases the reliability of AI 

systems but also reinforces the trust placed in these systems (Alakuş & Yılmaz, 2025).

Audit mechanisms are crucial for ensuring secure AI, addressing not only technical issues but also ethical and 

societal concerns. Effective auditing helps prevent the misuse, abuse, or violation of societal responsibilities by 

AI systems and should be implemented throughout the entire lifecycle of the technology. Secure AI is closely tied 

to  building  societal  trust  and  fulfilling  ethical  responsibilities,  requiring  transparency,  accountability,  and 
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continuous evaluation. This holistic approach ensures individual security while fostering broader societal trust, 

laying the foundation for the fair and sustainable development of AI (Galiana et al., 2024).

Boundaries, Responsibilities, and Projections

When theoretical discussions on data ethics, privacy, and secure artificial intelligence are considered together, it  

is clear that artificial intelligence systems cannot be approached solely from a technical advancement perspective. 

In this context, the conceptual framework outlined supports the process by enabling a comprehensive assessment 

of the limits within which artificial intelligence applications can be developed, how responsibility should be 

distributed in these processes, and what future trends will be (Gupta et al., 2025).

The rapid development of AI technologies brings not only technical skills but also ethical, legal, and societal 

responsibilities. While AI has the capacity to transform human life, it also entails significant ethical and societal  

risks. Thus, it is necessary to establish specific boundaries both at the technical and societal levels when designing 

and using AI systems. These boundaries ensure that AI serves the common good while protecting individual rights 

and promoting social well-being (Farina et al., 2025).

Ethical, Legal, and Societal Boundaries: Legitimacy and Acceptability

The boundaries of AI systems are defined by the balance between technical feasibility and ethical acceptability,  

ensuring  technological  progress  aligns  with  societal  values.  Principles  such  as  justice,  non-discrimination,  

autonomy,  and  dignity  shape  these  boundaries.  While  crucial  for  societal  acceptance,  they  should  guide 

responsible and sustainable development without hindering innovation. Ignoring these boundaries can erode trust, 

exacerbate inequalities, and undermine public confidence in AI systems (Alonso & Siracuse, 2023).

The OECD has worked on identifying both  real  and potential  risks  associated with  AI  systems,  including 

productive AI in work environments. Some of these risks include (OECD, 2024):

 Large-scale and widespread dissemination of false and misleading information through AI-generated 

content, especially content that people perceive as real;

 AI models generating convincingly wrong or fictitious responses;

 Increasing harmful bias and discrimination at scale;

 Privacy and data management risks at the level of training data, model development, data and model 

intersections, or human-AI interaction;

 Challenges of transparency and explainability due to the opacity and complexity of large models;

 Inability to appeal AI model outcomes;

 Breach of privacy through the leakage or inference of personal data.

To manage AI risks,  policymakers must create strategies that enhance data transparency, and oversight to reduce 

bias and discrimination. Strict adherence to privacy standards and secure data management practices are essential 
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to protect users' personal information. Additionally, providing the right to appeal AI outcomes audit processes 

will foster societal trust and encourage responsible use of AI systems (Darı & Koçyiğit, 2024).

Developers, Institutions, and Policymakers: The Multilayered Nature of Responsibilities

Responsibility in AI systems is not limited to a single actor, but requires contributions from multiple stakeholders, 

ranging from data providers and developers to user institutions and regulators. This multilayered structure reveals 

specific areas of responsibility at every stage of the AI lifecycle and underscores that ethical practices must be 

maintained throughout the process. The ethical evaluation of AI systems should consider not only their outputs  

but also their design decisions, data selection, and usage contexts. Accountability is a critical principle in this  

process  and  requires  transparent  oversight  not  only  of  the  results  but  also  of  the  decision-making  and 

implementation processes (Jain et al., 2025).

Developers are responsible for ensuring that AI systems operate in a secure, fair, and ethical manner, but this  

responsibility is not merely technical—it also carries societal and ethical dimensions. Institutions and regulatory  

bodies should share this responsibility, ensuring that AI applications remain within legal and ethical boundaries.  

Policymakers must develop the necessary laws for the responsible use of AI and raise awareness in society. These 

shared responsibilities are vital to ensuring that artificial intelligence technologies are implemented in a safe,  

transparent, and fair manner within society (Safdar et al., 2020).

In a comprehensive framework, the components of the multilayered structure that strategy developers should 

consider are as follows (Villegas-Ch, & García-Ortiz, 2023):

 Data Protection Policies and Practices: To ensure the security of data used in AI systems, robust data 

protection policies and practices must be developed to prevent unauthorized access and protect data 

privacy.

 Data Anonymization Techniques: Anonymizing or de-identifying data while preserving individual 

identities is a critical technique to ensure that data usage does not lead to privacy violations.

 Data Encryption: Encryption techniques should be applied to secure data during transmission and 

storage, ensuring that data cannot be accessed or altered by unauthorized individuals.

 Access Monitoring and Audits: Continuous monitoring and audit mechanisms should be established 

to track AI system access and detect unauthorized access attempts.

 Privacy Assessments: Regular privacy assessments should be conducted to ensure compliance with 

applicable privacy regulations during the processing of personal data.

 Security Assessments: Comprehensive security assessments should be performed to identify potential 

security vulnerabilities and threats in AI systems.

These approaches and measures ensure that security and privacy are fully considered within the framework and 

that clear boundaries are established between the two. Such measures are thought to provide strong and reliable  

protection during the use process of AI systems. By maintaining these boundaries, AI systems can operate securely 
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without compromising personal data. Ultimately, integrating security and privacy from the outset is critical to the 

sustainable and ethical deployment of AI technologies (Wachter & Mittelstadt, 2019).

The Future of AI Technologies: Projections and Trends

The future of AI technologies is shaped by both current developments and societal trends. These technologies will 

continue to transform human life, but the manner in which this transformation occurs will largely depend on  

ethical and societal responsibilities. The progression of AI technologies will be shaped not only by technical  

innovations but also by societal values and ethical principles. As AI continues to evolve, its integration into  

everyday life will require careful consideration of its impacts on individuals and communities. Ultimately, the 

future of AI must balance innovation with respect for human rights and societal welfare (Brasioli et al., 2025).

AI research is increasingly focused on developing more complex, autonomous systems that can make human-like 

decisions. This trend will facilitate the broader application of AI across various domains but will also introduce  

new ethical, security, and privacy challenges. This necessitates questioning not only technological advancement 

but also how these advancements can be harmonized with societal responsibility. As AI systems gain more 

autonomy, establishing clear ethical guidelines will be essential to mitigate potential risks. This will ensure that 

AI development aligns with human values and supports the greater good (Kaur & Singh, 2025).

Some of the primary trends in AI development are (Baker & Caton, 2025):

 Explainable AI (XAI): One primary trend is research into explainable AI. Explainability ensures that 

users understand how and why AI systems make decisions. This will increase the safety and societal 

acceptance of AI systems. Explainable AI is crucial for auditing and accountability. The transparency 

of these technologies will help gain societal trust. As AI systems become more complex, the need for 

explainability will grow, requiring clearer insights into their decision-making.

 Ethical AI: A major trend focuses on the development of ethical AI. Ethical AI ensures that AI 

systems are designed and operate according to societal values, cultures, and ethical norms. This trend is 

critical for ensuring AI is not only efficient but also fair, equitable, and secure. As AI technologies 

impact various aspects of life, establishing ethical guidelines will be key to maintaining their alignment 

with human rights and social justice.

 Societal Impacts and Sustainability: The societal impacts and sustainability of AI will become a key 

part of future AI work. AI's effects on human life will be felt socially, culturally, and environmentally, 

as well as economically and technically. Therefore, the design of AI systems should offer opportunities 

for a more just and sustainable society, rather than deepening inequalities. Incorporating sustainability 

into AI design will ensure that technology contributes to long-term well-being.

Ultimately,  the future of AI technologies will  be shaped not only by technical innovations but also by the  

fulfillment  of  ethical,  legal,  and  social  responsibilities.  Collaboration  between developers,  institutions,  and 

policymakers  will  ensure  adaptation  to  AI-based  systems  through  technical  solutions  as  well  as  ethical  
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compliance. Therefore, designing future AI applications to be sensitive to social values, individual rights, and 

environmental sustainability will also be decisive in the development processes of new technologies (Çela et al.,  

2025).
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Chapter Highlights 

 Machine  learning  is  fundamentally  a  data-driven  approach  in  which  systems  learn  patterns  from 

examples rather than relying on explicitly programmed rules.

 The primary objective of machine learning is generalization, meaning that models should perform well 

on previously unseen data rather than merely fitting the training set.

 Different machine learning paradigms are distinguished by the type of learning signal they use, including 

labeled data, unlabeled structure, weak or partial supervision, and reward-based interaction with an 

environment.

 Successful machine learning requires an end-to-end workflow that integrates data preprocessing, feature 

or representation design, model training, hyperparameter tuning, and transparent reporting.

 Rigorous evaluation practices, such as proper data splitting and cross-validation, are essential to obtain  

reliable estimates of real-world model performance and to avoid data leakage.

 Well-established algorithms such as regularized linear models, decision tree ensembles, and support 

vector machines remain highly effective when carefully tuned and appropriately validated.
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Introduction

Machine learning (ML) is a discipline dedicated to the design and development of computational systems capable 

of autonomously improving their performance through exposure to data, rather than relying on static, explicitly 

programmed  instructions  (Jordan  &  Mitchell,  2015;  Domingos,  2012).  This  approach  addresses  a  central 

limitation of traditional rule-based programming: many complex, pattern-based tasks that are intuitive for humans

—such  as  visual  recognition,  natural  language  understanding,  and  anomaly  detection—are  extraordinarily 

difficult to formalize into exhaustive logical statements. ML bridges this gap by employing algorithms that induce 

decision rules from empirical examples, positioning it as a foundational methodology for modern, data-centric 

scientific and industrial applications (LeCun et al., 2015; Bengio et al., 2013). At its most essential, ML provides 

a systematic framework for answering a critical question: How can a computational system leverage historical  

observations to enhance its predictive or decision-making capabilities for future instances? (Jordan & Mitchell,  

2015).

A fundamental principle that distinguishes ML from mere curve-fitting or memorization is its core objective of 

generalization. This refers to a model's capacity to maintain high performance on novel, previously unseen data 

drawn from the same underlying distribution as the training set (Geman et al., 1992; Stone, 1974). A common and 

consequential misconception in early learning is to equate high accuracy on the training dataset with successful 

learning. A model may overfit by memorizing training samples or capturing spurious noise unique to that dataset, 

thereby achieving deceptively high training performance while failing catastrophically in real-world deployment  

(Geman et al., 1992; Dietterich, 1998). Consequently, mastering ML necessitates an understanding of it as an  

iterative,  experimental  practice.  This  practice  is  governed  by  a  rigorous  workflow  that  prioritizes  robust 

evaluation, proper validation techniques, and transparent documentation of methods and results (Stone, 1974).

This chapter is structured to provide an accessible yet conceptually rigorous introduction to machine learning for 

undergraduate students. It begins by defining the field and its primary categorical paradigms, establishing the 

crucial link between learning, model complexity, and the pursuit of generalization. Following this conceptual  

groundwork, the chapter outlines the standard ML project lifecycle—encompassing data preprocessing, model 

training,  validation,  and evaluation.  It  then surveys  major  families  of  learning algorithms,  explaining their  

operational principles and typical use cases at a high level (Domingos, 2012). 

Machine Learning: A Data-Driven Paradigm

Machine learning (ML), a critical sub-discipline of artificial intelligence, refers to computational methods that  

allow systems to autonomously identify patterns within data and thereby enhance their performance on specified 

tasks, without the need for manually programmed, explicit rules (Janiesch et al., 2021; Bernardes, 2024; Puppala, 

2025). This represents a fundamental shift from traditional programming. In conventional software development, 

engineers must anticipate all possible scenarios and encode precise logical instructions to govern system behavior. 

In contrast, ML transfers this burden from the programmer to the dataset itself. Within this paradigm, practitioners 
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provide representative data, define a quantifiable objective—such as the minimization of prediction error—and 

implement algorithms that automatically induce models capable of generalizing beyond the specific examples  

presented during training (Simeone, 2017; Kubát, 2017).

This  inductive,  data-centric  methodology  is  uniquely  suited  to  addressing  complex,  high-dimensional,  and 

evolving problems where formulating exhaustive rules is impractical or impossible. Once the training phase is  

complete, the resultant model operates as an inference engine, enabling predictions, classifications, or automated 

decisions on novel instances. Practical applications are vast, encompassing spam filtering, image recognition,  

financial forecasting, and beyond. Consequently, ML has transitioned from a research specialty to a foundational 

technology  powering  contemporary  innovation,  from  personalized  recommendation  engines  to  advanced 

autonomous systems.

The Nature of “Learning” in Machine Learning

In machine learning, the concept of "learning" is defined operationally as the systematic improvement of a 

system's performance on a task through exposure to data, which constitutes its experience. Formally, the process 

involves providing an algorithm with a dataset and a well-defined task objective. The system then engages in an 

iterative  optimization  procedure,  methodically  adjusting  its  internal  parameters  to  enhance  a  predefined 

performance metric, such as classification accuracy or the reduction of prediction error (Edwards et al., 2020;  

Karthick, 2024). Thus, learning in this context is not a singular event but a continuous search for the optimal 

parameter configuration that maximizes performance given the constraints and information present in the training 

data.

A defining characteristic of this process is its reliance on learning from examples rather than from pre-coded rules. 

Instead of executing deterministic logical statements, ML systems perform inductive inference, deriving general 

principles from a multitude of specific data points. While this bears a loose analogy to human experiential  

learning, a key distinction lies in data efficiency. Human cognition can often achieve reliable generalization from 

limited examples by leveraging prior knowledge and contextual reasoning. Most current ML models, however, 

typically require large-scale, high-quality datasets to attain similar levels of robustness and reliability, as their  

performance is directly correlated with the breadth and representativeness of their training experience (Cohen,  

2021).

A core capability enabled by this example-based learning is pattern discovery. Through sophisticated statistical  

and computational techniques, ML algorithms can uncover latent structures, correlations, and relationships within 

data that are not readily apparent through manual analysis. For instance, when applied to large-scale transactional 

data, a model might reveal subtle, non-linear factors influencing consumer purchasing behavior, thereby providing 

organizations with actionable insights for data-informed decision-making (Alpaydin, 2021). This capacity to 

extract and leverage meaningful patterns from complexity is a primary driver for ML adoption across diverse 

fields such as finance, healthcare, and educational technology.
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Model Building and the Imperative of Generalization

The culmination of the learning process is the construction of a model. This model is a formal mathematical 

abstraction—whether a function, a set of learned parameters, or a probabilistic graph—that encapsulates the  

discovered knowledge. It serves as a mapping from input features to desired outputs, such as labels, predictions,  

or actions (Janiesch et al., 2021; , 2021). This abstraction is pivotal, as it represents a distilled understanding of  

the training data's underlying patterns, moving beyond simple memorization.

The ultimate quality and utility of any machine learning system are predominantly determined by this model's  

ability to generalize. Generalization refers to the model's capacity to maintain accurate and reliable performance  

when applied to new, previously unseen data that originates from the same underlying distribution as the training 

set. The central challenge in ML is to avoid overfitting, where a model learns the noise and specific idiosyncrasies 

of the training data at the expense of the general signal. Therefore, the success of an ML project is measured not  

by its performance on familiar training data, but by its effective and accurate operation in novel, real-world 

scenarios. This principle places generalization at the heart of both evaluating and designing machine learning 

systems.

Main Paradigms of Machine Learning

Machine learning is not a monolithic field but rather a collection of distinct learning paradigms, each shaped by 

the nature of the problem at hand and the type of data available. These paradigms are primarily differentiated by 

the  source  and  structure  of  the  learning  signal  provided  to  the  algorithm (Hsu,  2022;  Wang,  2025).  The 

fundamental distinction lies in whether the data is labeled and whether the system learns through interaction with 

an environment. The following table provides a comparative summary of the four main paradigms, outlining their 

core principles, data requirements, and typical application domains.

Table 1. Key Machine Learning Paradigms and Their Purposes

Paradigm Core Principle Data Requirement Typical Tasks

Supervised 

learning

Learn from labeled input – 

output pairs

Labeled dataset (features 

& target variables).
Classification, regression

Unsupervised 

learning

Find structure in unlabeled 

data

Unlabeled dataset 

(features only).

Clustering, 

dimensionality reduction

Semi-supervised 

learning

Combine few labels with 

many unlabeled points

Small labeled dataset + 

large unlabeled dataset.
Low-label settings

Reinforcement 

learning

Learn by trial and error via 

rewards

An interactive 

environment.
Control, robotics, games

The comparison in Table clarifies the operational framework of each paradigm. Supervised learning requires an 

explicit target variable for predicting future outcomes from historical data (Hsu, 2022; Wang, 2025; Badillo et al., 
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2020), while unsupervised learning analyzes unlabeled data for exploration and preprocessing (Hsu, 2022; Wang, 

2025; Janiesch et al., 2021). Semi-supervised learning offers a practical hybrid, merging these approaches for 

resource efficiency in real-world scenarios where labeling is costly (Lu et al., 2024). Reinforcement learning is 

fundamentally distinct, requiring continuous interaction with a dynamic environment rather than a static dataset 

and focusing on optimizing a long-term objective  (Alpaydin, 2021; Janiesch et  al.,  2021; Du et  al.,  2025). 

Therefore, the choice of paradigm is dictated by the answers to the questions: “What do we know?” (labels),  

“What  are  we  trying  to  understand?”  (structure),  and  “How does  the  system receive  feedback?”  (learning 

signal).

Categories of Machine Learning

Supervised Learning

Supervised learning is a central paradigm in contemporary machine learning, characterized by the use of labeled 

data to train algorithms that predict outcomes or classify observations. In supervised settings, each training 

instance consists of an input vector and a corresponding target output (label), and the overarching objective is to  

learn a function that maps inputs to outputs with minimal error on new, unseen data (Shetty et al., 2022; Singh,  

Thakur,  & Sharma,  2016).  Conceptually,  this  process  resembles  learning  under  guidance:  the  algorithm is 

repeatedly exposed to examples of “questions” (inputs) paired with “correct answers” (labels) and incrementally 

adjusts its internal parameters so that it can respond accurately when presented with novel questions (Baladram,  

Koike, & Yamada, 2020).

Supervised learning problems are commonly divided into classification and regression, depending on the nature 

of the target variable. In classification tasks, the target variable is categorical (e.g., disease vs. no disease, spam 

vs. not spam), and the model aims to assign each instance to one of a finite set of predefined classes (Sen, Hajra,  

& Ghosh, 2019). In regression tasks, by contrast, the target variable is continuous (e.g., blood pressure levels or  

house prices), and the goal is to predict numerical values that approximate the true outcomes as closely as possible 

(Shetty et al., 2022). A wide range of algorithms can be applied to both types of problems, including linear and 

logistic regression, decision trees, random forests,  k-nearest neighbors, support vector machines, and neural 

networks. Each of these methods embodies distinct inductive biases and trade-offs, making them suitable for 

different data characteristics and application contexts (Baladram et al., 2020; Sen et al., 2019).

The supervised learning workflow typically involves several interrelated stages. First, labeled data are collected 

and partitioned into training, validation, and test sets to enable reliable estimation of generalization performance 

(Syed & Lokhande, 2024; Burkart & Huber, 2020). Second, data preprocessing and feature engineering are carried 

out to address missing values, reduce dimensionality, and construct informative predictors that capture relevant 

aspects of the underlying phenomenon (Jiang, Gradus, & Rosellini, 2020; Singh et al., 2016). Third, a suitable 

model class is selected and trained by minimizing a loss function that quantifies prediction error; this optimization 

is commonly performed using gradient-based or related numerical methods (Baladram et al., 2020). Fourth, model 

performance  is  assessed  using  resampling  techniques  such  as  k-fold  cross-validation  and  task-appropriate 
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evaluation metrics (e.g., accuracy, AUC, or mean squared error), which help balance the bias–variance trade-off  

and mitigate overfitting (Pargent, Schoedel, & Stachl, 2023; Rainio, Teuho, & Klén, 2024). Finally, the selected 

model  is  interpreted,  examined for  robustness  and fairness where relevant,  and deployed within real-world 

application settings (Pargent et al., 2023; Burkart & Huber, 2020).

Supervised learning has become pervasive across a wide range of domains, including healthcare, psychology,  

finance,  and drug discovery.  In  clinical  and psychological  research,  supervised models  are  used to  predict 

symptom trajectories, treatment responses, and risks of adverse outcomes from high-dimensional and multimodal 

data sources such as self-reports, neuroimaging, and physiological signals (Jiang et al., 2020; Pargent et al., 2023). 

In medicine more broadly, supervised algorithms underpin diagnostic classifiers, prognostic models, and clinical 

decision support systems, often operating on complex data types such as medical images or genomic profiles (Lo 

Vercio et al., 2020; Pienaar et al., 2025). In drug discovery, supervised learning has been applied to activity  

prediction, toxicity assessment, and molecular property optimization, thereby accelerating early-stage screening 

and design processes (Obaido et al., 2024). Beyond the biomedical domain, applications include spam filtering,  

recommendation systems, credit scoring, fraud detection, and autonomous driving, underscoring the versatility 

and broad impact of supervised approaches (Shetty et al., 2022).

Despite its effectiveness, supervised learning presents important methodological and ethical challenges. Acquiring 

high-quality labeled data is often costly and time-consuming, and label noise can substantially degrade model 

performance (Obaido et al., 2024; Singh et al., 2016). In addition, models may overfit idiosyncratic patterns in the 

training data, leading to poor generalization, particularly in high-dimensional settings with limited sample sizes 

(Jiang et al., 2020; Rainio et al., 2024). Many high-performing models, such as deep neural networks and kernel-

based methods, are also criticized for their lack of transparency, motivating growing interest in explainable and 

interpretable machine learning, especially in high-stakes domains like healthcare and finance (Burkart & Huber, 

2020; Lo Vercio et al., 2020). Furthermore, when training data reflect historical or societal biases, supervised  

models risk perpetuating or amplifying inequities, prompting increased attention to fairness, accountability, and 

responsible deployment (Burkart & Huber, 2020; Pargent et al., 2023).

In summary, supervised learning provides a rigorous, data-driven framework for learning predictive mappings  

from labeled examples and constitutes a cornerstone of modern artificial  intelligence. Ongoing advances in 

algorithms, evaluation methodologies, interpretability, and ethical governance—along with integration with semi-

supervised and unsupervised approaches—are central to realizing the full potential of supervised learning in  

complex, real-world settings (Jiang et al., 2020; Obaido et al., 2024; Rahaman, 2024).

Unsupervised Learning

Unsupervised learning is a core paradigm of machine learning in which algorithms analyze unlabeled data to 

uncover patterns, structures, or relationships without access to explicit target outputs or external reward signals  

(Simeone, 2018). Unlike supervised learning, where models are trained to approximate a known input – output  

mapping, unsupervised methods operate solely on observed inputs and seek to model properties of the underlying 

data distribution or its latent structure (Hinton & Sejnowski, 2018; Simeone, 2018). This paradigm is particularly 
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valuable in modern data-intensive settings, where acquiring reliable labels is expensive, slow, or infeasible, yet  

vast amounts of raw data are readily available (Naeem et al., 2023; Chen et al., 2022; Li, 2024).

In contrast to supervised learning’s predictive orientation, unsupervised learning primarily supports exploratory 

data analysis. Its goals include identifying groups of similar instances, discovering latent dimensions, detecting 

anomalies, and uncovering associations among variables without predefined notions of correctness (Hodeghatta 

& Nayak, 2017; Simeone, 2018). Typical tasks encompass clustering, in which objects are grouped so that  

members within the same cluster share similar characteristics; association rule mining, which reveals frequently 

co-occurring items or events; dimensionality reduction, which compresses high-dimensional observations into a 

lower-dimensional representation; and anomaly detection, which highlights data points that deviate markedly 

from normal patterns (Naeem et al., 2023; Sharma, 2020; Hodeghatta & Nayak, 2017; Usmani et al., 2022). From 

a statistical viewpoint, many unsupervised techniques can be interpreted as learning representations that reflect  

the intrinsic structure of the input space rather than optimizing prediction accuracy (Hinton & Sejnowski, 2018; 

Simeone, 2018).

A broad spectrum of algorithms operationalizes these ideas (see Table 2). Clustering methods, such as k-means, 

hierarchical clustering, DBSCAN, and Gaussian mixture models, are widely used to discover hidden groupings 

or latent subpopulations within data (Eckhardt et al., 2022; Naeem et al., 2023; Wong, 2021). Dimensionality 

reduction  techniques,  including  principal  component  analysis  (PCA),  factor  analysis,  and  multidimensional 

scaling, aim to identify low-dimensional manifolds that capture most of the variance in high-dimensional datasets, 

thereby facilitating analysis, visualization, and noise reduction (Eckhardt et al., 2022; Naeem et al., 2023; Wong, 

2021; Simeone, 2018). Association rule learning algorithms, such as Apriori, ECLAT, and FP-growth, focus on 

extracting frequent patterns and co-occurrence rules, particularly in transactional and market-basket data (Naeem 

et al., 2023; Hodeghatta & Nayak, 2017). More recently, deep unsupervised and self-supervised approaches, 

including autoencoders, contrastive learning, and representation learning frameworks, have become central to 

learning transferable features from raw data in vision, language, and multimodal contexts (Chen et al., 2022; Gui 

et al., 2023; Zhou & Xu, 2025).

Unsupervised learning underpins applications across a wide range of domains. In healthcare, clustering and 

dimensionality reduction techniques are used to analyze high-dimensional clinical and imaging data, identify  

latent  patient  subgroups,  and  support  personalized or  precision  medicine  initiatives  (Eckhardt  et  al.,  2022; 

Pantanowitz et al., 2024). In communications and networking, unsupervised models characterize traffic patterns,  

detect  anomalies,  and inform data-driven communication strategies  when labeled outcomes are  unavailable  

(Simeone,  2018).  In  industrial  systems and  cybersecurity,  unsupervised  anomaly  detection  frameworks  are 

employed to identify unusual behaviors that may signal faults, failures, or intrusions (Eppa, 2025; Usmani et al.,  

2022). More broadly, unsupervised learning plays a key role in market segmentation, recommendation systems,  

fraud  detection,  and  other  data-rich  settings  where  meaningful  structure  must  be  inferred  directly  from 

observations (Naeem et al., 2023; Eppa, 2025; Hodeghatta & Nayak, 2017).
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Despite its strengths, unsupervised learning poses distinct methodological challenges. In the absence of labeled  

ground truth, evaluation and model selection are inherently difficult: different algorithms or parameter choices 

can yield divergent clusterings or representations, with no definitive criterion for determining which solution is 

“correct”  (Watson,  2023).  Critical  design  decisions—such  as  the  number  of  clusters,  choice  of  similarity  

measures,  or  dimensionality  of  latent  spaces—can substantially  influence results,  and many algorithms are 

sensitive to noise and outliers (Watson, 2023; Sharma, 2020). Interpretability constitutes another major concern, 

as the discovered structures do not necessarily correspond to meaningful or actionable domain concepts, raising 

epistemic and ethical questions about how such patterns should inform decision-making processes (Watson, 2023; 

Pantanowitz et al., 2024).

Table 2. Core Types and Examples of Unsupervised Learning

Type of task Main goal Typical algorithms / examples

Clustering Group similar instances 

into clusters

K-means, hierarchical, DBSCAN, 

Gaussian mixtures

Dimensionality 

reduction

Compress data, reveal 

low-dimensional structure

PCA, factor analysis, 

multidimensional scaling

Association rule 

mining

Find frequent co-occurring 

items/patterns

Apriori, ECLAT, FP-growth

Anomaly/outlier 

detection

Detect unusual or rare 

behaviors

Clustering-based, 

reconstruction-based, density models

Deep representation 

learning

Learn rich features from 

unlabeled data

Autoencoders, 

contrastive/self-supervised methods

Nevertheless, the capacity to leverage vast amounts of unlabeled data has made unsupervised learning increasingly 

central to modern artificial intelligence. It provides principled mechanisms for organizing and compressing data,  

discovering latent  structure,  and learning general-purpose representations that can be reused in downstream 

supervised tasks (Naeem et al., 2023; Chen et al., 2022; Gui et al., 2023). As research progresses in self-supervised 

and hybrid learning paradigms, unsupervised methods are poised to play a foundational role in building more  

data-efficient, adaptable, and scalable intelligent systems (Watson, 2023; Chen et al., 2022; Gui et al., 2023).

Semi-Supervised and Weakly Supervised Learning

Semi-supervised learning (SSL) and weakly supervised learning (WSL) occupy an intermediate position between 

classical  supervised  and  unsupervised  paradigms,  directly  addressing  the  growing  mismatch  between  the  

abundance of raw data and the scarcity or imperfection of labels. In many real-world applications—such as  

medical imaging, industrial monitoring, natural language processing, and web-scale computer vision—obtaining 

accurate, instance-level annotations is costly, time-consuming, or even infeasible, whereas unlabeled or weakly 

labeled data are readily available at scale (Van Engelen & Hoos, 2019; Zhou, 2018; Ren et al., 2023; Martínez-

Heredia & Ventura, 2025; Qi & Luo, 2019). These learning regimes aim to exploit imperfect supervision in order 
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to construct predictive models that are more accurate and data-efficient than purely unsupervised approaches,  

while substantially reducing the annotation burden associated with fully supervised learning.

Semi-Supervised Learning

Semi-supervised learning leverages a small set of labeled examples together with a typically much larger pool of  

unlabeled data to improve performance on tasks such as classification, regression, and clustering (Van Engelen & 

Hoos, 2019; Nartey et al., 2020; Zhu & Goldberg, 2009). Conceptually, SSL lies between supervised learning,  

where all training instances are labeled, and unsupervised learning, where no labels are available (Van Engelen & 

Hoos, 2019; Song et al., 2021; Zhu & Goldberg, 2009). The core intuition behind SSL is that unlabeled data  

contain  valuable  information  about  the  structure  of  the  input  space—such  as  cluster  organization  or  low-

dimensional  manifolds—that  can  be  exploited  to  regularize  decision  boundaries  and  learn  more  robust  

representations (Van Engelen & Hoos, 2019; Song et al., 2021; Yang et al., 2021; Qi & Luo, 2019).

In typical SSL scenarios, labeled data are expensive or difficult to obtain (e.g., expert-annotated medical images, 

industrial quality labels, or linguistic annotations), while unlabeled data are inexpensive and abundant (Van 

Engelen & Hoos, 2019; Cacciarelli & Kulahci, 2025; Li et al., 2024). To exploit this asymmetry, SSL methods  

rely on assumptions linking the data distribution to labels, including the cluster assumption (points in the same  

cluster tend to share a label), the low-density separation assumption (decision boundaries should pass through 

regions of low data density), and various smoothness or manifold assumptions (Van Engelen & Hoos, 2019; Song 

et al., 2021; Mey & Loog, 2022; Qi & Luo, 2019). When these assumptions hold, unlabeled data can significantly 

improve generalization beyond what is achievable with labeled data alone. However, when assumptions are 

violated, incorporating unlabeled data may degrade performance, highlighting the need for careful modeling and 

validation (Van Engelen & Hoos, 2019; Mey & Loog, 2022).

Algorithmically, SSL encompasses a diverse family of approaches, including generative models that estimate joint 

or conditional data distributions, graph-based methods that propagate labels across similarity graphs, margin-

based methods adapted to semi-supervised settings, and self-training or pseudo-labeling schemes that iteratively 

assign labels to confident unlabeled examples (Van Engelen & Hoos, 2019; Song et al., 2021; Yang et al., 2021; 

Zhu  & Goldberg,  2009).  In  the  context  of  deep  learning,  semi-supervised  techniques  such  as  consistency 

regularization,  semi-supervised  generative  modeling,  and  pseudo-labeling  have  become  prominent,  often 

formulated as the combination of a supervised loss on labeled samples and an unsupervised or consistency loss 

on unlabeled data (Yang et al., 2021; Qi & Luo, 2019). These methods have demonstrated strong empirical  

performance in domains including medical image analysis, industrial predictive modeling, and fine-grained visual 

recognition, where large unlabeled datasets coexist with limited high-quality labels (Ren et al., 2023; Cacciarelli 

& Kulahci, 2025; Nartey et al., 2020; Li et al., 2024; Qi & Luo, 2019).

Weakly Supervised Learning
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Weakly supervised learning generalizes the idea of limited supervision by relaxing the requirement for strong,  

fully accurate labels and allowing multiple forms of imperfect supervision. Rather than assuming precise instance-

level ground truth, WSL encompasses settings in which labels are incomplete, coarse-grained, or noisy, yet still  

informative enough to train effective models (Zhou, 2018; Ren et al., 2023; Basu, 2019; Martínez-Heredia & 

Ventura, 2025). A widely adopted taxonomy distinguishes three primary forms of weak supervision: incomplete 

supervision, where only a subset of instances is labeled; inexact supervision, where labels are coarse (e.g., bag-

level labels in multi-instance learning or case-level labels instead of pixel-level annotations); and inaccurate  

supervision, where labels are corrupted or noisy and may not always correspond to the true class (Zhou, 2018; Li 

et al., 2021; Ren et al., 2023; Basu, 2019; Martínez-Heredia & Ventura, 2025; Yang et al., 2021; Qi & Luo, 

2019).

From this perspective, semi-supervised learning can be viewed as a prototypical instance of weak supervision  

corresponding to incomplete supervision, since only a subset of data points carries labels while the remainder 

remains unlabeled (Zhou, 2018; Li et al., 2021; Basu, 2019; Martínez-Heredia & Ventura, 2025; Yang et al.,  

2021). Other WSL paradigms include learning with noisy labels, partial or ambiguous labeling, and multi-instance 

learning, all of which trade label precision or granularity for increased scalability and reduced annotation costs  

(Zhou, 2018; Li et al., 2021; Basu, 2019; Martínez-Heredia & Ventura, 2025; Sun et al., 2020; Zhou et al., 2025). 

The appeal of WSL is particularly pronounced in medical imaging and radiology, where fine-grained annotations 

are prohibitively expensive, but weaker signals—such as image-level diagnoses, clinical reports, or automatically 

mined labels—can still support effective deep learning models (Ren et al., 2023; Misera et al., 2024).

A central  challenge  in  weakly  supervised learning concerns safety  and robustness.  Unlike fully  supervised 

learning, incorporating additional weakly supervised data does not always guarantee improved performance and 

may sometimes lead to degradation (Li et al., 2021; Mey & Loog, 2022). This risk has motivated research on safe 

weakly supervised learning, ensemble strategies, and robust optimization objectives that aim to ensure non-

decreasing or worst-case-bounded performance gains when combining multiple weak supervision sources (Li et  

al., 2021; Mey & Loog, 2022). Recent work also explores principled frameworks for integrating heterogeneous 

weak signals—such as noisy annotators, heuristic rules, or similarity-based cues—and for correcting or denoising 

labels while controlling error propagation (Li et al., 202; Tate et al., 2025; Zhou et al., 2025).

Taken together,  semi-supervised and weakly  supervised learning provide  a  conceptual  and practical  bridge 

between idealized supervised learning and the imperfect supervision that dominates real-world data. By explicitly 

modeling and exploiting unlabeled and weakly labeled data, these paradigms aim to reduce annotation costs, 

unlock  previously  underutilized  data  sources,  and  enable  scalable  learning  in  data-rich  yet  label-scarce 

environments (Van Engelen & Hoos, 2019; Zhou, 2018; Ren et al., 2023; Martínez-Heredia & Ventura, 2025; 

Yang et al., 2021; Qi & Luo, 2019).

Reinforcement Learning
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Reinforcement learning (RL) is a major paradigm in machine learning focused on sequential decision-making 

under  uncertainty.  Instead  of  learning  from labeled  examples,  an  RL agent  learns  by  interacting  with  an 

environment, choosing actions, and receiving scalar feedback in the form of rewards or punishments over time  

(Shakya et al., 2023; François-Lavet et al., 2018; Kaelbling et al., 1996; Sutton & Barto, 2005). The objective is  

to learn a policy – a mapping from states to actions—that maximizes the cumulative (often discounted) reward,  

making RL well suited to tasks where actions have long-term consequences rather than immediate, one -shot 

outcomes (François-Lavet et al., 2018; Kaelbling et al., 1996; Yu et al., 2019; Sutton & Barto, 2005).

Conceptually, RL is often formalized using Markov decision processes (MDPs), in which an agent observes a  

state, selects an action, transitions to a new state, and receives a reward, repeating this cycle over discrete time  

steps (Naeem et al., 2020; Kaelbling et al., 1996; Yu et al., 2019; Sutton & Barto, 2005). This framework captures 

key  challenges  not  addressed  by  standard supervised  or  unsupervised  learning,  including  delayed rewards,  

stochastic  transitions,  and  the  need  to  balance exploration (trying  new  actions  to  gain  information) 

and exploitation (using current knowledge to obtain high reward) (Naeem et al., 2020; François-Lavet et al., 2018; 

Kaelbling et al., 1996; Yu et al., 2019). Classical dynamic programming methods can solve small MDPs with  

known dynamics, but RL extends these ideas to large or unknown environments by learning value functions and 

policies directly from experience using techniques such as temporal-difference learning, Q-learning, and policy 

gradient methods (François-Lavet et al., 2018; Kaelbling et al., 1996; Yu et al., 2019; Sutton & Barto, 2005;  

Gosavi, 2009).

Recent advances in deep reinforcement learning (DRL), which combine RL with deep neural networks, have 

dramatically extended the range of solvable problems. Deep networks serve as powerful function approximators  

for value functions and policies, enabling agents to operate in high-dimensional state spaces such as raw images 

or sensor streams (Shakya et al., 2023; Naeem et al., 2020; Sewak, 2020; Nian et al., 2020). DRL methods have  

achieved superhuman performance in complex games, robust control  in robotics,  and adaptive strategies in 

domains like healthcare, energy management, finance, and industrial process control (Shakya et al., 2023; Naeem 

et al., 2020; Sewak, 2020; Littman, 2015; Wörgötter & Porr, 2019; Nian et al., 2020; Sivamayil et al., 2023; Al-

Hamadani et al., 2024). These successes have made RL a central tool for designing autonomous systems that must 

learn to act effectively in dynamic, uncertain, and partially known environments.

Despite this progress, RL remains challenging: sample inefficiency, stability and safety of learning, reward design, 

and deployment in real-world systems with constraints and partial observability are active research topics (Shakya 

et al., 2023; Sewak, 2020; Littman, 2015; Wörgötter & Porr, 2019; Nian et al., 2020; Sivamayil et al., 2023; Al-

Hamadani et al., 2024). Nevertheless, the ability to learn from evaluative feedback and experience positions 

reinforcement learning as a foundational component of modern artificial intelligence and control.

Main Characteristics of Reinforcement Learning
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While supervised, unsupervised, and semi-supervised learning paradigms primarily focus on learning from static 

datasets, reinforcement learning (RL) addresses a fundamentally different class of problems in which learning 

arises through sequential interaction with an environment. Rather than relying on labeled examples or weak 

supervision, reinforcement learning agents learn by taking actions, observing their consequences, and receiving 

feedback in the form of scalar reward signals. This interaction-driven perspective makes reinforcement learning 

particularly well suited to dynamic, decision-making tasks where outcomes depend on long-term consequences 

rather than immediate correctness.

Table 3. Core Elements and Properties of Reinforcement Learning.

Aspect Brief description

Learning signal Scalar rewards, often delayed and stochastic

Problem formulation Markov decision processes, sequential decisions

Core challenge Exploration–exploitation trade-off

Key algorithms TD learning, Q-learning, policy gradients, actor–critic

Modern extension Deep reinforcement learning with neural networks

Table X summarizes the main characteristics of reinforcement learning, highlighting how RL differs from other 

machine learning paradigms in terms of learning signals, problem formulation, and algorithmic challenges. First, 

the learning signal in RL consists of scalar rewards, which are often delayed and stochastic, meaning that the 

quality of an action may only become apparent after many subsequent steps (Shakya et al., 2023; François-Lavet 

et al., 2018; Kaelbling et al., 1996; Yu et al., 2019; Sutton & Barto, 2005). This contrasts sharply with supervised 

learning, where immediate and explicit error feedback is available for each training instance.

Second, reinforcement learning problems are typically formalized using Markov decision processes (MDPs), 

which provide a mathematical framework for modeling sequential decision-making under uncertainty. Within this 

framework,  an  agent  observes  states,  selects  actions  according  to  a  policy,  transitions  to  new states,  and 

accumulates rewards over time (Naeem et al., 2020; Kaelbling et al., 1996; Yu et al., 2019; Sutton & Barto, 2005). 

This sequential structure introduces dependencies across time steps and requires the agent to reason about long-

term returns rather than isolated predictions.

A central challenge in reinforcement learning is the exploration–exploitation trade-off. Agents must balance 

exploiting actions that are known to yield high rewards with exploring uncertain actions that may lead to better  

outcomes in the future (Naeem et al., 2020; François-Lavet et al., 2018; Kaelbling et al., 1996). Effective learning 

depends critically on managing this trade-off, as insufficient exploration can trap the agent in suboptimal behavior, 

while excessive exploration can hinder convergence.

The table also outlines core algorithmic families in reinforcement learning, including temporal-difference (TD)  

learning, Q-learning, policy gradient methods, and actor–critic architectures. These approaches differ in how they 

represent and optimize policies or value functions, but all aim to estimate expected long-term rewards from 

experience rather than from labeled examples (François-Lavet et al., 2018; Kaelbling et al., 1996; Yu et al., 2019; 

Sutton & Barto, 2005; Gosavi, 2009).
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Finally, Table X highlights deep reinforcement learning as a modern extension that integrates reinforcement 

learning with deep neural networks. By using neural networks as function approximators for policies or value 

functions, deep reinforcement learning enables RL agents to operate in high-dimensional state spaces such as  

images, sensor streams, or raw signals (Shakya et al., 2023; Naeem et al., 2020; Sewak, 2020; Nian et al., 2020). 

This development has significantly expanded the applicability of reinforcement learning to complex real-world 

problems, including robotics, autonomous systems, and large-scale control tasks.

The Machine Learning Workflow

Modern machine learning (ML) projects are best understood as end-to-end workflows rather than isolated model-

building steps. Across application domains such as medicine, environmental science, and construction, empirical 

evidence consistently shows that predictive performance, robustness, and real-world usefulness depend not only  

on the choice of learning algorithm but also—often more critically—on how data are prepared, features are  

constructed, and models are evaluated (Golazad et al., 2024; Pfob et al., 2022). Consequently, contemporary ML 

practice emphasizes systematic pipelines that integrate multiple stages, from raw data handling to transparent  

reporting.

Table 4. Core Stages and Roles in the Machine Learning Workflow

Stage Core role in pipeline

Data preprocessing Clean, transform, and structure raw data

Feature engineering & representation Construct or learn informative, often interpretable features

Model training & hyperparameter tuning Fit models and optimize configuration for target tasks

Reproducibility & reporting Ensure transparent, traceable, and reusable ML analyses

As seen Table 4, a typical machine learning workflow comprises data preprocessing, feature engineering and 

representation learning, model training and hyperparameter tuning, and reproducible reporting and documentation 

(Chai et al., 2023; Mumuni & Mumuni, 2024). These stages are tightly coupled: decisions made early in the  

pipeline constrain later modeling choices and directly influence the credibility of reported results.

Data Preprocessing

Data preprocessing focuses on transforming raw, heterogeneous, and often noisy data into a form suitable for  

analysis. Common preprocessing steps include data cleaning, handling missing values, outlier detection and 

treatment, normalization or standardization, and encoding of categorical variables (Rao et al., 2023; Yasodha, 

2025). Systematic reviews across multiple domains demonstrate that poorly designed or ad hoc preprocessing can 

introduce  bias,  amplify  spurious  correlations,  and  reduce  generalizability,  whereas  carefully  selected 

preprocessing strategies substantially improve model accuracy and stability (Golazad et al., 2024; Shahidi et al., 

2025).  To  address  these  challenges,  automated  and  standardized  preprocessing  pipelines  are  increasingly 
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proposed, particularly to support non-expert practitioners and to reduce variability in analytical practice (Mumuni 

& Mumuni, 2024).

Feature Engineering and Representation Learning

Beyond basic data cleaning, feature engineering and representation learning determine how domain information 

is  presented  to  learning  algorithms.  In  many structured-data  applications,  handcrafted  feature  construction,  

selection, and transformation remain essential for embedding domain expertise into models (Mumuni & Mumuni, 

2024; Xiao et al., 2023). In contrast, for high-dimensional or multimodal data, learned representations—obtained 

through matrix factorization, deep neural networks, or fuzzy and information-theoretic approaches—play a central 

role (Yan et al., 2025).

Recent studies emphasize that effective feature design requires balancing predictive performance, interpretability, 

and  computational  cost.  Moreover,  incorporating  domain  structure—such  as  physical  symmetries,  spatial  

relationships, or chemistry–structure coupling—can significantly enhance generalization and robustness (Alam et 

al.,  2025; Xiao et al.,  2025). Thus, feature engineering is not merely a technical step but a key site where  

methodological rigor and domain understanding intersect.

Model Training and Hyperparameter Tuning

Once features are defined, model training and hyperparameter tuning convert prepared data into predictive models. 

Comparative studies in medical and environmental ML underscore the importance of principled data splitting, 

strict avoidance of data leakage, and rigorous cross-validation to obtain trustworthy estimates of generalization 

performance (Pfob et al., 2022). Hyperparameters—such as regularization coefficients, learning rates, or tree  

depths—control model complexity and learning dynamics and must therefore be tuned systematically rather than 

adjusted informally.

To this end, grid search, random search, and increasingly AutoML frameworks are widely adopted to explore  

model and hyperparameter spaces efficiently and reproducibly (Chai et al., 2023; Eldeeb & Elshawi, 2025; Ko & 

Kang, 2025). These approaches help mitigate subjective bias in model selection and improve comparability across 

studies.

Reproducibility and Reporting

Finally, reproducibility and transparent reporting have emerged as central concerns in machine learning research 

and practice. Surveys of applied ML highlight the need for detailed documentation of datasets, preprocessing  

choices, feature representations, model configurations, hyperparameter tuning procedures, and evaluation metrics, 
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alongside sharing code and, where feasible, data (Chai et al., 2023; Pfob et al., 2022). In response, automated  

pipelines and agent-based systems have been proposed to enforce consistent, traceable workflows and to generate 

standardized reports, thereby reducing human error and enhancing repeatability (Ko & Kang, 2025; Raghhul,  

2025).

Overview of Popular Algorithms

Modern machine learning practice relies on a relatively small set of foundational algorithms that have proven 

effective across a wide range of application domains. These algorithms differ in how they balance flexibility,  

interpretability, computational efficiency, and robustness to noise. In supervised learning settings, linear models  

with regularization, decision trees, tree-based ensemble methods (such as random forests and boosting), and 

support vector machines (SVMs) are widely regarded as core techniques for both classification and regression 

tasks in fields ranging from engineering and finance to medicine and the social sciences (Faouzi & Colliot, 2023; 

Ghildiyal et al., 2024; Kumar, 2024).

Rather than being replaced by newer methods, these “classic” algorithms continue to form the backbone of many 

successful ML pipelines. Empirical comparisons consistently show that, when properly tuned and combined with 

sound preprocessing and evaluation practices, they can achieve performance comparable to or even exceeding 

that of more complex models, particularly on structured and tabular data (Fernández-Delgado et al., 2019).

Linear Models with Regularization

Linear models provide a simple and highly interpretable baseline by assuming a linear relationship between 

predictors and the target variable. Despite their apparent simplicity, linear models remain powerful, especially  

when augmented with regularization techniques such as ridge, lasso, or elastic net. Regularization controls model 

complexity, mitigates multicollinearity, and improves generalization in high-dimensional settings (Abdulhafedh, 

2022).  Large-scale  benchmark  studies  demonstrate  that  well-tuned  regularized  linear  models  often  remain 

competitive  with  more  flexible  nonlinear  approaches,  particularly  when  relationships  in  the  data  are  

approximately linear or when interpretability is a priority (Fernández-Delgado et al., 2019).

Decision Trees and Ensemble Methods

Decision trees model data using a sequence of hierarchical if–then rules, producing models that are easy to 

interpret and capable of capturing nonlinear relationships and feature interactions without explicit transformations 

(Mienye & Jere, 2023; Abdulhafedh, 2022). However, individual trees are known to be unstable and prone to 

overfitting, as small changes in the training data can lead to substantially different tree structures.
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To  address  these  limitations,  ensemble  methods  combine  multiple  base  learners  to  improve  predictive  

performance and robustness (González et al., 2020; Mienye & Sun, 2022). Among these, random forests aggregate 

predictions from many randomized trees, substantially reducing variance while retaining some interpretability 

through variable importance measures (Abdulhafedh, 2022). Boosting methods, such as AdaBoost and gradient 

boosting, build models sequentially, with each new learner focusing on correcting the errors of previous ones.  

These approaches frequently achieve state-of-the-art performance on real-world problems, albeit at the cost of  

increased model complexity and reduced transparency (Fernández-Delgado et al., 2019; González et al., 2020; 

Mienye & Sun, 2022).

Support Vector Machines

Support vector machines (SVMs) adopt a fundamentally different perspective by framing learning as a margin 

maximization problem. For classification, SVMs seek decision boundaries that maximize the separation between 

classes; for regression, they aim to fit functions within a specified tolerance margin. Through the use of kernel  

functions, SVMs can implicitly map data into high-dimensional feature spaces, enabling them to model complex 

nonlinear relationships (Faouzi & Colliot, 2023). Comparative reviews consistently identify SVMs—alongside 

random forests and boosted trees—as among the most accurate classical  ML algorithms,  particularly when  

hyperparameters and kernel choices are carefully tuned (Fernández-Delgado et al., 2019; Ghildiyal et al., 2024; 

Kumar, 2024).

Conclusion

This chapter introduced machine learning as a data-driven approach for building systems that improve with  

experience, emphasizing that the real measure of success is generalization—reliable performance on new, unseen 

data—rather than high accuracy on the training set. We contrasted the major learning paradigms (supervised,  

unsupervised, semi-/weakly supervised, and reinforcement learning) by focusing on the type of learning signal  

available (labels, structure, weak labels, or rewards) and the kinds of questions each paradigm is designed to 

answer. We also presented machine learning as an end-to-end workflow—preprocessing, feature/representation 

design, model training and hyperparameter tuning, and reproducible reporting—where methodological choices at 

each stage directly shape validity, robustness, and trustworthiness. Finally, by surveying widely used algorithm 

families (regularized linear models, decision trees and ensembles, and SVMs), we highlighted how practical ML 

balances interpretability, flexibility, and computational cost. With these foundations in place, the next step is to 

apply the workflow to real datasets: formulating clear problem statements, selecting appropriate paradigms and 

metrics, rigorously validating models, and reporting results transparently so that findings can be reproduced and 

responsibly deployed.
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1. Introduction

1.1. AI and the Changing Nature of Research

Artificial intelligence is an interdisciplinary field that develops computational systems capable of emulating 

aspects of human intelligence across tasks such as learning, problem-solving, perception, speech recognition, and 

decision-making (Luckin & Holmes, 2016; Zawacki‐Richter et  al.,  2019). It  encompasses key technologies, 

including machine learning, natural language processing, and artificial neural networks (Zawacki‐Richter et al.,  

2019).

Generative AI, a pivotal subset of AI, utilizes deep learning models, often transformers, to generate human-like 

content, including text, images, audio, or video based on user prompts (Jovanovic & Campbell, 2022; Mutelo,  

2025). In contrast to traditional AI, which relies on fixed rules or patterns, GenAI produces novel and creative  

outputs drawn from learned data distributions (Polat, 2023), positioning it as a major transformative force across 

diverse fields (Panda & Kaur, 2024; Polat, 2023).

At the core of modern generative AI are large language models built on transformer architectures and trained on 

massive text datasets (Carchiolo & Malgeri, 2025; Minaee et al., 2024). These models excel in processing natural 

language for tasks such as text completion, question answering, translation, and summarization (Carchiolo & 

Malgeri,  2025;  Ooi  et  al.,  2023).  Within  academic  research,  LLMs have  emerged  as  "cognitive  partners", 

amplifying human creativity, refining problem formulation, and deepening interpretation in areas such as literature 

reviews, data analysis, and writing (Katsamakas et al., 2024).

Artificial intelligence is transforming scholarly work across research stages as a cognitive partner that augments 

human capabilities rather than merely automating tasks. This shift is evident in literature reviews, data analyses, 

and academic writing, providing increased research efficiency and new research opportunities (Polat, 2023; Wu 

et al., 2024).

In the literature review, AI streamlines processes by generating precise keywords for efficient search and retrieval, 

while also facilitating cross-language research (Pisica et al., 2023). It enhances screening, summarization, and 

synthesis by enabling interactive document analysis and automated extraction of key scholarly information from 

large bodies of literature (Ngwenyama & Rowe, 2024). AI can also map literature and identify trends; however,  

maintaining critical distance is crucial to avoid shallow summaries or hallucinated citations, thereby necessitating 

careful verification (Ngwenyama & Rowe, 2024).

In data analysis, AI transforms the handling of large datasets by enabling more efficient and scalable analytical  

processes (Ekundayo et al., 2024). For qualitative data, AI supports coding and thematic analysis by suggesting 

initial codes and structures (Perkins & Roe, 2024), while researchers retain primary interpretive responsibility 

(Ngwenyama & Rowe, 2024). In quantitative analysis, AI supports data cleaning, exploratory analysis, regression, 

and forecasting (George & Wooden, 2023). Large language models may serve as "statistical assistants" (Ke & 
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Ribeiro, 2025), but researchers must be aware of the underlying assumptions that may not be immediately obvious 

(Ekundayo et al., 2024).

AI tools provide comprehensive support for academic writing. AI tools assist in outlining, structuring, and drafting 

specific sections, and also facilitate research question formulation and hypothesis generation (Katsamakas et al., 

2024; Xu, 2025). Furthermore, AI enhances language and style, providing cross-language support that particularly 

benefits non-native English speakers (Shimray & Subaveerapandiyan, 2025). Although AI assists with citation 

management, cross-checking references remains essential because of potential fabrication (Katsamakas et al.,  

2024). Furthermore, it aids in plagiarism and AI detection (Shimray & Subaveerapandiyan, 2025). However, 

researchers must be aware of its limitations and prioritize originality and transparency in AI usage. AI can also 

simulate reviewer feedback, thereby enhancing writing proficiency (Lo et al., 2025; Luttges et al., 2025). Overall, 

AI functions as a valuable assistant, augmenting research efficiency and effectiveness rather than replacing human 

expertise  and  creativity;  researchers  must  remain  the  primary  decision-makers  and  interpreters  (George  & 

Wooden, 2023).

1.2. Purpose and Scope of the Chapter

This chapter provides a comprehensive exploration of the role of artificial intelligence in academic research, 

tracing its impact and potential applications across the entire research lifecycle, from initial idea generation to the 

final publication stages. This study aims to clarify how AI tools can serve as responsible digital support systems 

that augment human capabilities at each critical juncture.  The central research question is: How can AI tools 

provide responsible digital support throughout the research process?

1.3. Structure of the Chapter

This chapter begins by examining how AI, particularly generative AI and large language models, fundamentally 

reshapes the nature of research.  The chapter distinguishes between traditional  AI automation and the more 

nuanced concept of generative AI as a cognitive partner, emphasizing the capacity of generative AI to facilitate 

creativity, problem framing, and interpretation. Subsequent sections delve into specific phases of research, starting 

with idea generation and the formulation of well-defined research questions, followed by AI-supported literature 

review workflows. The chapter then moves into the design of methodologies and data collection, demonstrating  

how AI can assist in developing instruments and gathering data. A significant portion is dedicated to AI's role in 

data analysis and visualization, including qualitative coding, quantitative analysis, and advanced modeling, while 

highlighting the importance of identifying potential "hidden assumptions" within the AI outputs. The narrative 

progresses  to  AI-supported  academic  writing  and  quality  control,  covering  outlining,  drafting,  language 

refinement, citation management, and crucial aspects of plagiarism detection and originality issues. Finally, the 

chapter  addresses  AI  in  publication  strategy  and  post-publication  dissemination,  before  concluding  with  a 

thorough discussion of the ethical, legal, and integrity considerations inherent in using AI in research and the 

necessity of developing AI literacy and institutional guidelines for its responsible adoption by researchers.
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2. Generative AI as a Cognitive Partner in Research

2.1. From Automation to Augmentation

Generative AI represents a significant shift from traditional AI automation (Polat, 2023), by moving beyond basic 

task execution to  function as a cognitive partner in research. Unlike conventional AI tools, such as statistical  

packages that automate specific predetermined processes, generative AI offers advanced support. This advanced 

AI paradigm focuses on augmenting human capabilities (Fecher et al., 2023), particularly by fostering creativity, 

assisting  in  problem framing,  and  enhancing  interpretation  (Wu et  al.,  2024).  Through  collaboration  with 

researchers, generative AI can stimulate innovative thinking, support the conceptualization of complex problems, 

and deepen analytical  insight  by processing and synthesizing large-scale  information (Minaee et  al.,  2024;  

Ngwenyama & Rowe, 2024), thereby enhancing the intellectual contributions of human researchers (Perkins & 

Roe, 2024).

2.2. Key Capabilities Relevant to Researchers

Generative AI offers researchers a suite of key capabilities that significantly enhance various stages of academic  

research. At its core, it excels in advanced text generation, enabling the drafting of specific manuscript sections, 

refining language, and supporting overall structuring (Katsamakas et al., 2024; Xu, 2025). Furthermore, AI tools 

provide superior summarization and synthesis, efficiently distilling of vast amounts of literature and extraction 

of key information for rapid insight generation. Cross-language support, including seamless translation, further  

democratizes access, particularly for non-native English speakers (Pisica et al.,  2023). In data handling, AI  

delivers coding support for qualitative analysis by suggesting initial codes and thematic structures (Perkins & 

Roe, 2024) and extending to sophisticated information retrieval, such as generating precise keywords for targeted 

searches (Pisica  et  al.,  2023)  and complex reasoning over  documents,  which aids  in  problem framing and 

interpretation.  This  multifaceted  support  is  powered  by  a  burgeoning  ecosystem  of  specialized  platforms, 

including ChatGPT, SciSpace, Avidnote, Jenni, and Paperpal (Bolaños et al., 2024; Zhou et al., 2025).

2.3. Opportunities and Risks

Generative AI serves as a cognitive partner in research, augmenting human capabilities by automating routine 

tasks  to  boost  efficiency,  broadening  access  to  scientific  resources  for  wider  participation,  and  enabling 

interdisciplinary synthesis through novel cross-domain connections (Boyko et al., 2023; Fecher et al., 2023).  

These capabilities allow researchers to dedicate more cognitive resources to creative synthesis, contextualization, 

and innovation, thereby accelerating the scholarly workflow (Fecher et al., 2023; Katsamakas et al., 2024).

However,  this  partnership also entails  substantial  risks,  including hallucinations that  fabricate plausible  yet  

erroneous content, algorithmic biases perpetuated from training data, overreliance that erodes critical skills, and 

data privacy vulnerabilities from cloud-based processing (Bjelobaba et al., 2024; Ooi et al., 2023). Therefore, 

responsible use requires thorough human verification of outputs, vigilance in detecting flaws, and sustained 
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critical thinking to maintain academic integrity. This positions GenAI as a complement to, rather than a substitute 

for human judgment (Binz et al., 2023; Perkins & Roe, 2024). Ultimately, this balanced approach aligns with  

contemporary debates on AI-assisted epistemology, ensuring advances in research ethics and reliability (Boyko 

et al., 2023; Fecher et al., 2023).

3. From Research Idea to Well-Formulated Questions

3.1. Topic Exploration and Idea Generation

Generative  artificial  intelligence  supports  researchers  during  the  early  ideation  phase  by  facilitating  the 

exploration  of  broad  thematic  landscapes  within  a  discipline,  identifying  emerging  trends,  and  mapping 

conceptual gaps through the interactive prompting of large language models (Katsamakas et al., 2024; Nigam et 

al., 2024). For instance, by prompting LLMs to suggest high-impact, novel, or underexplored research directions

—such as “generate topic ideas relating to AI ethics while highlighting underexplored gaps”—researchers can 

systematically brainstorm options and iteratively refine them into focused and feasible topics (Katsamakas et al., 

2024; Lund et al., 2024). Tools such as SciSpace's "Find Topics" feature exemplify such exploration by using  

clustering to generate interactive topic maps that visualize global and specific themes from the literature, thereby 

aiding the detection of patterns and underexplored areas (Bolaños et al., 2024). These methods leverage LLMs to 

detect  patterns  across  vast  literature,  suggest  hypotheses,  and  reframe problems from identified  gaps,  thus  

accelerating the transition from broad exploration to precise questioning (Nigam et al., 2024). However, the  

success of this process hinges on human judgment and expertise; researchers must critically assess AI outputs for 

relevance, feasibility, and originality, refining suggestions by validating them against scholarly standards and 

personal knowledge to mitigate risks such as superficiality or hallucinations (Ngwenyama & Rowe, 2024; Perkins 

& Roe, 2024). Ultimately, this human-AI collaboration ensures rigorous idea development, aligning with the 

current emphasis on augmented rather than automated scholarship (Doshi et al., 2025).

3.2. Identifying Research Gaps and Contradictions

Generative AI scans recent academic literature to identify research gaps, underexplored populations, neglected 

methodologies, and unresolved debates. It achieves this by processing vast text collections using advanced natural 

language processing and topic-modelling techniques (Bolaños et al., 2024; Schryen et al., 2025). Tools such as  

SciSpace  enable  researchers  to  extract  stated  limitations,  future  research  directions,  and  methodological  

suggestions from multiple documents, automating the aggregation of fragmented evidence into interpretable 

summaries that highlight underexplored areas (Ge et al., 2024). Similarly, Consensus employs features such as 

the Consensus Meter to quantify agreement or disagreement across studies, revealing contradictions, lack of  

consensus, or inconsistent findings that signal opportunities for original scholarly contributions (Zhou et al., 

2025). By grouping topics and highlighting inconsistencies, such as divergent results across specific populations 

or methods, AI-driven analyses accelerate literature comprehension by converting raw textual data into actionable 

insights for research agendas (Ngwenyama & Rowe, 2024; Nigam et al., 2024). Nonetheless, while AI accelerates 

the process, human expertise remains essential for critically interpreting outputs, validating them against domain 



89

Interdisciplinary Applications of Artificial Intelligence - 1 

knowledge, and formulating strong research questions, thereby avoiding risks such as oversimplification or missed 

nuances (Ngwenyama & Rowe, 2024; Schryen et al., 2025). This hybrid approach aligns with ongoing debates on 

AI-enhanced systematic literature reviews, balancing efficiency and epistemic rigor (Bolaños et al., 2024; Ge et 

al., 2024).

3.3. Extracting Limitations and Future Research Directions

Generative  artificial  intelligence  facilitates  multi-document  analysis  of  PDF  articles  by  employing  natural 

language  processing  techniques  to  simultaneously  process  multiple  sources,  extracting  stated  limitations,  

methodological  constraints,  and  future  research  suggestions  through  automated  information  retrieval  and 

synthesis (Bolaños et al.,  2024).  This approach identifies recurring themes across studies, such as common 

limitations or proposed directions, enabling researchers to construct systematic research agendas grounded in  

aggregated evidence (Bolaños et al., 2024; Schryen et al., 2025). For instance, SciSpace supports the automatic  

extraction of predefined elements, such as limitations from papers, allowing queries for specific content across 

documents (Bolaños et al., 2024). Avidnote complements this by facilitating chats with uploaded documents to 

derive insights on limitations and future work while also analyzing reference lists to propose new study ideas, 

titles,  and  abstracts,  thus  building  long-term publishable  pipelines  (Shimray  & Subaveerapandiyan,  2025). 

Thesify.ai functions as a digital supervisor for pre-submission drafts, detecting internal gaps and weaknesses 

while suggesting concrete next steps. Similarly, tools such as Jenni.ai enable the iterative refinement of writing 

outputs by incorporating extracted insights, while Paperpal aids in manuscript checks to highlight weaknesses and 

ensure compliance during the drafting of the Discussion sections (Pinzolits, 2023). These capabilities aid strategic 

planning by prioritizing original contributions, anticipating critiques, and promoting robust scholarship (Nigam 

et al., 2024; Schryen et al., 2025). Nonetheless, while AI accelerates extraction, human expertise remains essential 

for validating outputs against domain knowledge, interpreting context-specific nuances, and avoiding risks such 

as oversimplification or  hallucinations (Ngwenyama & Rowe, 2024;  Schryen et  al.,  2025),  thus ensuring a 

balanced human-AI collaboration that upholds scholarly rigor.

3.4. Generating Tailored Research Questions and Hypotheses

Generative artificial intelligence supports researchers in formulating precise, theory-aligned research questions 

and testable hypotheses. It achieves this by synthesizing vast literature patterns, surfacing conceptual linkages, 

and  generating  novel,  grounded  propositions  through  interactive  prompting  and  knowledge  aggregation 

(Ngwenyama & Rowe, 2024; Zhou et al., 2025). Specialized tools further enhance these processes. For example, 

SciSpace's Find Topics feature clusters thematic inputs to propose methodological and conceptual directions,  

transforming broad themes into focused inquiries amenable to hypothesis testing (Bolaños et al., 2024; Jain et al., 

2024).  Similarly,  Consensus  uses  its  Consensus  Meter  to  highlight  scientific  disagreements  and  evidential  

fragmentation, enabling the framing of original questions around unresolved tensions for novel contributions 

(Zhou et al., 2025). Avidnote facilitates tailored questions and hypothesis generation from user-specified study 

aims via document chat, serving as a brainstorming adjunct (Shimray & Subaveerapandiyan, 2025). In addition, 
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general-purpose tools such as ChatGPT, when prompted to act as a mentor with domain-specific constraints, 

iteratively refine broad ideas into rigorous, publishable formats (Rahman & Watanobe, 2023; Rahman et al.,  

2023). Crucially, effective AI use is iterative; researchers must refine outputs using domain expertise, theory  

checks, and feasibility tests to ensure quality and avoid superficiality (Ngwenyama & Rowe, 2024; Schryen et al., 

2025). This symbiotic paradigm upholds human epistemic oversight in the face of accelerating ideation (Delios 

et al., 2024; Katsamakas et al., 2024).

4. AI-Supported Literature Review Workflows

4.1. Efficient Literature Search and Retrieval

Generative artificial intelligence, particularly large language models, supports the systematic generation of precise 

keywords, Boolean search strings, and synonymous or related terms by leveraging natural language processing to 

semantically expand the queries. This enables comprehensive and reproducible literature search strategies that  

surpass rigid keyword limitations (Bolaños et al., 2024; Wang et al., 2023). For instance, these models facilitate 

hybrid  keyword  expansion  through  topic  modeling  and  co-occurrence  analysis,  refining  initial  terms  into 

structured Boolean combinations for targeted retrieval (Feng et al., 2023). Academic-focused search environments 

further enhance this efficiency. Perplexity AI’s Academic Mode filters results to scholarly sources, processing 

complex question-based queries with structured, citation-linked responses (Bolaños et al., 2024; Xu & Peng, 

2025). Leading platforms exemplify this capability: SciSpace permits full-sentence querying and multi-document 

chat for literature analysis and gap identification (Bolaños et al., 2024; Jain et al., 2024), whereas Consensus 

synthesizes evidence using its Consensus Meter, gauging agreement or disagreement across studies (Bolaños et  

al., 2024). Semantic Scholar enables natural language searches over millions of papers with field-specific filtering 

and citation tracking (Bolaños et al., 2024; Kinney et al., 2023), complemented by OpenAlex for trend analysis 

and open-access discovery through resource description framework (RDF) knowledge graphs (Färber et al.,  

2023a, 2023b). Finally, literature mapping tools, such as Research Rabbit, LitMaps, and Connected Papers,  

visualize citation graphs and conceptual interconnections from seed papers, accelerating evidence synthesis (Cole 

& Boutet, 2023; Pinzolits, 2023).

4.2. Screening, Summarization, and Synthesis

Generative artificial intelligence has revolutionized literature reviews by enabling interactive document analysis  

through “chat with PDF” workflows, wherein researchers query single or multiple uploaded documents to extract 

targeted insights via natural language interfaces (Bolaños et al., 2024; Jain et al., 2024). SciSpace exemplifies this 

capability with its multi-document chat feature and column-based filtering, allowing simultaneous examination 

of papers for key constructs, methodologies, principal findings, and limitations, thus streamlining screening 

without requiring exhaustive manual reading (Bolaños et al., 2024; Jain et al., 2024). Avidnote complements this 

by supporting interactive  PDF chats  to  derive  structured data,  study contributions  and qualitative  thematic 

synthesis  (Bolaños  et  al.,  2024;  Shimray  & Subaveerapandiyan,  2025).  These  systems automate  document  
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extraction using retrieval-augmented generation and embeddings, accelerating comparative evidence aggregation 

(Bolaños et al., 2024; Ngwenyama & Rowe, 2024).

For initial screening and filtering, several AI tools offer distinct capabilities. Perplexity AI's Academic Mode 

restricts outputs to scholarly sources via complex queries. Consensus AI applies rigorous filters by journal impact, 

citations, dates, and methods such as RCTs (Bolaños et al., 2024; Musleh & AlRyalat, 2025). OpenAlex refines  

title/abstract keywords, trends, and open-access status (Bolaños et al., 2024). In summarization and synthesis, 

multi-document querying reveals  consensus via Consensus Meter assessments,  uncovers contradictions,  and 

pinpoints gaps, fostering rigorous workflows (Bolaños et al., 2024; Schryen et al., 2025).

4.3. Mapping the Literature and Identifying Trends

Generative artificial intelligence supports literature mapping, topic clustering, and research trend identification by 

leveraging citation networks, semantic embeddings, and graph-based visualizations. These techniques cluster  

topics and delineate thematic relationships across scholarly corpora (Bolaños et al., 2024; Pinzolits, 2023). Tools 

such as ResearchRabbit produce interactive maps that distinguish established sources from suggested expansions 

by incorporating author  networks  and chronological  evolution.  Meanwhile,  LitMaps and Connected Papers 

employ co-citation  and  bibliographic  coupling  to  reveal  conceptual  structures,  influential  prior  works,  and 

derivative  studies,  thereby elucidating domain evolution  and  gaps  (Cole  & Boutet,  2023;  Pinzolits,  2023). 

SciSpace augments this through multi-document querying and tabular extractions, facilitating thematic clustering 

through a comparative analysis of the methods and findings (Bolaños et al., 2024; Jain et al., 2024).

These platforms also identify temporal trends and hot topics through citation growth rates and evidence analysis.  

For example, OpenAlex offers detailed data on scientific publications and annual citation trends to facilitate trend 

analysis  (Gu  &  Krenn,  2025),  Consensus's  Consensus  Meter  highlights  scientific  debates  via  

agreement/disagreement metrics (Bolaños et al., 2024), and Elicit reveals conflicting evidence through a semantic 

search (Bolaños et al., 2024). Complementing these capabilities, SciSpace and Avidnote enable the automated 

extraction and comparison of methods and datasets, thereby identifying methodological innovations such as novel 

paradigms in recent studies (Jain et al., 2024; Shimray & Subaveerapandiyan, 2025).

4.4. Maintaining Critical Distance

Maintaining  a  critical  distance  when integrating  generative  artificial  intelligence  into  research  processes  is  

essential to preserve academic integrity and epistemic rigor amid the risks of hallucinations, fabricated citations,  

and superficial outputs that undermine scholarly reliability (Helmy et al., 2025; Sallam, 2023; Vicent et al., 2025). 

Generative models frequently produce plausible yet erroneous references, such as nonexistent sources, comprising 

up to 55% of ChatGPT-3.5-generated bibliographies and 18% of ChatGPT-4-generated bibliographies (Walters 

& Wilder, 2023). Overreliance on these outputs fosters cognitive disengagement, eroding researchers' critical  

judgment and interpretive agency (Mezzadri, 2025; Sarkar et al., 2024). This necessitates a paradigm shift from 
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viewing AI as a ghostwriter to a co-pilot or cognitive tutor, wherein human epistemic responsibility remains  

paramount through iterative oversight and validation (Dgebuadze & Kenkebashvili, 2025; Eacersall et al., 2024). 

Basic strategies include cross-checking claims against primary sources, triangulating outputs across tools, and  

direct verification via Consensus's Consensus Meter for evidential agreement, Perplexity AI's Academic Mode 

for traceable citations, and SciSpace or Avidnote's document chats to confirm methods and datasets (Christou, 

2023; Fardim et al., 2023). Pre-submission assessments using AI detection and plagiarism screeners, such as  

Turnitin, alongside supervisory feedback tools, anticipate reviewer scrutiny and bolster the originality (Cordero 

et al., 2025; Teremetskyi et al., 2024). In essence, researcher supervision guarantees that AI enhances rather than 

replaces scholarly judgment (Eacersall et al., 2024; Ngwenyama & Rowe, 2024).

5. Designing Methodology and Data Collection with AI Support

5.1. Methodological Frameworks and Research Designs

Generative artificial intelligence serves as an intelligent methodological brainstorming assistant. It semantically 

analyzes research questions and study aims to propose suitable research designs, such as experimental, mixed-

methods,  or case studies,  drawing on patterns from literature gaps and evidential  structures.  This enhances 

alignment and innovation without supplanting human decision-making (Delios et al., 2024; Katsamakas et al.,  

2024; Yuan & Harun, 2024). For instance, Avidnote's Suggest Methods feature generates tailored methodologies 

(e.g., qualitative coding, grounded theory, or thematic analysis) and theoretical frameworks with explanatory 

applications based on inputted objectives (Shimray & Subaveerapandiyan, 2025). Similarly, SciSpace identifies 

methodological limitations and underexplored areas across uploaded papers to inform novel designs (Jain et al.,  

2024).  The  alignment  between methodology and  theoretical  frameworks  is  further  advanced  through large 

language model prompts configured as mentors or role assignments. This suggests candidate theories, validates 

prior applications in the literature, and iteratively refines coherence (Fecher et al., 2023; Walter, 2024). Finally,  

constraint-based prompting, iterative refinement, and structured outline generation ensure rigor by focusing on 

outputs in the methodological sections and mitigating superficiality (Walter, 2024).

5.2. Instrument/Protocol Development and Data Collection

Generative artificial intelligence supports the development of research instruments and data collection protocols  

by functioning as a methodological brainstorming assistant, auto-generating tailored interview guides, survey 

items, and observation protocols from study descriptions and objectives (Dam & Glomann, 2025; Parker et al.,  

2023; Salah et al., 2024). For instance, Avidnote auto-generates topic-specific survey questions, interview guides, 

follow-up prompts, and justifications for methodological adaptations aligned with study aims across qualitative,  

quantitative, or mixed designs (Shimray & Subaveerapandiyan, 2025), whereas SciSpace extracts and adapts 

methodologies from field-specific PDFs via chat  interfaces for contextual  customization (Jain et  al.,  2024). 

General-purpose  language  models,  such  as  ChatGPT,  configured with  mentor  or  editor  roles,  further  draft  

structured  protocols  incorporating  ethical  and  procedural  elements  through  role-assigned  prompts  (Dam & 

Glomann, 2025; Yuan & Harun, 2024). To ensure validity and reliability, AI proposes parallel or alternative items, 
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checks  clarity  via  iterative  meta-prompting,  and  suggests  response  formats  such  as  Likert  scales,  thereby 

enhancing measurement robustness (Behrend & Landers,  2025; Hoffmann et  al.,  2024; Salah et  al.,  2024).  

Meanwhile, Paperpal refines the academic tone and flow of these items (Shimray & Subaveerapandiyan, 2025). 

Concurrently, AI facilitates the collection and structuring of emerging data sources, such as learning analytics,  

log data, digital traces, and unstructured or semi-structured information through automated multimodal processing 

(Huber & Bannert, 2023; Winter et al., 2024; Yan et al., 2024).

6. AI in Data Analysis and Visualization

6.1. Qualitative Data Coding and Thematic Analysis

Generative artificial intelligence serves as a pre-analysis assistant in qualitative data coding and thematic analysis. 

By processing unstructured texts such as interview transcripts or field notes, AI proposes initial codes aligned 

with established frameworks—including thematic analysis, grounded theory, and narrative approaches—thereby 

expediting the  familiarization and code generation phases (Christou,  2024;  Nguyen‐Trung,  2024).  Through 

semantic pattern recognition and associative clustering, AI facilitates the grouping of these codes into higher-

order themes by identifying correlations, collating supporting evidence across multiple documents or transcripts, 

and generating hierarchical maps that highlight emerging patterns and evidential linkages (Dunivin, 2025; Paoli,  

2023). Furthermore, AI tools propose thematic structures and analytical roadmaps, such as structured outlines, 

subthemes, and logical section breaks for qualitative reports or theses, enabling efficient narrative organization  

(Katz et al.,  2024; Nguyen‐Trung, 2024). Avidnote offers dedicated modules for qualitative coding, pattern 

recognition, and theme extraction throughout the workflow, whereas ChatGPT and analogous large language 

models provide brainstorming for subtopics and iterative structural refinement via guided prompting (Amani et 

al., 2025; Lee et al., 2024). SciSpace aids literature-based analyses by extracting structured qualitative insights  

from documents into tables for thematic identification (Perkins & Roe, 2024). Notwithstanding these efficiencies, 

human interpretive authority is indispensable, demanding rigorous validation of outputs for contextual nuances,  

reflexivity, and legitimacy to mitigate biases and preserve academic standards (Christou, 2024; Davison et al., 

2024).

6.2. Quantitative Analysis, Pattern Detection, and Modeling

Generative artificial intelligence bolsters quantitative data analysis, pattern detection, and statistical modeling 

through multiple mechanisms. First, it automates data cleaning via code generation for outlier removal, variable 

transformation, and filtering. Second, it expedites exploratory data analysis through histograms, summaries, and 

characterizations. Third, it enables regression, classification, clustering, and forecasting with tailored Python or R 

implementations, yielding efficiency gains and scalability for large datasets (Lund et al., 2024; Perkins & Roe, 

2024). Large language models function as statistical consultants or co-pilots, recommending appropriate tests  

based on data properties, generating analysis code, and aiding output interpretation with contextual insights. 

However, the final decisions remain with the researchers (Shen et al., 2023; Lund et al., 2024). Several AI tools 

exemplify these capabilities. ChatGPT excels in advanced reasoning for handling messy data and developing 
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structured plans (Yuan & Harun, 2024). Julius AI supports code generation, visualizations, and self-correction for 

novices (Perkins & Roe, 2024). Vizly enables interactive exploratory graphs (Perkins & Roe, 2024). Avidnote 

facilitates quantitative workflows and meta-analysis extraction (Shimray & Subaveerapandiyan, 2025). SciSpace 

structures data extracted from PDFs (Jain et al.,  2024). These tools enhance accessibility across disciplines 

(Perkins  &  Roe,  2024;  Sun  et  al.,  2024).  Notwithstanding  these  advances,  limitations  persist,  including 

hallucinated outputs, implicit assumptions such as unverified normality, absence of conceptual understanding 

beyond pattern matching, and variability from vague prompting or stochasticity, which risk spurious correlations 

or irreproducibility (Perkins & Roe, 2024; Röttger et al., 2025). Human statistical judgment, rigorous verification, 

and ethical oversight are thus imperative for ensuring validity, transparency, and reproducibility, particularly in  

Q1-indexed contexts, thereby affirming epistemic authority (Brodeur et al., 2025; Shen et al., 2023).

6.3. Visualization and Communication of Results

Generative artificial intelligence enhances the visualization and communication of research results by automating 

the selection of appropriate charts, interactive dashboards, and graphics, while generating contextual narrative 

explanations that elucidate quantitative trends, qualitative patterns, and their implications (Aguado Tevar et al., 

2025; Ye et al., 2024). Tools such as Vizly facilitate adaptive, interactive visualizations through features such as 

zooming and hovering on datasets, whereas ChatGPT and Julius AI generate code-assisted visualizations, such as 

real-time  graphs  and  Python-based  summaries,  accompanied  by  plain-language  interpretations  of  insights 

(Aguado Tevar et al., 2025; Perkins & Roe, 2024). Similarly, ResearchRabbit and LitMaps render graph-based 

depictions of literature networks, citation evolution, and scholarly interconnections to reveal trends and gaps (Cole 

& Boutet, 2023; Prashar & Chander, 2024). These tools further adapt communication for diverse audiences via  

role-based prompts, tailoring narratives with formal technical language for experts or simple analogies for non-

experts, thereby improving understanding without oversimplification. Additionally, AI supports synthesis through 

structured tables and concise summaries tailored for dissemination, including post-publication formats (Bolaños 

et  al.,  2024;  Perkins  & Roe,  2024).  Notwithstanding  these  advances,  limitations  such  as  the  potential  for 

misleading visualizations from spurious correlations, "black box" processes, and stochastic outputs necessitate 

human oversight to ensure interpretative accuracy, transparency, and scholarly integrity (Perkins & Roe, 2024).

7. AI-Supported Academic Writing and Quality Control

7.1. Outlining, Structuring, and Drafting

Generative artificial intelligence supports the outlining, structuring, and drafting of academic texts by generating 

detailed interactive templates that visualize logical flow and prevent fragmentation in journal articles, theses, and 

dissertations (Kacena et al., 2024; Park, 2025). Several tools support this process. Jenni AI enables collaborative 

real-time outlines with section prompts and integrated references (Bolaños et al., 2024; Pinzolits, 2023). SciSpace 

AI  Writer  produces  literature-based  structures  for  introductions  and  conclusions  from multiple  documents 

(Bolaños et al., 2024). Paperpal offers quick manuscript outlines via its Word plug-in  (Park, 2025; Pinzolits, 

2023). Meanwhile, ChatGPT excels at structuring reviews and chapters from data visuals or notes (Kacena et al., 
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2024; Xu, 2025), whereas NotebookLM customizes outlines from personal libraries. These tools also transform 

researcher notes or bullet points into formal prose tailored to specific sections, such as methods as reproducible  

protocols, discussions through result-comparison frameworks, limitations that preempt critiques, implications 

aligned with theory and unified conclusions (Kacena et al., 2024; Salvagno et al., 2023). Beyond drafting, AI 

facilitates comparative synthesis by situating results against literature patterns and articulating evidence-based 

linkages without claiming autonomous authorship (Lund et al., 2024; Schryen et al., 2025). Ultimately, authorial 

control is preserved by treating AI as a co-pilot, with human judgment being essential for verification, manual  

integration,  and  cross-checking  against  primary  sources  to  avoid  hallucinations  and  superficiality,  thereby 

ensuring intellectual ownership (Mann et al., 2024; Park, 2025).

7.2. Language, Style, and Translation

Generative artificial intelligence enhances clarity, conciseness, and academic tone in scholarly research by serving 

as an editorial assistant, with tools such as Paperpal providing real-time proofreading, paraphrasing, synonym 

suggestions, and "make it more academic" functions tailored for Q1 journal standards (Park, 2025; Pinzolits,  

2023). When prompted as journal editors, large language models restructure arguments, eliminate redundancy or 

"waffling,"  and  incorporate  hedging  phrases  like  "the  data  suggests"  to  align  with  scholarly  conventions,  

transforming informal drafts  into precise prose (Lin,  2025; Zhao et  al.,  2024).  For cross-language support,  

particularly aiding non-native English speakers, AI facilitates source translation via tools such as DeepL or Google 

Translate, audio/video transcription and translation in Avidnote, and workflow drafting in native languages before 

polishing them into English (Giglio & Costa, 2023; Hu et al., 2025). The voice-to-text features in ChatGPT enable 

"brain dump" ideation from spoken thoughts, followed by iterative refinements (Shimray & Subaveerapandiyan, 

2025;  Zhao et  al.,  2024).  Manual  incorporation of  suggestions  preserves  learning  and authorship,  whereas 

human control verifies outputs to prevent over-editing, homogenization, or loss of the authorial voice, ensuring 

intellectual ownership (Cheng et al., 2025; Park, 2025).

7.3. Citation Management and Reference Checking

Generative artificial intelligence supports citation management and reference checking in academic research by 

automating the generation and formatting of citations in styles such as APA, MLA, and Chicago. It also ensures 

consistency through gap detection and produces linked outputs that integrate seamlessly with platforms such as 

Microsoft Word, Google Docs, Overleaf and LaTeX (Bolaños et al., 2024; Fricke, 2018). Tools such as Paperpal 

generate cited content as a plug-in across these platforms and identify citation gaps to meet publishers’ standards. 

SciSpace supports multipaper queries with extractable linked citations via its AI manager (Bolaños et al., 2024), 

whereas Perplexity provides traceable academic references and Consensus offers summaries with embedded 

citations (Bolaños et al., 2024). These AI workflows complement traditional reference managers, such as Zotero, 

by accelerating discovery and enabling verified,  long-term organization (Fricke,  2018;  Prashar  & Chander,  

2024).



96

Chapter 5: Artificial Intelligence in Research Processes

However,  general-purpose  language  models  frequently  hallucinate  fabricated  references,  with  studies 

documenting rates typically in the 47–69% range of non-existent citations in generated bibliographies that appear 

plausible (Walters  & Wilder,  2023).  Such errors necessitate  systematic  cross-checking against  authoritative 

databases,  including Scopus,  Web of  Science,  Semantic  Scholar,  OpenAlex,  and PubMed, to  confirm their 

accuracy and traceability (Bolaños et al., 2024; Fricke, 2018).

7.4. Plagiarism, AI Detection, and Originality

AI-supported tools enhance plagiarism control and similarity assessment in academic writing through integrations 

such as Paperpal's embedding of Turnitin, which scans manuscripts against extensive databases to detect overlaps 

and  align  with  university  and  publisher  standards  (Shimray  &  Subaveerapandiyan,  2025).  AI  detection 

mechanisms,  such as SciSpace's AI Detector for  batch analysis of up to 1,500 words and Thesify.ai's  pre-

submission argumentative evaluations, identify potentially generated content prior to journal submission (Barrot 

& Aranda, 2025; Shimray & Subaveerapandiyan, 2025). These technologies, leveraging machine learning and 

natural language processing, report high accuracy rates, with Turnitin distinguishing human and AI texts at 92–

100% (Shimray & Subaveerapandiyan, 2025). However, limitations persist: false positives disproportionately 

affect non-native English speakers and unique styles, alongside poor detection of nuanced human writing and  

vulnerabilities to advanced models such as GPT-4 (Giray, 2024; Liang et al.,  2023). Deliberate evasion via  

"humanizing" text is ethically unacceptable, in contrast to responsible light-touch, explainable editing (Cheng et 

al., 2025; Mann et al., 2024). True originality stems from research designs targeting overlooked gaps, cross-

disciplinary insights, and author control over synthesis (Bolaños et al., 2024; Shimray & Subaveerapandiyan, 

2025).

7.5. Feedback, Revision, and “Supervisor-like” Support

Generative artificial intelligence simulates supervisor or peer-review feedback in academic writing. Tools such as 

Thesify.ai offer pre-submission checks on argument structure, strengths, and needed revisions (Chamoun et al.,  

2024). Paperpal enhances text flow, clarity, and tone through targeted suggestions (Lin, 2025; Pinzolits, 2023),  

whereas Jenni AI facilitates collaborative editing and argument refinement (Bolaños et al., 2024). Prompting large 

language models to act as peer reviewers generates structured major and minor comments (Chamoun et al., 2024; 

Liang et al., 2024). This feedback bolsters argumentation by pinpointing weak claims, insufficient justification,  

methodological gaps, or biases prior to submission, often aligning closely with the critiques of human reviewers  

(Chamoun et al., 2024; Liang et al., 2024). It also improves coherence and narrative flow via suggested structural 

revisions, logical section breaks, and concise reformulations that remove redundancy without altering meaning 

(Lin,  2025;  Pividori  & Greene,  2023).  Furthermore,  AI  clarifies  research contributions  by evaluating their  

originality, theoretical significance and implications (Ngwenyama & Rowe, 2024; Park, 2025). Nonetheless,  

researchers must interpret, select, and manually integrate this feedback, maintaining AI as a supportive co-pilot  

under manual verification to uphold academic standards (Liang et al., 2024; Ngwenyama & Rowe, 2024).

8. AI in Publication Strategy and Post-Publication Dissemination
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8.1. Journal Selection and Pre-Submission Strategy

Generative artificial intelligence aids journal selection and pre-submission strategies in academic publishing by 

analyzing manuscript abstracts, keywords, and scopes to recommend suitable venues, including high-impact Q1 

journals, along with their impact factors, scope alignments, and response times (Farber, 2025; Kousha & Thelwall, 

2022).  Platforms  such  as  Avidnote's  Publish  section  offer  detailed  recommendations  from full-text  inputs, 

prioritizing fast-review options. Paperpal identifies citation gaps to gauge readiness against target standards.  

Thesify.ai  assesses scope-specific  "match factors," including conference suggestions.  These tools  also align 

manuscripts  with journal  aims by scrutinizing exemplar  articles to  infer  expected section orders,  rhetorical  

patterns, and disciplinary norms, using platforms such as SciSpace and Paperpal. Finally, AI produces submission-

ready materials, including tailored titles, abstracts, keywords, and cover letters, while enforcing journal-specific 

formatting and length constraints (Deveci et al., 2023).

8.2. Submission Materials and Peer Review Simulation

Generative artificial intelligence supports the preparation of submission materials in academic publishing by  

generating titles, abstracts, cover letters, and response-to-reviewer letters that are aligned with journal-specific  

conventions and editorial expectations (Deveci et al., 2023). For instance, Paperpal produces titles, abstracts, and 

journal-tailored cover letters directly from full manuscripts, whereas SciSpace generates introductory abstracts 

from multi-document analyses (Bolaños et al., 2024). Similarly, large language models configured with mentor-

style prompts draft response-to-reviewer letters that systematically address the reviewers’ comments (Liang et al., 

2024).  Thesify.ai  complements  these  capabilities  through  comprehensive  pre-submission  assessments  that 

evaluate the robustness of the arguments (Chamoun et al., 2024). Beyond preparation, AI simulates peer review  

by  producing  structured  major  and  minor  comments—pinpointing  methodological  weaknesses,  insufficient 

novelty, unclear contributions, or theoretical gaps prior to submission—with substantial overlap with human 

feedback  (Chamoun et  al.,  2024;  Liang  et  al.,  2024).  This  diagnostic  feedback  enables  the  refinement  of  

argumentation,  clarification  of  contributions,  preemption  of  counterarguments,  and  explicit  addressing  of  

limitations, thereby mitigating the risk of desk rejection (Carabantes-Alarcón et al., 2023; Liang et al., 2024).

8.3. Post-Publication Promotion and Knowledge Mobilization

Generative artificial intelligence facilitates post-publication promotion and knowledge mobilization in academic 

research by repurposing scholarly outputs into diverse formats, including social media posts, LinkedIn or X 

threads, lay summaries, and blogs. This expands the reach of the findings beyond traditional journal readerships  

(Hendriks et al., 2025; Kessler et al., 2025). For instance, platforms such as Avidnote generate structured social  

media threads from research abstracts to enhance researcher visibility. These tools also transform full papers into 

visual  and  multimedia  assets,  such  as  slides,  infographics,  graphical  abstracts,  and  explainer  videos,  as 

exemplified by SciSpace's PDF-to-video generator, slide creation features, and image generation models for 
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conceptual diagrams (Bolaños et al., 2024; Yang et al., 2025). Ultimately, AI enables strategic dissemination 

practices that sustain long-term research impact (Fecher et al., 2023).

9. Ethical, Legal, and Integrity Considerations

9.1. Data Protection, Privacy, and Anonymity

Cloud-based  artificial  intelligence  tools  pose  significant  privacy  risks  in  academic  research when handling  

sensitive and unpublished data. These include persistent storage in user histories linked to profiles, inadvertent  

incorporation into proprietary model training datasets, intellectual property exposure through third-party access,  

and institutional bans or restrictions due to data security vulnerabilities (Hsu & Ching, 2023; King et al., 2025).  

Such threats are particularly amplified for human subject data or proprietary manuscripts, potentially enabling 

breaches or unauthorized inference attacks (Gallastegui & Forradellas, 2021; Wong et al., 2023). To mitigate  

these risks, privacy-preserving strategies such as temporary chats that exclude data from history, memory, and 

training; incognito modes for untracked queries; and opt-out configurations in data controls or custom GPTs to 

prevent model improvement from user inputs are essential (Khowaja et al., 2024; King et al., 2025). Additionally, 

pre-upload anonymization practices, including the manual removal of personal identifiers, pseudonymization, and 

de-identification of  qualitative  transcripts  or  quantitative  records per  HIPAA standards,  play a  crucial  role 

(Campbell et al., 2023; U.S. Department of Health and Human Services, 2012). These measures align with the 

core GDPR principles, such as purpose limitation, data minimization, informed consent, confidentiality, and 

accountability, necessitating the sharing of ethical protocols with supervisors and institutional review boards 

(Sınacı et al., 2020; Toma et al., 2024). Ultimately, compliance with institutional and journal policies requires 

researchers  to  assume  responsibility  for  verification,  documentation,  and  oversight,  thereby  safeguarding 

participant privacy and research integrity (Liu & Jagadish, 2024; Song & Yu, 2025).

9.2. Bias, Fairness, and Transparency in AI-Assisted Research

Generative artificial intelligence exhibits algorithmic bias,  which is rooted in training data associations and 

pattern-based inference rather than conceptual comprehension. This bias permeates literature recommendations 

by favoring highly cited papers through heightened citation preferences, hallucinated non-existent references, and 

the inclusion of non-academic sources that skew evidence toward mainstream narratives (Algaba et al., 2024; 

Barolo et al., 2025). Similarly, in qualitative coding and thematic analysis, language models introduce non-random 

errors  influenced  by  demographic  correlations  in  unstructured  data,  yielding  inconsistent  themes  and 

misinterpretations of contextual nuances (Dengel et al., 2023; Perkins & Roe, 2024). In quantitative analysis and 

modeling, generative AI produces superficial outputs through uncritical metadata reuse and spurious correlations 

arising from unverified assumptions in  the generated code,  thereby compromising the analytical  depth and 
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reproducibility (Ooi et al., 2023; Vaithilingam et al., 2022). To counter these challenges, publisher guidelines 

from Springer, Nature, and institutions mandate transparency by documenting AI tools, prompts, purposes, and 

verification in the Methods section to ensure reproducibility and avert desk rejections (Lin, 2024; Walter, 2024).  

Ultimately, researchers should treat AI as a co-pilot, not an independent author, thereby keeping humans in control 

of the interpretation and conclusions. Manual citation checks, primary source triangulation, and method reporting 

further reduce bias and ensure ethical accountability (Eacersall et al., 2024; Henkel, 2025).

9.3. Authorship, Attribution, and Academic Integrity

Artificial  intelligence  cannot  be  considered  a  co-author  in  academic  research  because  it  lacks  agency, 

accountability, and the capacity to assume responsibility for scholarly claims or ethical compliance (Schmidt & 

Meir, 2023). Major publishers, including Elsevier, Nature, Springer Nature, and the International Committee of 

Medical Journal Editors, explicitly prohibit listing AI tools in bylines. Instead, they conceptualize AI as assistants, 

co-pilots, editors, or tutors that aid tasks such as data cleaning, coding, drafting support, or language refinement

—without replacing human-led critical thinking, synthesis, interpretation, and conclusions (Bozkurt, 2024; Cheng 

et al., 2025). Proper attribution requires transparent disclosure—specifying tools, versions, prompts, purposes, 

and verification—in the Methods section for substantive contributions, Acknowledgements for ancillary roles, or 

cover letters, aligning with the Committee on Publication Ethics guidelines and institutional policies (Committee 

on Publication Ethics, 2023; Rughiniș et al., 2025). Journals and universities permit limited AI use, such as for 

proofreading or brainstorming, but prohibit  authorship or undisclosed substantive involvement and mandate 

researcher supervision (Schmidt & Meir, 2023; Walter, 2024). Verification with plagiarism and AI-detection 

tools, such as Turnitin, is essential, rendering the concealment of AI use ethically unacceptable while affirming 

human authorship, accountability, and epistemic responsibility (Cheng et al., 2025; Weber-Wulff et al., 2023).

9.4. Maintaining Critical Thinking and Intellectual Contribution

Researchers  must  remain  the  primary  decision-makers  and  interpreters  in  AI-assisted  academic  research.  

Generative  artificial  intelligence  relies  on  pattern  recognition  and  data  correlations,  but  lacks  conceptual 

understanding,  lived  experience,  and  epistemic  responsibility—qualities  essential  for  scholarly  authorship,  

theoretical synthesis, and contextual judgment (Messeri & Crockett, 2024; Ngwenyama & Rowe, 2024). Publisher 

guidelines and ethical frameworks position AI strictly as a co-pilot or assistant for augmentation, incapable of  

assuming  accountability  for  interpreting  data  or  drawing  conclusions,  thereby  necessitating  researcher 

supervision to preserve disciplinary insight and integrity (Bozkurt, 2024; Fecher et al., 2023). Overreliance on AI 

manifests as superficial analyses lacking novelty, fabricated citations in bibliographies, opaque methodologies 

yielding desk rejections, and erosion of critical skills through cognitive disengagement (Fecher et al., 2023;  

Ngwenyama & Rowe, 2024; Walters & Wilder, 2023). Practical strategies include developing contrarian ideas 

and gaps prior to AI engagement, reserving AI for routine tasks such as data cleaning, employing brain-dump 

workflows followed by polishing, and treating outputs as unverified drafts requiring manual primary triangulation 

and refinement (Mezzadri, 2025; Perkins & Roe, 2024). Maintaining a critical distance through human-in-the-
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loop  verification  ensures  methodological  transparency,  originality,  and  ethical  accountability,  upholding 

intellectual ownership (Eacersall et al., 2024; Henkel, 2025).

10. Developing AI Literacy and Institutional Guidelines

10.1. Core AI Literacy for Researchers and Students

Core AI literacy for researchers and students encompasses an understanding of both the strengths and limitations 

of generative AI. Strengths include pattern recognition, data synthesis, summarization, and automating routine 

tasks such as citation formatting. Limitations include the absence of true conceptual understanding, hallucinated 

citations, superficial reasoning akin to undergraduate arguments, and challenges with unstructured data. It also 

involves grasping the basics, such as temperature settings and the distinctions between general-purpose large 

language models and academic tools prioritizing peer-reviewed sources (Tzirides et al., 2024; Walter, 2024). This 

literacy is essential for responsible research, as it prevents an uncritical overreliance that undermines critical 

judgment and fosters cognitive disengagement, thereby safeguarding research integrity and ethics (Fecher et al., 

2023; Ngwenyama & Rowe, 2024). Key skills include effective prompt engineering, rigorous output verification, 

and workflow strategies that position AI as a co-pilot for routine tasks, while reserving human judgment for  

interpretation,  synthesis,  and  innovation  (Lo,  2023;  Walter,  2024).  Ultimately,  AI  literacy  frees  cognitive 

resources for deep work and upholds human epistemic authority and ethical accountability (Fecher et al., 2023;  

Ngwenyama & Rowe, 2024).

10.2. Best Practices for Integrating AI into Research Workflows

Best practices for integrating generative artificial intelligence into academic research workflows center on core  

operational principles that prioritize human-in-the-loop decision-making, whereby researchers maintain authority 

over interpretation, theoretical synthesis, and scholarly judgments while positioning AI strictly as a co-pilot for  

augmentation (Park, 2025; Perkins & Roe, 2024). Staged verification protocols necessitate rigorous manual fact-

checking  of  AI  outputs—particularly  citations  prone  to  hallucinations— by  cross-referencing  them against 

primary sources using tools such as Consensus or SciSpace, thereby mitigating errors and biases (Bolaños et al.,  

2024; Ngwenyama & Rowe, 2024). Systematic documentation of AI involvement—encompassing tools, prompts, 

purposes, and verification steps—must be reported in the Methods sections or cover letters, alongside version 

control  for  iterative  drafts,  in  accordance  with  publisher  guidelines  from  Springer  Nature  emphasizing 

transparency for replicability (Lin, 2024; Rughiniș et al., 2025). These principles are exemplified through practical 

workflows. For instance, in AI-assisted literature reviews, Research Rabbit can be used to map, SciSpace to filter, 

Avidnote to extract data, Consensus Meter to check consensus, and Jenni AI to generate outlines, all of which  

culminate in human validation. Similarly, brain dump-to-manuscript workflows involve voice-to-text for ideas, 

visual structuring, co-pilot drafting in Paperpal, and pre-submission checks with Thesify and Turnitin to protect  

the intellectual property (Bolaños et al., 2024; Shimray & Subaveerapandiyan, 2025). These approaches ensure 

academic rigor, methodological transparency, and epistemic responsibility (Cheng et al., 2025; Lin, 2024).
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10.3. Institutional and Disciplinary Guidelines

Emerging policies from universities, funding agencies, and academic publishers universally recognize generative 

artificial intelligence as a research support tool rather than an author. Key stakeholders—including the National 

Institutes of Health, the European Research Council, Elsevier, and Springer Nature—emphasize that AI cannot 

assume accountability, ethical responsibility, or legal ownership for scholarly outputs (Rughiniș et al., 2025; 

Schmidt & Meir, 2023). Elsevier mandates the disclosure of AI tools in manuscripts to promote transparency and 

compliance with the terms of use, while Springer Nature explicitly prohibits AI attribution on bylines and requires 

documentation  of  its  role  in  the  methods  or  acknowledgements  sections,  aligning  with  the  Committee  on 

Publication Ethics  recommendations  (Helmy et  al.,  2025;  Schmidt  & Meir,  2023).  These  requirements  for 

mandatory reporting in cover letters, methodology, or acknowledgements address transparency, reproducibility, 

and integrity concerns, thereby preventing ghostwriting and fabricated content (AlFayyad et al., 2025; Yoo, 2025). 

The heightened adoption of AI detection mechanisms by Q1 journals, such as MDPI, reflects apprehensions over 

diminished novelty, analytical depth, and methodological rigor in undisclosed AI-generated submissions (Ganjavi 

et  al.,  2023;  Picazo‐Sanchez  &  Ortiz‐Martin,  2024).  Effective  institutional  guidelines  should  incorporate 

transparency  through  declarations  of  AI  roles,  data  privacy  protections  via  opt-outs  and  incognito  modes,  

researcher training in prompt engineering and verification, and support structures, including ethical AI mentors 

such as Thesify.ai and standardized operating procedures (Chan, 2023; Walter, 2024).

11. Overview of Key Platforms and Use Cases

11.1. Comparative Snapshot of Selected Tools

Generative AI tools such as SciSpace, Avidnote, Paperpal, ChatGPT, Perplexity, Consensus, Research Rabbit, 

LitMaps,  Jenni.ai,  and Julius  AI offer  specialized features  tailored to  various research stages,  significantly  

boosting  efficiency  while  requiring  rigorous  human  verification  (Bolaños  et  al.,  2024;  Shimray  & 

Subaveerapandiyan, 2025).

For idea generation and topic selection, tools such as SciSpace scan PDFs to identify literature gaps, ChatGPT 

refines broad themes into precise research questions using PICO frameworks, and Consensus's Meter highlights 

areas of scholarly disagreement to inspire novel directions (Bolaños et al., 2024; Zhou et al., 2025).

In literature reviews and mapping, Research Rabbit generates chronological visualizations and citation networks, 

Perplexity's  academic  mode  provides  scholarly  searches  with  structured  summaries,  and  LitMaps  reveals 

conceptual connections and overlooked papers (Bolaños et al., 2024; Pinzolits, 2023).

The theoretical frameworks and methodology design are enhanced by Avidnote's suggestions for qualitative-

quantitative alignment  and Consensus's  validation of  previous empirical  applications (Bolaños et  al.,  2024;  

Shimray & Subaveerapandiyan, 2025).
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Data collection and analysis benefit from Avidnote's automated survey and interview generation, ChatGPT's code-

based  reasoning  for  unstructured  data,  and  Julius  AI's  self-correcting  statistical  models  (Shimray  & 

Subaveerapandiyan, 2025; Zhou et al., 2025).

Academic writing is  supported by Paperpal's  Word-integrated proofreading and tone adjustments,  Jenni.ai's  

detailed outlines, and Grammarly's foundational checks (Bolaños et al., 2024; Shimray & Subaveerapandiyan, 

2025).

Finally, for publication and promotion, Thesify.ai offers pre-submission reviews, Paperpal generates cover letters 

and abstracts, SciSpace provides AI detection and video creation tools, and Avidnote manages social media  

threads (Bolaños et al., 2024; Shimray & Subaveerapandiyan, 2025).

Across all stages, these platforms demand strict  human control to uphold  academic standards (Bolaños et al., 

2024; Shimray & Subaveerapandiyan, 2025). Table 1 presents the categorization of AI tools by the research  

stage.

Table 1. Categorization of AI Tools by Research Stages

Research Stages AI Tools Functionalities

1. Idea Generation 
and Finding Topics 

SciSpace, Consensus, 
Avidnote, ChatGPT 
(FastTrack Mentor)

Identifying gaps in the literature, finding points of 
scientific consensus or disagreement, narrowing 
research questions, and structuring them according 
to the PICO model.

2. Literature Review 
and Mapping

Research Rabbit, 
LitMaps, Perplexity, 
Semantic Scholar, 
SciSpace

Mapping visual connections between academic 
works, conducting in-depth searches focused on 
academic sources, extracting data through 
simultaneous interaction with multiple PDFs.

3. Methodology and 
Theoretical 
Framework

Avidnote, Consensus, 
ChatGPT

Proposing appropriate theoretical frameworks and 
research designs (qualitative, quantitative, mixed 
methods), verifying the use of the proposed 
frameworks in previous studies, designing research 
protocols.

4. Data Collection 
and Analysis

Julius AI, Vizly, 
ChatGPT 4.0, 
Avidnote

Statistical analysis and self-correction of code 
errors, creating interactive charts and visualizations, 
analyzing unstructured scientific data, generating 
interview questions, and assisting with qualitative 
coding.

5. Academic Writing 
and Drafting

Paperpal, Jenni AI, 
Thesify, ThesisAI

Real-time academic language editing within 
Microsoft Word, creating comprehensive thesis and 
article draft texts, producing long-form content, 
improving academic tone and flow.

6. Post-Publication 
Promotion and 
Knowledge 
Mobilization

Thesify, Paperpal, 
SciSpace, Avidnote

Simulating pre-submission evaluation and peer 
review comments, creating cover letters and 
abstracts, transforming the article into videos or 
social media (X/LinkedIn) threads.
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12. Conclusion

12.1. Synthesizing the Role of Generative AI Across the Research Lifecycle

Generative artificial intelligence contributes substantially across the research lifecycle by augmenting human 

capabilities at each stage while necessitating oversight to ensure rigor (Bolaños et al., 2024; Zhou et al., 2025). In 

idea generation and topic selection, it facilitates brainstorming, hypothesis formulation, and gap identification 

through pattern synthesis from literature, enabling rapid exploration of emerging directions using tools such as 

Consensus and SciSpace (Ngwenyama & Rowe, 2024; Ooi et al., 2023). Literature review workflows benefit from 

efficient search, screening, summarization, synthesis, and mapping, with AI automating keyword expansion, 

multi-document  querying,  and  trend  visualization  on  platforms  such  as  Research  Rabbit  and  Perplexity  to  

accelerate evidence aggregation (Bolaños et al.,  2024; Ngwenyama & Rowe, 2024). Methodological design 

leverages AI to propose frameworks, research designs, and instrument development, including survey generation 

and theoretical alignment via Avidnote and Consensus (Bolaños et al., 2024; Shimray & Subaveerapandiyan, 

2025). Data analysis and visualization encompass qualitative coding, quantitative modeling, pattern detection, 

and predictive tasks, where tools such as ChatGPT and Julius AI handle cleaning, code generation, and interactive 

graphics for unstructured datasets (Ngwenyama & Rowe, 2024; Shimray & Subaveerapandiyan, 2025). Academic 

writing support  is provided for outlining, drafting, language refinement, citation management, and feedback 

simulation through Paperpal  and Jenni  AI,  enhancing the structure  and tone (Ooi  et  al.,  2023;  Shimray & 

Subaveerapandiyan, 2025). Publication strategies involve journal matching, submission materials, peer review 

simulations,  and  dissemination  via  Thesify.ai  and  SciSpace,  which  streamline  pre-submission  and  post-

publication mobilization (Bolaños et al., 2024; Zhou et al., 2025). These integrations require human validation to 

mitigate limitations such as hallucinations and preserve epistemic authority (Bolaños et al., 2024; Ngwenyama & 

Rowe, 2024).

12.2. Towards Responsible and Reflective Adoption

The  responsible  and  reflective  adoption  of  generative  artificial  intelligence  in  academic  research  requires 

transparent and critical integration. This expands researchers' capabilities in ideation, literature synthesis, data 

analysis, and dissemination, enabling the efficient augmentation of human workflows while upholding epistemic 

authority through proactive risk mitigation and human oversight (Ganguly et al.,  2025; Walter,  2024). This 

approach leverages AI's pattern recognition and automation strengths to foster innovation and interdisciplinary 

synthesis, provided that outputs are rigorously verified against primary sources to counter hallucinations, biases,  

and superficiality  that  could  erode  research integrity (Fecher  et  al.,  2023;  Lin,  2024).  Ethical  imperatives, 

encompassing data privacy protections via opt-outs and incognito modes, mandatory disclosure of AI roles in  

methods or acknowledgements, and accountability for accuracy, must guide implementation. These align with the 

publisher guidelines of Elsevier and Springer Nature, which prohibit AI authorship and demand reproducibility 

(Ganguly et al., 2025). Ultimately, maintaining scholarly judgment demands sustained critical thinking, ethical  
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decision-making, and institutional training in AI literacy to ensure that AI serves as a cognitive partner subordinate 

to human interpretation, synthesis, and moral responsibility (Fecher et al., 2023; Walter, 2024).

12.3. Future Directions

The future directions of generative artificial intelligence in academic research point toward several transformative 

advancements. First, multimodal models capable of integrating text, images, audio, and video will enable richer 

data analysis, visualization, and literature synthesis, accommodating diverse scholarly modalities and enhancing 

interdisciplinary workflows (Pulk & Koris, 2025; Nguyen et al., 2024). Concurrently, agentic workflows powered 

by autonomous agents for multistep reasoning, planning, tool orchestration, and iterative execution will automate 

complex research pipelines from ideation to empirical validation and dissemination, as seen in economic modeling 

and full lifecycle support systems (Dawid et al., 2025). In parallel, discipline-specific fine-tuned large language 

models, such as AstroSage-Llama for astronomy and CNS-Obsidian for neurosurgery, are proliferating across  

fields such as physics, biology, and social sciences, offering tailored precision for domain-unique tasks while  

overcoming generalist limitations (Alyakin et al., 2025; Haan et al., 2024). Finally, researchers and institutions 

must foster evolving, context-sensitive practices via adaptive guidelines that emphasize ongoing AI literacy 

training, transparent disclosure protocols, and human-in-the-loop oversight, aligning with ethical imperatives,  

institutional policies, and disciplinary nuances in this era of rapid technological change (Ganguly et al., 2025; 

Thompson et al., 2023).
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Chapter 6: An AI-Integrated Platform for End-to-End Meta-Analysis: Design, Implementation, and 
Evaluation of “tasresearch.org”
 

Introduction

The increasing volume and complexity of scientific literature have made systematic reviews and meta-analyses  

both more essential and more demanding than ever before. While existing software provides strong support for  

statistical  synthesis,  many  stages  of  the  evidence  synthesis  process—particularly  literature  screening,  data 

extraction, and workflow coordination—remain highly manual and fragmented. Recent advances in artificial 

intelligence offer new opportunities to address these challenges. In this context, tasresearch.org was developed 

as a web-based, AI-assisted platform designed to support end-to-end meta-analysis workflows in a transparent,  

scalable, and researcher-centered manner.

Importance of Systematic Reviews and Meta-Analyses

Systematic  reviews and meta-analyses  constitute  core  components  of  evidence-based practice  by providing 

structured and transparent methods for synthesizing large and often conflicting bodies of research. In evidence 

hierarchies, systematic reviews of randomized controlled trials are typically positioned at the highest level, as  

they minimize bias and maximize the use of available data to address focused clinical or policy questions  (Askie 

& Offringa, 2015; Zhai & Guyatt, 2023). By applying predefined and replicable protocols for literature searching, 

study selection, appraisal, and synthesis, systematic reviews reduce the subjectivity inherent in narrative reviews 

and yield more reliable summaries of the evidence base (Johnson & Hennessy, 2019; Suchmacher & Geller, 

2018).

A systematic  review systematically  identifies  and  appraises  relevant  studies  addressing  a  specific  research 

question, while meta-analysis quantitatively combines their results to produce pooled estimates and confidence  

intervals (Ahn & Kang, 2018; Zhai & Guyatt, 2023). When appropriately conducted, meta-analysis increases  

statistical power, improves precision, and helps resolve uncertainty arising from underpowered or inconsistent 

individual studies  (Gopal et al., 2025; Vetter, 2019). As a result, systematic reviews with meta-analyses often  

provide the most reliable estimates of intervention effects or associations, directly informing clinical decision-

making and guideline development (Harris et al., 2017; Parums, 2021).

The importance of these methods spans multiple disciplines, including medicine, psychology, education, and 

veterinary sciences,  where they support evidence-informed practice and policy by consolidating fragmented 

findings into actionable conclusions (Allen et al., 2023; Prott et al., 2024; Sargeant & O’Connor, 2020; Siddaway 

et al., 2019). In addition, systematic reviews and meta-analyses play a critical role in identifying knowledge gaps 

and guiding future research priorities (Møller et al., 2018) .

The growing volume of systematic reviews further highlights the need for rigorous methodological and reporting 

standards.  Frameworks  such as  PRISMA, AMSTAR 2,  and GRADE are  widely  recommended to  enhance 

transparency, reproducibility, and the trustworthy translation of synthesized evidence into practice and policy 

(Harris et al., 2017; Soni, 2025). When conducted in accordance with these standards, systematic reviews and 
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meta-analyses remain indispensable tools for strengthening the reliability of research and advancing evidence-

based decision-making. 

Workflow Complexity and Bottlenecks in Meta-Analysis

Meta-analysis promises concise quantitative answers to complex research questions, yet its Meta-analysis aims to 

provide concise quantitative answers to complex research questions, yet its production involves a highly intricate, 

multi-stage workflow that is  both resource-intensive and prone to bottlenecks.  Standard guidelines describe  

sequential steps including question formulation, comprehensive searching, screening, data extraction, model  

selection, heterogeneity assessment, and reporting  (Martínez et al., 2025; Mikolajewski et al., 2023). In practice, 

each  stage  introduces  methodological  decisions  and  operational  demands  that  can  delay  completion  and 

compromise validity. Empirical analyses show that conventional systematic reviews with meta-analysis often 

require more than a year to complete and involve large multidisciplinary teams, underscoring the substantial time 

and human resource burden of current workflows (Borah et al., 2017).

Early stages are particularly labor-intensive. Large database searches frequently yield tens of thousands of records, 

of which only a small proportion are ultimately included, making screening slow and error-prone (Borah et al.,  

2017). Heterogeneous study designs, outcomes, and measurement scales further complicate screening and data  

extraction, while missing or inconsistently reported statistics often require complex transformations and expert  

judgment, increasing the risk of error (Lorenc et al., 2016).

Substantial  complexity  also  arises  during  synthesis.  Selecting  among  fixed-effect,  random-effects,  meta-

regression,  or  more advanced models entails  trade-offs  between interpretability,  realism, and computational  

burden (Cipriani et al., 2013; Jung & Aloe, 2025). Additional analyses addressing heterogeneity, publication bias, 

and  small-study  effects  introduce  further  layers  of  modeling  and  sensitivity  checks,  which  are  frequently  

implemented inconsistently, potentially leading to misleading conclusions (Esterhuizen & Thabane, 2016).

These challenges have motivated the development of process guides, automation tools, and web-based platforms 

intended to streamline specific workflow components (Abbas et al., 2024; Muka et al., 2019; Scott et al., 2023).  

However, evidence suggests that while certain tasks can be partially automated, critical activities such as nuanced 

eligibility  assessment,  complex  data  extraction,  and  model  selection  remain  largely  manual  and  represent 

persistent bottlenecks (Tsafnat et al., 2014). Addressing these recurring challenges is therefore essential not only 

for improving efficiency, but also for maintaining methodological rigor in an era of rapidly expanding evidence 

bases and growing reliance on meta-analytic findings for clinical and policy decision-making.

Limitations of Existing Manual and Semi-Automated Tools

Despite documented efficiency gains, existing manual and semi-automated tools for systematic reviews and meta-

analyses exhibit important limitations that constrain their impact on workload reduction, accuracy, and scalability. 
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Manual workflows remain prevalent across disciplines, even as the rapid growth of scientific literature renders  

fully hand-driven processes increasingly unsustainable (Altena et al., 2019) . Although a growing number of 

automation  tools  are  available,  their  adoption  remains  limited  and  largely  ad  hoc,  often  driven  by  peer  

recommendation rather  than formal  training or  institutional  support.  Barriers  such as  licensing costs,  steep  

learning curves, limited technical support,  and poor integration with existing workflows continue to restrict 

widespread use (Altena et al., 2019; Scott et al., 2023).

Most semi-automated systems focus on isolated workflow stages—primarily title and abstract screening—while  

leaving other labor-intensive tasks,  including data extraction, risk-of-bias assessment,  and synthesis,  largely 

manual (Khalil et al., 2021). While screening tools have reached relative methodological maturity, data extraction 

remains an active and fragmented area characterized by domain-specific prototypes with limited usability and  

long-term maintenance (Legate et al., 2024; Schmidt et al., 2021). Moreover, automation performance varies  

substantially across topics: aggressive automation strategies often reduce workload at the expense of missed  

relevant studies, necessitating conservative use to preserve sensitivity and undermining user trust (Gates et al., 

2019; Reddy et al., 2020).

Recent machine learning and large language model–based approaches introduce further challenges. Many remain 

research prototypes requiring advanced technical expertise and lacking integration into stable, production-ready 

platforms. Reported limitations include hallucinated outputs, inconsistent predictions, reduced transparency of  

decision processes,  and incomplete  reporting of  performance metrics  (Chen et  al.,  2025;  Ye et  al.,  2024).  

Consequently,  most  tools  provide  modest  end-to-end  efficiency  gains  and  exhibit  variable  sensitivity  and 

specificity, leaving the real-world benefits of semi-automation uncertain  (Schmidt et al., 2023).

Artificial intelligence is increasingly shaping evidence synthesis workflows in response to exponential growth in 

the scientific literature and rising demands for timely updates, particularly in health-related fields (Blaizot et al., 

2022; Ofori-Boateng et al.,  2024). Techniques spanning machine learning, natural language processing, and 

generative  AI  have  emerged  as  promising  approaches  to  support  or  automate  key  review tasks,  including  

searching, screening, data extraction, and risk-of-bias assessment (Jimenez et al., 2022; Ofori-Boateng et al., 

2024).

Research Gap and Motivation

Despite  the  widespread  use  of  systematic  reviews  and  meta-analyses,  their  end-to-end  workflow  remains 

fragmented, labor-intensive, and poorly supported by integrated software solutions. Most existing tools focus on 

isolated stages—typically statistical synthesis or title–abstract screening—while critical tasks such as full-text 

data extraction, moderator coding, sensitivity analysis, and bias assessment remain largely manual. As a result, 

researchers rely on ad hoc combinations of spreadsheets, scripts, and standalone applications, limiting scalability, 

transparency, and reproducibility.
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Recent  advances in artificial  intelligence,  particularly large language models,  offer opportunities  to address 

persistent  bottlenecks  in  evidence  synthesis  by automating text-intensive  tasks  such as  PDF screening and 

quantitative data extraction. However, most AI-based approaches remain experimental or narrowly scoped, often 

embedded in research prototypes that lack robustness, validation, and integration with established meta-analytic  

workflows.  Concerns regarding reliability,  transparency,  and quality  control  continue to hinder adoption in 

applied research settings.

Early AI applications primarily targeted title–abstract screening, where active learning and text classification 

methods have demonstrated substantial workload reductions while maintaining high recall (Jimenez et al., 2022; 

Qin et al., 2021). More recent tools extend AI support to topic modeling, study selection, and limited aspects of 

data synthesis, often within human-in-the-loop frameworks (Atkinson, 2023; Orel et al., 2023). Generative AI and 

LLM-based systems have further expanded possibilities, showing promising performance in controlled tasks such 

as semi-automated screening and data pooling. However, systematic evaluations report considerable variability 

in accuracy, including missed studies, misclassification, and extraction errors, underscoring the continued need 

for expert oversight (Clark et al., 2025).

Collectively,  these  findings  position  AI  not  as  a  replacement  for  expert  judgment  but  as  an  augmentative  

technology that can reduce workload and accelerate reviews when embedded within transparent, validated, and 

human-supervised workflows. Addressing this gap motivates the development of integrated, production-ready 

platforms  that  combine  AI-assisted  processing  with  standard  meta-analytic  methods  to  support  efficient,  

reproducible, and trustworthy evidence synthesis.

Related Studies

Systematic reviews and meta-analyses are central tools in evidence-based practice, providing structured and 

transparent methods for synthesizing large and sometimes conflicting bodies of research (Askie & Offringa, 2015; 

Zhai & Guyatt, 2023). By applying explicit and replicable procedures for literature searching, study selection,  

appraisal, and synthesis, these approaches minimize bias and yield more reliable summaries than traditional  

narrative reviews  (Suchmacher & Geller, 2018).

Despite their importance, meta-analysis involves a complex, multistage workflow that is both time- and labor-

intensive. Standard guidance describes sequential steps including question formulation, comprehensive searching, 

screening,  data  extraction  and  coding,  model  selection,  heterogeneity  assessment,  and  interpretation,  each 

introducing methodological and operational challenges (Mikolajewicz & Komarova, 2019; Muka et al., 2019). 

Empirical studies indicate that conventional systematic reviews with meta-analysis often take more than a year to 

complete and require large multidisciplinary teams (Borah et al., 2017). Early stages are particularly burdensome, 

as broad searches frequently yield tens of thousands of records, of which only a small proportion are ultimately 

included, making screening slow and error-prone.
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To mitigate these bottlenecks, prior work has proposed structured process guides and semi-automated tools, 

including multi-stage review roadmaps, accelerated review methodologies, and specialized software for effect-

size computation and data conversion  (Abbas et al., 2024; Muka et al., 2019; Scott et al., 2023). While some tasks

—such as citation de-duplication and basic screening support—can be partially automated, others, including  

nuanced eligibility assessment, complex data extraction, and model selection, remain largely manual (Tsafnat et  

al., 2014).

More recently, artificial intelligence–driven approaches have been explored to support text-intensive stages of 

evidence synthesis, particularly screening and data extraction  (Jimenez et al., 2022). However, most existing AI-

based systems remain narrowly scoped or experimental and lack robust validation and integration with established 

meta-analytic workflows, highlighting a clear need for integrated, production-ready platforms that support end-

to-end evidence synthesis.

Traditional Software for Meta-Analysis

Before the emergence of AI-assisted and web-based platforms, meta-analyses were primarily conducted using 

general-purpose statistical packages and specialized desktop software that focused almost exclusively on the 

quantitative synthesis stage. Tools such as RevMan, Stata, R (e.g.,  metafor),  Comprehensive Meta-Analysis 

(CMA), and SPSS macros became standard solutions for computing effect sizes, fitting fixed- and random-effects 

models, and producing forest or funnel plots across multiple disciplines (Metelli & Chaimani, 2020). While 

statistically robust, these tools offered little support for upstream tasks such as searching, screening, or full-text  

data extraction.

Traditional software environments assume that data have already been manually curated and structured, typically 

in spreadsheets prepared outside the analysis platform. Consequently, labor-intensive activities—screening large 

numbers of records, extracting quantitative data from PDFs, harmonizing heterogeneous outcomes, and coding 

moderators—are handled separately using generic tools such as Excel or custom scripts (Geissbühler et al., 2021; 

Jeyaraj & Dwivedi, 2020). This separation between data management and statistical analysis has contributed to 

fragmented  workflows,  version-control  issues,  and  reproducibility  challenges,  particularly  in  large  or 

continuously updated reviews.

In  addition,  most  traditional  packages  provide  limited  guidance  for  model  selection,  bias  assessment,  and 

sensitivity analysis. Users must independently choose among alternative models and diagnostic procedures, often 

without  structured decision support,  despite  the methodological  complexity involved (Cipriani  et  al.,  2013; 

Esterhuizen  &  Thabane,  2016)  .  As  a  result,  publication  bias  analyses  and  heterogeneity  exploration  are 

inconsistently applied and frequently depend on advanced statistical expertise.

Overall, traditional meta-analysis software is strong at implementing established statistical models once clean data 

are available, but weak at supporting the end-to-end workflow. By leaving literature management, screening, and 
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data extraction largely manual, these tools reinforce fragmented and spreadsheet-centric practices—limitations 

that motivate the development of integrated, AI-enabled platforms for evidence synthesis  (Altena et al., 2019;  

Scott et al., 2023; Tsafnat et al., 2014).

AI-Assisted Literature Screening and Data Extraction

tasresearch.org incorporates  artificial  intelligence–assisted  mechanisms  to  support  two  of  the  most  labor-

intensive stages of systematic reviews and meta-analyses: literature screening and quantitative data extraction.  

These functionalities are implemented as integrated components of a production-ready platform that is publicly 

accessible and designed for real-world research use rather than experimental prototyping.

For literature screening,  tasresearch.org employs large language models to analyze full-text PDFs following 

upload. Rather than relying solely on title and abstract information, the screening process operates on extracted  

full-text content, enabling the identification of study design characteristics, outcome relevance, and the presence  

of quantitative data required for meta-analysis. Screening outputs are generated in a structured format that includes 

an inclusion or exclusion decision, a concise rationale, and an associated confidence score. All AI-generated 

decisions remain fully transparent to the user and can be reviewed, overridden, or corrected at any stage, ensuring 

that final eligibility judgments remain under expert control.

Following inclusion,  tasresearch.org supports  AI-assisted extraction of  study characteristics  and numerical 

results relevant to effect size computation. The extraction pipeline focuses on identifying sample sizes, group-

level descriptive statistics (e.g., means and standard deviations), test statistics (e.g.,  t,  F, and  p values), and 

reported effect sizes when available. Extracted data are returned in a structured schema aligned with downstream 

meta-analytic modules, allowing direct use in effect size calculation, moderator analysis, and sensitivity analyses 

without  manual  reformatting.  Automated  validation  checks  are  applied  to  detect  missing  values,  internal  

inconsistencies, and implausible ranges, flagging records that require manual inspection.

Unlike many existing AI-assisted tools that address screening or extraction as isolated tasks,  tasresearch.org 

integrates  these  capabilities  within  a  single  end-to-end  workflow.  AI-assisted  screening,  data  extraction, 

validation, and statistical synthesis are performed within a unified platform and database context, reducing data 

transfer errors and enhancing reproducibility. Long-running AI tasks are executed asynchronously via a worker-

based architecture, allowing users to continue interacting with the system while large document collections are  

processed in the background.

By  deploying  these  AI-assisted  components  in  a  publicly  available,  production-ready  environment, 

tasresearch.org demonstrates the practical feasibility of augmenting evidence synthesis workflows with large 

language models while maintaining methodological rigor, transparency, and user oversight. The implementation 

emphasizes AI as a supportive tool rather than a replacement for expert judgment, positioning automation as a 

means to reduce workload and accelerate reviews without compromising scientific standards.
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Objectives and Contributions

This chapter presents tasresearchçorg Meta-Analysis Platform, a web-based system designed to:

1. Automate PDF processing using GPT-4 API for intelligent data extraction

2. Provide comprehensive statistical tools for all stages of meta-analysis

3. Enable scalable processing through worker-based asynchronous architecture

4. Ensure data quality with validation, duplicate detection, and quality assessment

5. Generate publication-ready outputs including tables, graphs, and APA-formatted reports

6. Support multiple disciplines (medicine, psychology, education, engineering, etc.)

Significance

tasresearch.org platform addresses three critical gaps:

● Automation Gap: First platform to integrate AI-powered PDF extraction with meta-analysis

● Accessibility Gap: Web-based interface requires no software installation or programming

● Scalability Gap: Worker-based architecture handles large-scale projects (1000+ studies)

Method

This  section  describes  the  methodological  framework  and  system design  underlying  tasresearch.org.  The 

platform was developed to operationalize established principles of systematic review and meta-analysis while  

incorporating AI-assisted components to reduce manual workload. The following subsections detail the system 

architecture, data processing pipeline, AI-assisted screening and extraction procedures, and the statistical methods 

implemented for evidence synthesis, with an emphasis on transparency, reproducibility, and human oversight.

System Architecture

tasesearch  platform  employs  a  three-tier  architecture  optimized  for  scalability,  maintainability,  and  user 

experience (Figure 1):



125

Interdisciplinary Applications of Artificial Intelligence - 1

Figure 1. Overall Design Philosophy

Core Technologies

The technology stack of tasresearch.org was designed to support the complete workflow of systematic reviews 

and meta-analyses in an integrated and accessible manner. The platform is built on Streamlit, which enables  

interactive, Python-based user interfaces well suited for research-oriented data applications. This choice allows 

analytical processes and visual outputs to be closely coupled within a single environment.

The backend is implemented in Python 3.11, providing access to a mature scientific ecosystem for statistical 

analysis and artificial intelligence integration. Data storage relies on PostgreSQL, used both for core application 

data and background job management, ensuring transactional reliability, reproducibility, and secure multi-user 

access.

AI-assisted functionality is integrated through the OpenAI API, which supports full-text PDF screening and 

quantitative data extraction from unstructured research articles. Supporting libraries such as PyPDF2 for PDF 

processing,  pandas  for  data  handling,  scipy  and  statsmodels  for  meta-analytic  calculations,  and  Plotly  for 

interactive, publication-quality visualizations collectively enable an end-to-end evidence synthesis workflow.

Overall, this technology stack reflects a deliberate emphasis on integration, scalability, and usability, allowing  

researchers to conduct complex meta-analyses within a single, cohesive platform.
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Figure 2. Core Technologies

The tasresearch.org Meta-Analysis Platform: Architecture, Functionality, and Design Philosophy

The  tasresearch.org  meta-analysis  platform (https://tasresearch.org)  is  a  web-based,  AI-assisted  system 

developed to support the complete workflow of systematic reviews and meta-analyses within a single, integrated 

environment. Unlike traditional approaches that rely on fragmented toolchains and extensive manual intervention, 

the platform is designed to consolidate literature management, data extraction, statistical analysis, visualization,  

and reporting into a coherent and reproducible framework.

The platform is implemented primarily in  Python (version 3.11) using the  Streamlit framework for the user 

interface  and  is  deployed  in  a  production  environment  on  Railway.app.  With  an  overall  codebase  of 

approximately  20,000 lines of Python code (~975 KB), tasresearch.org reflects a mature,  production-ready 

system rather than a proof-of-concept or experimental prototype (Figure 3).

https://tasresearch.org/
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Figure 3. Home Page

Overall System Architecture

tasresearch.org adopts a modular, service-oriented architecture centered on three core components: the interactive 

web application layer, the database and data management layer, and an asynchronous background processing 

layer.  This  separation  of  concerns  allows  the  system  to  remain  responsive  to  users  while  performing  

computationally intensive tasks such as PDF processing and AI-based data extraction in the background.

At a high level, the architecture is designed to meet three primary goals:

(1) scalability to large collections of full-text studies,

(2) transparency and user oversight in AI-assisted decisions, and

(3) methodological alignment with established standards for systematic reviews and meta-analyses.

Application Layer and User Interaction

The application layer provides a browser-based interface through which users can register, authenticate, and  

manage meta-analysis projects. Within each project, users can upload large numbers of PDF articles (Figure x),  

inspect extracted study data, and invoke a wide range of analytical modules. A central dashboard summarizes  

project-level  statistics  such  as  the  number  of  uploaded  studies,  processed  PDFs,  and  completed  analyses,  

supporting rapid situational awareness during long-running reviews.
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Figure 4. Pdf upload field

The interface is designed to be accessible to researchers without advanced programming expertise. All major  

actions—PDF upload, study inclusion decisions, moderator coding, quality assessment, and statistical analysis—

are performed through graphical controls rather than scripts. At the same time, the system preserves detailed  

internal state and metadata to ensure reproducibility and auditability.

Data Management and Database Design

Data persistence in tasresearch.org is handled through PostgreSQL, which serves as the primary storage backend 

for users, projects, studies, comparisons, moderator variables, quality assessments, and analysis results. Each  

uploaded PDF corresponds to a distinct study record, which can contain multiple comparisons, moderators, and  

outcome measures.

To support multi-user operation and data privacy, the platform employs row-level security (RLS), ensuring that 

users can access only their own projects and associated data. Connection pooling and retry mechanisms are  

implemented to improve reliability under high load, particularly when processing large batches of documents.

A key architectural feature is the use of a separate job-oriented database for asynchronous task management. 

Long-running  operations,  such  as  PDF  processing  and  AI  inference,  are  recorded  as  jobs  and  executed  

independently of the main application thread. This design prevents blocking behavior in the user interface and 

allows users to continue working while background tasks are running.

Asynchronous Processing and Background Workers

Computationally  intensive  tasks  are  executed  by  a  dedicated  background  worker  component.  This  worker  

periodically checks the job queue, retrieves pending tasks, and processes them in controlled batches. Each job  

typically involves extracting text from a PDF, performing AI-assisted screening, extracting structured data, and  

writing validated results back to the main database.
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The  asynchronous  architecture  is  particularly  important  for  real-world  meta-analyses,  where  hundreds  or  

thousands  of  PDFs may need to  be  processed.  By decoupling document  processing from user  interaction,  

tasresearch.org maintains responsiveness and robustness even under heavy workloads.

AI-Assisted Screening and Data Extraction

One of the defining features of tasresearch.org is its integration of large language models to support two of the 

most labor-intensive stages of systematic reviews: study screening and quantitative data extraction. After text  

extraction from PDFs, the system applies AI-assisted analysis to identify study design, relevance to the research 

question, and the presence of extractable quantitative data.

For screening, the system generates structured inclusion or exclusion recommendations accompanied by brief 

rationales. Importantly, these recommendations are never enforced automatically; all decisions remain visible to 

and editable by the user. This design choice reflects a deliberate emphasis on human oversight, positioning AI 

as an assistive tool rather than an autonomous decision-maker.

For studies deemed eligible, the platform supports AI-assisted extraction of numerical data required for meta-

analysis, including sample sizes, group-level descriptive statistics (means and standard deviations), test statistics  

(e.g.,  t,  F,  p values), and reported effect sizes. Automated validation checks are applied to flag missing or  

implausible values, prompting manual review when necessary.

Analytical Modules and Meta-Analytic Capabilities

tasresearch.org provides a comprehensive set of analytical modules that collectively cover the core requirements  

of contemporary meta-analysis. These include:

● descriptive summaries of study characteristics,

● effect size computation (e.g., standardized mean differences, odds ratios, correlations),

● fixed-effect and random-effects meta-analytic models,

● heterogeneity assessment using Q, I², and τ² statistics,

● sensitivity analyses such as leave-one-out and cumulative meta-analysis,

● moderator analyses and meta-regression for both categorical and continuous variables,

● publication bias diagnostics including funnel plots, Egger’s and Begg’s tests, trim-and-fill procedures, 

and fail-safe N,

● and automated generation of PRISMA 2020 (Figure 5) flow diagrams based on database records.



130

Chapter 6: An AI-Integrated Platform for End-to-End Meta-Analysis: Design, Implementation, and 
Evaluation of “tasresearch.org”
 

Figure 5. Prisma Example

These modules are tightly integrated, allowing outputs from one stage (e.g., extracted effect sizes) to feed directly 

into subsequent analyses without manual reformatting or data transfer.

Visualization and Reporting

To  facilitate  interpretation  and  dissemination  of  results,  tasresearch.org  includes  extensive  visualization 

capabilities based primarily on interactive plotting libraries. Users can generate forest plots, funnel plots, influence 

diagnostics,  and  meta-regression  visualizations  directly  within  the  platform.  Graphs  are  designed  to  be  

publication-ready and can be exported for inclusion in manuscripts and reports (Figure 6). Tabular outputs and 

intermediate datasets can be exported in spreadsheet formats, supporting transparency and external verification of 

results.
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Figure 6. Publication Bias Funnel Plot Example

Deployment, Scalability, and Production Readiness

The platform is deployed in a production environment using container-based infrastructure on Railway.app. 

Environment-level configuration supports scalability, secure handling of credentials, and separation between 

development and production settings. The system has been tested on projects involving large numbers of PDFs  

and concurrent users, demonstrating its suitability for applied research rather than experimental use.

Conceptual Contribution

From a conceptual perspective, tasresearch.org represents a shift from tool-centric to workflow-centric support 

for evidence synthesis. Traditional meta-analysis software excels at statistical modeling once clean data are  

available but offers little assistance with upstream processes such as screening, extraction, and quality assessment. 

tasresearch.org  addresses  this  gap  by  integrating  AI-assisted  text  processing  with  established  statistical 

methodology in a single, cohesive platform.

By combining automation with explicit user oversight and adherence to methodological standards, the platform 

illustrates how artificial intelligence can be responsibly embedded into evidence synthesis workflows—reducing 

workload and accelerating research without compromising scientific rigor.

To better contextualize the contribution of tasresearch.org, it is useful to compare the platform with widely used 

tools for systematic reviews and meta-analyses. Traditional software such as RevMan, Comprehensive Meta-

Analysis (CMA), Stata, R (e.g., metafor), and JASP has long provided robust and well-validated implementations 

of statistical synthesis models. These tools excel at effect size computation, model estimation, and hypothesis  

testing once structured data are available, and they remain indispensable for advanced or highly customized 

analyses.
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However, these platforms largely assume that upstream tasks—literature screening, full-text data extraction,  

moderator coding, and quality assessment—have already been completed manually. As a result, researchers 

typically rely on external spreadsheets, scripts, and manual workflows to prepare data prior to analysis. This  

separation between data preparation and statistical synthesis reinforces fragmented workflows, increases the risk  

of transcription errors, and limits reproducibility, particularly in large-scale or living meta-analyses.

In contrast, tasresearch.org is explicitly designed to support the entire evidence synthesis pipeline. Its primary 

distinction lies not in replacing established statistical methods, but in integrating AI-assisted PDF screening and 

data extraction directly into the analytic environment. By embedding these steps within a single web-based 

platform,  tasresearch.org  reduces  reliance  on  ad  hoc  tools  and  lowers  the  technical  barrier  for  conducting  

comprehensive meta-analyses, especially for users without advanced programming expertise.

Compared with desktop-based solutions, tasresearch.org offers several practical advantages: it requires no local  

installation, supports cross-device access,  and enables scalable processing of large PDF collections through 

asynchronous worker-based architecture.  Interactive visualizations (e.g.,  forest  plots,  funnel  plots,  PRISMA 

diagrams) are generated automatically from the underlying database, reducing manual effort in reporting and 

figure preparation.

At the same time, established statistical environments retain important strengths. Programming-based tools such  

as R and Stata provide greater flexibility, a wider range of effect size transformations, and access to advanced 

methods including network meta-analysis, Bayesian models, and multilevel structures. tasresearch.org currently 

implements a focused but standard set of meta-analytic techniques and therefore complements rather than replaces 

these  ecosystems.  In  practice,  tasresearch.org  can  be  viewed as  an  upstream and midstream platform that  

accelerates data preparation and core analyses, while still allowing export of cleaned datasets for further modeling 

in specialized statistical software when needed.

Overall, the comparison highlights a shift in emphasis rather than competition: while traditional tools remain 

dominant at the statistical modeling layer, tasresearch.org addresses long-standing bottlenecks at the workflow 

and data-extraction layers. By combining AI-assisted processing with conventional meta-analytic methods in a  

unified environment, the platform fills a critical gap between manual review practices and fully automated, but 

often experimental, research prototypes.

Table 1. Comparison with other programs

Feature  / 
Dimension

tasresearch.org RevMan CMA R (metafor) Stata JASP

Platform Type Web-based Desktop Desktop Programming-
based

Programming-
based

Desktop

Installation 
Required

No Yes Yes Yes Yes Yes

Programming 
Knowledge 
Required

No No No Yes Yes No
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Primary Focus End-to-end 
workflow

Synthesis  & 
reporting

Statistical 
synthesis

Advanced 
modeling

Advanced 
modeling

Statistical 
synthesis

AI-Assisted 
PDF 
Screening

Yes No No No No No

AI-Based 
Data 
Extraction

Yes No No No No No

Integrated 
Workflow 
(Screening 

 Analysis)→

Yes Partial Partial No No Partial

Effect  Size 
Types 
Supported

d, g, OR, RR, r Limited Extensive Extensive Extensive Moderate

Meta-
Regression

Yes (basic) Yes Yes Yes (advanced) Yes 
(advanced)

Yes

Publication 
Bias Analyses

Yes Limited Yes Yes Yes Yes

PRISMA 
Diagram 
Generation

Automatic Manual Manual Script-based Script-based No

Interactive 
Visualizations

Yes No No Partial No Yes

Scalability 
(Large  PDF 
Sets)

High  (async 
workers)

Limited Moderate Hardware-
dependent

Hardware-
dependent

Limited

Typical 
Learning 
Curve

Low  (1–2 
hours)

Moderate Moderate High High Moderate

Primary 
Strength

Workflow 
integration  & 
automation

Standardize
d reporting

Rich  ES 
formats

Methodological 
flexibility

Statistical 
power

Ease  of 
use

Primary 
Limitation

Limited 
advanced 
models

Manual  data 
prep

Closed-
source, 
cost

Steep  learning 
curve

Steep learning 
curve

Limited 
automation

Interpretive Summary (optional paragraph for immediately after the table)

This comparison illustrates that tasresearch.org does not aim to replace established statistical environments, but 

rather to complement them by addressing long-standing bottlenecks in evidence synthesis workflows. While 

traditional tools remain dominant for advanced statistical modeling, they provide limited support for upstream 

processes such as PDF screening and data extraction. tasresearch.org uniquely integrates these stages into a single, 

web-based environment, thereby reducing manual workload, improving transparency, and lowering the technical 

barrier to conducting comprehensive meta-analyses.

Conclusion

This chapter introduced tasresearch.org, a web-based, AI-assisted meta-analysis platform designed to support 

the complete workflow of systematic reviews and meta-analyses within a single, integrated environment. Unlike 

traditional software that primarily focuses on statistical synthesis after manual data preparation, tasresearch.org 
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addresses long-standing bottlenecks at earlier stages of evidence synthesis, including full-text PDF screening, 

quantitative data extraction, moderator coding, and workflow coordination.

By integrating large language models into a human-supervised architecture,  the platform demonstrates how 

artificial intelligence can be responsibly embedded into evidence synthesis without compromising methodological 

rigor.  AI-assisted  screening  and  data  extraction  substantially  reduce  manual  workload,  while  transparent 

interfaces and validation mechanisms ensure that expert judgment remains central to all critical decisions. The 

worker-based  asynchronous  architecture  further  enables  scalable  processing  of  large  document  collections,  

making the platform suitable for real-world meta-analytic projects rather than experimental use.

Comparative  analysis  indicates  that  tasresearch.org  complements  rather  than  replaces  established  statistical 

environments  such  as  R,  Stata,  and  CMA.  While  advanced  modeling  capabilities  remain  the  domain  of 

programming-based tools, tasresearch.org uniquely contributes by unifying upstream and midstream processes—

screening, extraction, analysis, visualization, and reporting—within a single web-based system accessible to users 

without advanced technical expertise.

Overall, tasresearch.org illustrates a shift from tool-centric to workflow-centric support for evidence synthesis.  

As the volume and complexity of scientific literature continue to grow, platforms that combine AI-assisted  

automation with transparency, reproducibility, and expert oversight are likely to play an increasingly important 

role in the future of systematic reviews and meta-analyses.
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enhancing personalized learning experiences. 

 AI-driven  tools  enable  adaptive  content  delivery,  improving  learner  engagement  and  knowledge 

retention. 

 The use of AI supports the automation of routine instructional tasks, allowing educators to focus on 

higher-level pedagogical strategies. 

 AI facilitates real-time feedback and assessment, promoting continuous learner improvement and self-

regulation. 

 Ethical  considerations  and  challenges,  such  as  data  privacy  and  algorithmic  bias,  are  critical  in 

implementing AI in education. 

 Collaboration between AI systems and human instructors  optimizes  instructional  effectiveness  and 

learner outcomes. 

 Ongoing research is essential to refine AI applications in instructional design, ensuring they meet diverse 

educational needs.
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Introduction

Instructional design is a multidisciplinary field dedicated to systematically enhancing the effectiveness, efficiency, 

and engagement of learning experiences (ANDREEA, 2022; Trif-Boia, 2022). It involves a structured approach 

to identifying learning objectives, developing materials, selecting appropriate strategies, and evaluating outcomes, 

all while considering diverse factors such as learner needs, content characteristics, pedagogical approaches, and 

available technological resources (Francesa-Alfaro et al., 2016; Ismail & Alkhazali, 2019). In an era of rapid 

digital  transformation,  the  landscape  of  education  has  evolved  significantly,  moving  beyond  traditional 

classrooms to embrace online, blended, and hybrid models. This shift, driven by advancements like the internet,  

mobile devices, and cloud services, necessitates a redefinition of instructional designers' roles, requiring them to  

skillfully navigate and design learning experiences within complex digital ecosystems (OECD, 2023; Ибрагимов 

& Kalimullina, 2020).

Central to this digital evolution is the pervasive influence of Artificial Intelligence, which has emerged as a 

transformative  force  in  instructional  design.  AI's  capabilities,  particularly  those  of  generative  AI,  offer 

unprecedented potential for personalizing learning experiences, optimizing design processes, and automating 

time-consuming tasks such as content creation and assessment (Lan & Zhou, 2025; Luo et al., 2025; Song, 2024). 

Generative AI models can produce novel text, visuals, interactive simulations, and even entire lesson plans, 

thereby accelerating material development and enabling richer, more adaptive learning environments (Arslan et 

al., 2024; Giannakos et al., 2024; Rouabhia, 2024). This transition from rule-based AI systems to generative AI 

marks  a  significant  shift,  empowering  instructional  designers  to  craft  dynamic  and  highly  individualized 

educational pathways.

However, the integration of AI into instructional design also presents critical pedagogical, ethical, and design 

challenges.  Issues such as automation bias,  the risk of pedagogical  incompatibility,  algorithmic biases,  and 

concerns around data privacy and security demand careful consideration (Bulut et al., 2024; Li et al., 2025; Zhu 

et al., 2025). Addressing these limitations necessitates a human-centered design approach, ensuring that AI serves 

to  augment  human capabilities  rather  than  replace  them,  and  that  technology aligns  with  core  educational  

principles. Consequently, the role of the instructional designer is being reshaped; they are becoming crucial  

collaborators with AI, responsible for directing human-AI interactions, fostering AI literacy, and upholding ethical 

standards to maximize technology's benefits while mitigating its risks (Amado-Salvatierra et al., 2023; Burneo-

Arteaga et al., 2025; “September 2024 Full Issue,” 2024).

A Conceptual Introduction to Instructional Design

Instructional design is an interdisciplinary field that employs a systematic approach to enhance the effectiveness,  

efficiency, and engagement of learning and teaching processes. Its fundamental purpose is to devise learning 

experiences that facilitate the optimal acquisition of knowledge, skills, and attitudes by learners (ANDREEA, 

2022;  Trif-Boia,  2022).  This  process  takes  into  account  various  factors,  including  learner  needs,  content 
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characteristics, pedagogical approaches, and available technological resources (Francesa-Alfaro et al., 2016). It 

can  be  understood  as  a  planned  and  structured  methodology  encompassing  the  identification  of  learning 

objectives,  the  development  of  materials,  the  selection  of  strategies,  and  the  evaluation  of  outcomes.  

Fundamentally, instructional design is both a process and a system that involves a series of activities aimed at  

optimizing learning processes (Francesa-Alfaro et al., 2016), and it can also be seen as the practical application 

of scientific theories and principles in education and instruction  (ANDREEA, 2022). Beyond just developing 

materials, it involves the holistic planning of the learning environment, interactions, and assessment methods 

(Ismail & Alkhazali, 2019).

The  relationship  between  instructional  design  and  instructional  technologies  is  dynamic  and  mutually 

reinforcing (Mondal, 2025). Instructional technologies provide powerful tools for implementing designed learning 

experiences, such as learning management systems, virtual reality applications, online interactive platforms, and 

simulations  (Chimalakonda & Nori,  2021).  Instructional  designers can integrate the possibilities  offered by 

technology  in  alignment  with  pedagogical  objectives,  thereby  overcoming  the  limitations  encountered  in  

traditional  learning environments and creating richer learning opportunities  (Brown et  al.,  2019).  Emerging 

educational  technologies,  including  learning  analytics,  artificial  intelligence,  mixed  realities,  and  adaptive 

learning systems,  promise to  deliver  more complex and personalized learning experiences  (Spector,  2015). 

Conversely, the systematic approach of instructional design ensures that technology integration is pedagogically 

meaningful and effective, preventing the arbitrary use of technology (Hanshaw & Hanson, 2019). In this context, 

technology serves as a tool to achieve instructional design goals, with technological innovations continuously  

shaping instructional design approaches (West, 2018).

Definition and Purpose of Instructional Design

Instructional design is a planned and structured approach encompassing the processes of determining learning 

objectives, developing materials, selecting strategies, and evaluating outcomes  (ANDREEA, 2022; Trif-Boia, 

2022). Its fundamental purpose is to design learning experiences that enable learners to acquire knowledge, skills, 

and attitudes in the most appropriate manner. This process takes into account numerous factors, including learner 

needs, content characteristics, pedagogical approaches, and available technological resources (Francesa-Alfaro et 

al., 2016). Instructional design is also defined as both a process and a system involving a series of activities aimed 

at optimizing learning processes  (Francesa-Alfaro et al., 2016). According to another definition, instructional 

design can be seen as the practical application of scientific theories and principles in education and instruction  

(ANDREEA, 2022). The design not only involves material development but also the holistic planning of the 

learning environment, interactions, and assessment methods (Ismail & Alkhazali, 2019).

Instructional Design – Instructional Technologies Relationship

The  relationship  between  instructional  design  and  instructional  technologies  is  dynamic  and  mutually 

reinforcing (Mondal, 2025). Instructional technologies provide powerful tools for implementing designed learning 
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experiences, such as learning management systems, virtual reality applications, online interactive platforms, and 

simulations  (Chimalakonda & Nori, 2021). Instructional designers have the potential to overcome limitations 

encountered in  traditional  learning environments  and create  richer  learning opportunities  by integrating the 

possibilities offered by technology in alignment with pedagogical objectives  (Brown et al., 2019). Emerging 

educational  technologies,  including  learning  analytics,  artificial  intelligence,  mixed  realities,  and  adaptive 

learning systems,  promise to  deliver  more complex and personalized learning experiences  (Spector,  2015). 

Conversely, the systematic approach of instructional design ensures that technology integration is pedagogically 

meaningful and effective, preventing arbitrary use of technology (Hanshaw & Hanson, 2019). In this context, 

technology serves as a tool to achieve instructional design goals, with technological innovations continuously  

shaping instructional design approaches (West, 2018).

Digital Transformation and the Evolution of Learning Environments

In today's world, digital transformation is causing profound changes in every area of education (OECD, 2023a, 

2023b).  Digitalization refers  to  the  transition from analog data  transmission to  digital  format,  representing  

information  more  accurately  and  ensuring  its  free  circulation,  processing,  and  application  in  networks 

(Ибрагимов & Kalimullina, 2020). The widespread adoption of the internet, the development of mobile devices, 

and  the  rise  of  cloud-based  services  have  extended  learning  environments  beyond  physical  classrooms 

(Hetmańczyk, 2023). Traditional face-to-face education models have been enriched—and even transformed in 

some cases—by online, blended, and hybrid learning models (Arısoy, 2022). Digital tools and platforms enable 

learners to access content anytime and anywhere, interact with peers and instructors, and follow personalized  

learning  paths  (Rajasekaran  et  al.,  2024;  Zou  et  al.,  2025).  This  evolution  is  also  redefining  the  roles  of 

instructional designers; they are now required not only to develop content but also to possess the skills to design  

and manage effective learning experiences in complex digital ecosystems (Godin & Terekhova, 2021). Artificial 

intelligence technologies, as one of the primary driving forces of this digital transformation, hold the potential to  

make learning environments smarter and more adaptive (Human, Technologies and Quality of Education, 2023, 

2023; Sgay et al., 2025; Song, 2024). AI applications are increasingly integrated into higher education, offering 

benefits such as personalized learning experiences, real-time feedback, and greater flexibility (Lan & Zhou, 2025; 

Luo et al., 2025).

Instructional Design Models and Digital Learning

Instructional design is an interdisciplinary field(Luo et al., 2024) that provides a systematic approach(Senadheera 

et al.,  2024; Wintersberg & Pittich, 2025) aimed at making learning and teaching processes more effective, 

efficient, and engaging(Godsk & Møller, 2024; Luo et al., 2024). This section will examine the fundamental 

principles  of  instructional  design(Wintersberg  &  Pittich,  2025),  its  relationship  with  instructional 

technologies(Abuhassna & Alnawajha, 2023; Özkan et al., 2025), and the effects of digital transformation on 

learning  environments(Mulenga  &  Shilongo,  2024;  OECD,  2023) within  a  conceptual  framework  before 
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proceeding to the integration of artificial intelligence into instructional design(Amado-Salvatierra et al., 2023; 

Luo et al., 2025).

Definition and Purpose of Instructional Design

Instructional design is a planned and structured approach encompassing the processes of determining learning 

objectives, developing materials, selecting strategies, and evaluating outcomes  (ANDREEA, 2022; Trif-Boia, 

2022). Its fundamental purpose is to design learning experiences that enable learners to acquire knowledge, skills, 

and attitudes in the most appropriate manner. This process takes into account numerous factors, including learner 

needs, content characteristics, pedagogical approaches, and available technological resources (Francesa-Alfaro et 

al., 2016). Instructional design is also defined as both a process and a system involving a series of activities aimed 

at optimizing learning processes  (Francesa-Alfaro et al., 2016). According to another definition, instructional 

design can be seen as the practical application of scientific theories and principles in education and instruction  

(ANDREEA, 2022). The design not only involves material development but also the holistic planning of the 

learning environment, interactions, and assessment methods (Ismail & Alkhazali, 2019).

Instructional Design – Instructional Technologies Relationship

The  relationship  between  instructional  design  and  instructional  technologies  is  dynamic  and  mutually 

reinforcing (Mondal, 2025). Instructional technologies provide powerful tools for implementing designed learning 

experiences, such as learning management systems, virtual reality applications, online interactive platforms, and 

simulations  (Chimalakonda & Nori, 2021). Instructional designers have the potential to overcome limitations 

encountered in  traditional  learning environments  and create  richer  learning opportunities  by integrating the 

possibilities offered by technology in alignment with pedagogical objectives  (Brown et al., 2019). Emerging 

educational  technologies,  including  learning  analytics,  artificial  intelligence,  mixed  realities,  and  adaptive 

learning systems,  promise to  deliver  more complex and personalized learning experiences  (Spector,  2015). 

Conversely, the systematic approach of instructional design ensures that technology integration is pedagogically 

meaningful and effective, preventing arbitrary use of technology (Hanshaw & Hanson, 2019). In this context, 

technology serves as a tool to achieve instructional design goals, with technological innovations continuously  

shaping instructional design approaches (Luo et al., 2024).

Digital Transformation and the Evolution of Learning Environments

In today's world, digital transformation is causing profound changes in every area of education (OECD, 2023). 

Digitalization refers to the transition from analog data transmission to digital format, representing information 

more  accurately  and  ensuring  its  free  circulation,  processing,  and  application  in  networks  (Ибрагимов  & 

Kalimullina, 2020). The widespread adoption of the internet, the development of mobile devices, and the rise of 

cloud-based services have extended learning environments beyond physical classrooms  (Hetmańczyk, 2023). 

Traditional face-to-face education models have been enriched—and even transformed in some cases—by online, 
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blended, and hybrid learning models (Arısoy, 2022). Digital tools and platforms enable learners to access content 

anytime and anywhere, interact with peers and instructors, and follow personalized learning paths (Rajasekaran 

et al., 2024; Zou et al., 2025). This evolution is also redefining the roles of instructional designers; they are now 

required not only to develop content but also to possess the skills to design and manage effective learning  

experiences in complex digital ecosystems (Godin & Terekhova, 2021). Artificial intelligence technologies, as 

one of the primary driving forces of this digital transformation, hold the potential to make learning environments 

smarter and more adaptive (Sgay et al., 2025; Song, 2024). AI applications are increasingly integrated into higher 

education,  offering  benefits  such  as  personalized  learning  experiences,  real-time  feedback,  and  greater 

flexibility (Lan & Zhou, 2025; Luo et al., 2025).

Integration of Artificial Intelligence into Instructional Design

Instructional design is a systematic approach aimed at  improving learning and teaching processes  (Amado-

Salvatierra et al., 2023). Today, rapid developments in artificial intelligence technologies offer transformative 

potential in this field (Amado-Salvatierra et al., 2023; Choi et al., 2024). The integration of AI into instructional 

design is critically important for personalizing learning experiences, increasing efficiency, and optimizing design 

processes (Luo et al., 2025; McNeill, 2024; Merino-Campos, 2025).

Why is Artificial Intelligence Critical in Instructional Design?

Artificial intelligence plays a critical role in instructional design for various reasons. Firstly, it has the capacity to 

analyze learners' individual needs, learning styles, and progress to offer personalized learning paths (Sgay et al., 

2025; Song, 2024). This personalization provides an adaptation level that is difficult to achieve with traditional 

teaching methods.  Secondly,  AI can process large data sets  to provide learning analytics,  thereby enabling 

designers to gain a deeper understanding of the effectiveness of instructional materials and strategies (Luo et al., 

2025). Thirdly, AI-based tools can automate time-consuming tasks such as content creation, assessment, and 

feedback provision, reducing the workload on instructional designers and allowing them to focus on more creative 

and strategic tasks (Lan & Zhou, 2025). One of the primary reasons for using AI in education is the increasing 

complexity of knowledge and the inadequacy of current education systems in managing this complexity. AI can 

also enhance teacher-student interactions, assist educators, and improve the quality of learning materials. By  

exhibiting human-like intelligence in education, artificial intelligence has the potential to enhance the learning 

and teaching process, making it more efficient and personalized. These capabilities make AI an indispensable tool 

for the instructional design discipline.

Transition from Rule-Based Systems to Generative AI

The evolution of artificial intelligence in instructional design represents a significant transition from initial rule-

based systems to today's generative artificial intelligence models (Guettala et al., 2024; Yang & Zhang, 2024). 

Traditional AI systems operated within specific rules and algorithms to perform predefined tasks (Hao et al., 2025; 
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Zhang et al., 2024). For example, simple adaptive learning systems could offer different learning paths within 

predefined scenarios based on students' responses (Maity & Deroy, 2024). However, these systems were limited 

in terms of flexibility and creativity (AlAli & Wardat, 2024; Kılınç & Keçecioğlu, 2024).

Generative artificial intelligence, on the other hand, has overcome these limitations with its ability to produce new 

and original content (Arslan et al., 2024; Giannakos et al., 2024). Large language models and other generative 

models can generate text, images, audio, and even code (Choi et al., 2024). This offers revolutionary innovations 

in instructional design  (Choi et  al.,  2024). Generative AI can create personalized learning materials,  lesson 

scenarios, assessment questions, and even interactive simulations tailored to students' needs (Rouabhia, 2024; Y 

et al., 2024). This transition allows instructional designers to create entirely new and dynamic learning experiences 

rather than just adapting existing materials. Generative artificial intelligence is a type of AI capable of creating 

human-like texts, images, or other media formats based on user-provided inputs (Guettala et al., 2024).

Positions of AI in the Design Process

Artificial intelligence can be effectively positioned at every stage of the instructional design process:

● Analysis: AI can automate and deepen processes such as learner analysis, content analysis, and context  

analysis.  By  analyzing  data  such  as  learners'  prior  knowledge  levels,  learning  preferences,  and 

motivations, it can help create more accurate learner profiles (Song, 2024). Thanks to trends and patterns 

obtained from large data sets, instructional needs can be determined more precisely (Luo et al., 2025). 

For example, AI can analyze user interactions on learning platforms to identify topics where students  

struggle or effective learning strategies (Lan & Zhou, 2025).

● Design: AI-supported tools can be used in stages such as determining instructional objectives, selecting 

learning strategies, and designing assessment methods. AI can suggest the most appropriate pedagogical 

approaches for specific learning objectives or draft lesson plans according to different scenarios (Song, 

2024).  Additionally,  it  can  contribute  to  personalized  instructional  design  by  suggesting  different 

learning paths or activities based on learners' characteristics and needs (Sgay et al., 2025).

● Development: In this stage, AI plays a significant role in creating learning materials (Luo et al., 2024; 

mostafa et al., 2024). Generative AI models can produce text-based lesson content, question banks, 

scenarios, visual materials, and even simple interactive learning objects (Choi et al., 2024; Li et al., 2024; 

Rouabhia, 2024). This accelerates the material development process and enables designers to produce 

content in different formats and languages (Choi et al., 2024; Y et al., 2024). AI-supported software can 

facilitate the production of rich media content such as videos, animations, and simulations (Luo et al., 

2024; Netland et al., 2024; Zhang, 2025).

● Evaluation: AI also offers powerful tools for evaluating learning outcomes and measuring instructional 

effectiveness. Automatic exam grading, written assignment analysis, and feedback systems make the 

evaluation process  more  efficient  (Luo et  al.,  2025).  AI-based learning analytics  can continuously 

monitor student performance data to identify the strengths and weaknesses of instructional programs. 
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This way, instructional designers can continuously improve their programs and provide students with 

more timely and personalized feedback (Lan & Zhou, 2025).

AI-Supported Instructional Design Applications

Artificial intelligence technologies offer innovative applications at various stages of instructional design (Choi et 

al., 2024; Luo et al., 2024), holding the potential to transform learning experiences (Bolick & Silva, 2023). AI-

supported applications make learning more personalized(Luo et al., 2025; Merino-Campos, 2025), adaptive, and 

efficient while providing instructional designers with new tools to optimize their processes (McNeill, 2024).

Personalized Learning Scenarios

AI-supported instructional design enables the creation of personalized learning scenarios tailored to students'  

individual needs and learning styles (Song, 2024). AI algorithms can analyze the student's previous performance 

data, learning pace, preferred learning environments, and even cognitive characteristics to recommend the most 

suitable learning path (Luo et al., 2025; Sgay et al., 2025). This personalization can increase students' motivation 

and improve learning outcomes  (Ifraheem et al., 2024; Kestin et al., 2025; Wang et al., 2024). For example, 

intelligent  tutoring  systems  can  present  materials  at  different  difficulty  levels  according  to  the  student's 

proficiency in a subject or provide special supplementary materials by identifying deficient areas (Hariyanto et 

al., 2025; Merino-Campos, 2025). This approach enables each student to progress at their own pace and according 

to their interests, making the learning process more meaningful  (Nguyen et al., 2023; Xiao, 2024). To create 

individualized  instructional  experiences,  AI  continuously  evaluates  data  such  as  student  performance, 

interactions, and preferences, dynamically adapting learning materials, activities, or feedback (Bayly-Castaneda 

et al., 2024; Hariyanto et al., 2025; Plooy et al., 2024).

Intelligent Content Generation

Artificial intelligence plays an important role in the processes of creating and updating instructional materials 

(Choi et al., 2024). Generative artificial intelligence models can produce various learning materials, such as text, 

visuals, interactive simulations, or video content, on a specific topic (Chiu, 2024; Rouabhia, 2024). This helps 

instructional designers accelerate their content development processes and present richer materials in diverse 

formats (Dickey & Bejarano, 2023; mostafa et al., 2024). Intelligent content production systems can automatically 

adapt content to different learner profiles or needs in various languages (Guettala et al., 2024; Y et al., 2024). 

Additionally,  by  tracking  current  information,  they  ensure  the  content  remains  continuously  relevant  and 

accurate  (Team et al., 2025). Such systems provide significant efficiency increases, especially for large-scale 

courses or topics requiring continuous updates (Yao et al., 2025).
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Learning Analytics and Adaptive Systems

AI-supported learning analytics provide valuable insights by analyzing large data sets collected from learning 

processes  (Lan & Zhou,  2025).  These  insights  offer  information on students'  learning behaviors,  points  of 

difficulty, success rates, and interaction patterns. Instructional designers can use these analytics to evaluate the  

effectiveness of instructional strategies and identify areas for improvement (Luo et al., 2025). Adaptive learning 

systems modify the learning experience in real-time using this analytical data. For example, when a student  

struggles with a specific topic, the system can automatically offer additional exercises or alternative explanatory 

materials. These systems enhance the effectiveness of learning processes by providing instant feedback to students 

and dynamically adjusting learning paths.

AI-Supported Tools for Instructional Designers

Artificial intelligence offers instructional designers a range of tools and platforms to support their workflows 

(McNeill, 2024). These tools enhance designers' productivity through task automation, content creation assistance, 

and decision-making support (Bolick & Silva, 2023).

● Automatic Feedback Systems: Provide designers with rapid feedback on materials or generate feedback 

for student work (Luo et al., 2025).

● Lesson Plan and Learning Objective Generators: AI algorithms can create draft lesson plans for 

specific topics and learner profiles or suggest appropriate learning objectives (Luo et al., 2024).

● Assessment Tool Assistants: Assist with tasks such as creating question banks, automatic exam analysis, 

and rubric development (Luo et al., 2025).

● Data Analysis and Visualization Tools: Help designers make more informed decisions by interpreting 

data from learning analytics (Lan & Zhou, 2025).

● Project Management and Collaboration Platforms: Optimize project timelines with AI-supported 

features and enhance collaboration among design teams.

These AI-supported tools enable instructional designers to focus on more complex and creative tasks while  

reducing routine and time-consuming workloads (McNeill, 2024).

Generative Artificial Intelligence in Instructional Technologies

Generative artificial intelligence technologies offer groundbreaking innovations in the field of education and 

instructional  technologies,  reshaping  content  creation  processes,  learning  experiences,  and  the  roles  of 

instructional designers (Choi et al., 2024; Luo et al., 2024; Qian, 2025; Zhang et al., 2024). This section examines 

the main applications of generative AI in instructional technologies and the transformations brought by these 

technologies.
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Text, Visual, Video, and Interactive Content Production

Generative artificial intelligence offers significant automation and personalization potential in the development of 

instructional materials. Text-based generative AI models can rapidly generate content such as lecture notes, 

explanatory texts, case studies, summaries, and exam questions on specific topics (Song, 2024). This capability 

greatly accelerates the content development process while enabling the production of variations suitable for 

different learning levels or languages.

Generative AI has also achieved notable advancements in visual and video content production. AI algorithms can 

create images,  infographics,  diagrams,  and even scripts  or animations for  educational  videos based on text 

descriptions. This reduces the cost and time required to produce visually rich and interactive learning materials  

(Sgay et al., 2025). The ability to generate 3D models or scenarios for virtual and augmented reality environments 

can provide students with more immersive and experiential learning opportunities. Interactive content production

—such as simulations, gamified learning modules, or dialogue-based learning assistants—has become easier and 

more scalable with generative AI. AI can design adaptive materials that respond to student interactions in real-

time and dynamically adjust the learning path (Lan & Zhou, 2025).

Lesson Plan, Learning Outcome, and Assessment Tool Creation

Generative  artificial  intelligence  can  assist  instructional  designers  and  educators  in  optimizing  their  lesson 

planning processes (Berg, 2024; Chan & Colloton, 2024). Based on a specific curriculum or learning objectives, 

AI can generate lesson plans, unit contents, and activity suggestions (Huang et al., 2025; Li et al., 2024). Learning 

outcomes and achievements can be automatically formulated according to the specified learning objectives, 

helping to establish consistent and measurable targets (Doyle et al., 2025; Sridhar et al., 2023).

The creation of measurement and evaluation tools is also an important application area for generative AI. AI 

models can produce exam questions in various formats, such as multiple-choice, true-false, fill-in-the-blank, or 

open-ended questions (Jukiewicz, 2025; Luo et al., 2025; Namoun et al., 2024). Additionally, they can design 

rubrics and scoring criteria to evaluate student responses (Chan & Colloton, 2024). These capabilities increase the 

diversity of assessment materials while reducing the time burden on educators in this process (Namoun et al., 

2024).  AI  can  also  create  adaptive  tests  to  detect  learners'  progress  and  deficiencies,  thereby  making  the  

assessment process more personalized (Arslan et al., 2024; Xia et al., 2024).

Transformation of the Teacher-Designer Role

The integration of generative artificial  intelligence into instructional  technologies brings about a significant 

transformation in the roles of teachers and instructional  designers  (Zhaı,  2024).  By automating routine and 

repetitive tasks, AI tools enable these professionals to focus on higher-level thinking, creativity, and strategic  

planning (McNeill, 2024). For example, AI assistance in content creation and lesson planning allows designers to 
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devote more time to developing pedagogical strategies, deeply analyzing student needs, and designing innovative 

learning experiences (Luo et al., 2024; Song, 2024).

This transformation requires teachers and designers to evolve beyond being mere knowledge transmitters or 

content creators, becoming curators, guides, and facilitators of learning experiences (Giannakos et al., 2024). They 

are expected to continuously improve learning processes based on AI-provided data, design personalized learning 

paths, and integrate technology within ethical principles. Coping with AI's complexity makes AI literacy and the 

critical  use of  AI-based tools  essential  for  teachers and designers  (Brandão et  al.,  2024).  This  necessitates 

acquiring new skills and continuous adaptation in professional development (Luo et al., 2025; Zhaı, 2024).

Pedagogical, Ethical, and Design Limitations

While the integration of artificial intelligence and generative AI into instructional design offers great potential,  

the pedagogical, ethical, and design limitations and challenges brought by these technologies—such as automation 

bias, algorithmic biases, lack of pedagogical foundations, data privacy issues, and black-box opacity—must also 

be carefully addressed (Bulut et al., 2024; Li et al., 2025; Zhu et al., 2025). These limitations can directly affect 

the effectiveness, fairness, and acceptability of AI-based systems by perpetuating inequities, eroding human 

oversight, and misaligning with educational principles (Bozkurt et al., 2024; Trevisan et al., 2024).

Automation Bias

Automation bias refers to the tendency of people to overly trust recommendations from automated systems or to  

prioritize AI decisions over human judgment (Bulut et al., 2024). In instructional design, this can lead to serious 

pedagogical  consequences  (Li  et  al.,  2025).  Instructional  designers and educators may accept  lesson plans, 

content, or evaluation methods suggested by AI algorithms without critical evaluation (Bulut et al., 2024). This 

can cause any algorithmic biases or incomplete information in AI to reflect in the learning experience (Zhu et al., 

2025). AI systems typically reflect patterns and biases from their training datasets, which can result in less 

effective or unfair learning paths for certain student groups (Bozkurt et al., 2024). Excessive automation bias can 

lead to the neglect of human expertise and the weakening of critical pedagogical thinking (Li et al., 2025). For 

example, a personalized learning path suggested by AI may overlook the student's actual needs or emotional state, 

thereby reducing the student's motivation (Zhai et al., 2024).

Risk of Pedagogical Incompatibility

In integrating AI-based tools into instructional design, there is a risk that the technology may not align with  

pedagogical goals (Li et al., 2025; Sajja et al., 2025). Although AI offers new possibilities, using it merely because 

it  exists  can  overlook  learning  objectives  (Koh  et  al.,  2023).  Pedagogical  incompatibility  arises  when  AI 

applications conflict with educational philosophy, learning theories, or teaching strategies (“Higher Education for 

Good,” 2023; Hooshyar et al., 2025). For instance, in a course requiring complex problem-solving skills, using 
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AI primarily as a tool for information transmission may hinder students' deep learning  (Bauer et al., 2025). 

Moreover, the design of AI systems may not be based on a specific learning theory or may fail to support diverse 

pedagogical approaches (Hooshyar et al., 2025). This can render the "personalization" or "adaptation" provided 

by AI superficial, failing to deliver genuine learning benefits (Koh et al., 2023; Verghis et al., 2025). Effective AI 

integration requires designing the technology to align with pedagogical principles and serve learning objectives 

(Li et al., 2025; Luo et al., 2025).

Ethical Responsibilities in Instructional Design

The use of artificial intelligence in instructional design entails a series of important ethical responsibilities (Hong, 

2024; Zhu et al., 2025). Data privacy and security are foremost among them (Hong, 2024; Huang, 2023). AI 

systems collect and process students' personal and learning data; misuse, breach, or sharing of this data without  

consent can lead to serious ethical issues  (Ahmad et al., 2023; Holmes et al., 2023). Concerns about student 

surveillance and monitoring are also central to ethical debates (Huang, 2023; Versteijlen & Groesbeek, 2024). AI 

systems can analyze students' behaviors, performance, and even emotional states, potentially causing privacy 

violations and a sense of insecurity in the learning environment (Holmes et al., 2023).

Ethical issues concerning student autonomy and representation are equally significant  (Bozkurt et al.,  2024; 

Verghis et  al.,  2025). AI determining learning paths or influencing student decisions can diminish students' 

autonomy in their own learning processes (Verghis et al., 2025; Versteijlen & Groesbeek, 2024). The opacity of 

AI algorithms and the inexplicability of their decisions raise questions about the system's fairness and reliability 

(Verghis  et  al.,  2025;  Zhu  et  al.,  2025).  Instructional  designers  are  obligated  to  adhere  to  principles  of 

transparency, accountability, fairness, and data protection in the design and implementation of AI systems (Hong, 

2024; Ifenthaler et al., 2024).

The Necessity of Human-Centered Design

In integrating artificial intelligence into instructional design, adopting a human-centered approach is critically 

important (Alfredo et al., 2024; Li et al., 2025). This approach aims to ensure that technology serves human needs, 

values, and abilities  (Alfredo et al., 2024). Human-centered design seeks to make AI systems user-friendly, 

preserve educators' and students' sense of control, and enhance human interaction (Maity & Deroy, 2024; Roméro 

et al., 2024). The role of AI in instructional processes should not replace human instructional designers and 

educators but rather enhance and support their capacities (Li et al., 2025).

Human-centered design incorporates continuous user feedback and collaboration in the development of AI-based 

systems (Hu & Chan, 2025; Sperling et al., 2023). This allows systems to be tailored to real-world contexts and 

pedagogical requirements (Li et al., 2025). The goal is to enable students and educators to collaborate with AI to 

create richer and more meaningful learning experiences, thereby maximizing technology's potential benefits while 
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minimizing risks (Atchley et al., 2024). Human-centered design plays a pivotal role in overcoming AI's ethical 

and pedagogical limitations in education (Alfredo et al., 2024; Li et al., 2025).

Future Perspective: The New Role of the Instructional Designer

The  integration  of  artificial  intelligence  and  generative  artificial  intelligence  technologies  into  educational 

environments  is  redefining the  roles,  responsibilities,  and competencies  of  instructional  designers  (Amado-

Salvatierra et al., 2023; Kumar et al., 2024; Luo et al., 2024; “September 2024 Full Issue,” 2024) . In the future, 

instructional designers will be key figures working alongside AI, directing human-AI collaboration in design 

decisions,  and shaping the curricula of education faculties  in accordance with this  transformation  (Amado-

Salvatierra et al., 2023; Burneo-Arteaga et al., 2025; Costello et al., 2024; Hilali & Chergui, 2025).

Instructional Designer Working with AI

In the age of artificial intelligence, the role of the instructional designer is undergoing significant change as AI 

transitions  from being merely  a  supplementary  tool  to  a  creative  partner  (Amado-Salvatierra  et  al.,  2023). 

Instructional designers are taking on the role of "glue" that brings together technology, content, and pedagogical 

best practices  (“September 2024 Full Issue,” 2024). The emergence of generative AI tools is leading to rapid 

changes in the job responsibilities of instructional designers (Luo et al., 2024). Instructional designers are now 

using generative AI tools in various instructional design tasks, such as idea generation, performing low-risk tasks, 

facilitating design processes, and enhancing collaborations (Luo et al., 2024). This situation demonstrates that 

they play an important role in transforming AI into beneficial applications for teaching and learning that consider 

ethical  parameters  (“September  2024  Full  Issue,”  2024).  Future  instructional  designers  should  possess  the 

competency to design more complex and personalized learning experiences using emerging tools such as learning 

analytics, artificial intelligence, mixed realities, and adaptive learning systems (Luo et al., 2025).

Human–AI Collaboration in Design Decisions

Collaboration  between  humans  and  artificial  intelligence  is  becoming  a  fundamental  element  of  modern 

instructional design practice. It is stated that AI enhances human capabilities in complex instructional tasks and  

sometimes even surpasses them (Luo et al., 2025). However, this collaboration requires human oversight and 

cooperation to ensure pedagogical appropriateness (Hilali & Chergui, 2025). The task of AI is to support humans 

in the decision-making process, not to replace human decision-makers (Ren et al., 2024). Particularly in fields 

like finance, while AI tools analyze large datasets in real time, the responsibility of human experts to interpret  

these insights and make strategic decisions continues (Paiva et al., 2025).

Human-AI collaboration in education can help teachers determine which pedagogical issues they want to monitor, 

search for relevant patterns in the data, create interventions to address these issues, and evaluate the effectiveness 

of the interventions (Paiva et al., 2025). Frameworks like ARCHED provide a human-centered design approach 

that implements a structured, multi-stage workflow between educators and AI, prioritizing pedagogical rigor and 
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human agency over automation (Li et al., 2025). The aim is to provide education around critical workforce skills 

such as effective communication and collaboration by using AI as a collaborative partner (Atchley et al., 2024).

Implications for Education Faculties and Instructional Designer Training

The integration of artificial intelligence into instructional design has important implications for education faculties 

and instructional designer training. In this new era, there is a need for both existing and new competencies  

(Burneo-Arteaga et al., 2025). There is a lack of guidance, policies, and resources to help teachers and instructional 

designers integrate AI into teaching and learning processes efficiently and ethically (Ren & Wu, 2025).

For future instructional designers, AI literacy and AI readiness should become fundamental competencies as 

intelligent technological knowledge (Ren & Wu, 2025). Additionally, AI-supported innovative pedagogy needs 

to transform the student-teacher relationship and complement the social presence of educators  (Ren & Wu, 

2025). Education faculties should update instructional design programs to reflect new roles and responsibilities 

related to  AI integration.  This  should include curriculum changes that  provide instructional  designers  with 

practical  experience  in  using  AI-supported  tools,  developing  human-AI  collaboration  strategies,  and 

understanding  the  ethical  and  pedagogical  limitations  of  AI  (Luo  et  al.,  2024).  Continuous  professional 

development programs are critically important for instructional designers to adapt to the rapidly evolving nature 

of AI and acquire new skills (Burneo-Arteaga et al., 2025).

General Evaluation

The  integration  of  artificial  intelligence  and  generative  artificial  intelligence  technologies  into  educational 

environments  is  redefining the  roles,  responsibilities,  and competencies  of  instructional  designers  (Amado-

Salvatierra et al., 2023; Kumar et al., 2024; Luo et al., 2024; “September 2024 Full Issue,” 2024) . In the future, 

instructional designers will be key figures working alongside AI, directing human-AI collaboration in design 

decisions,  and shaping the curricula of education faculties  in accordance with this  transformation  (Amado-

Salvatierra et al., 2023; Burneo-Arteaga et al., 2025; Costello et al., 2024; Hilali & Chergui, 2025).

Instructional Designer Working with AI

In the age of artificial intelligence, the role of the instructional designer is undergoing significant change as AI 

transitions  from being merely  a  supplementary  tool  to  a  creative  partner  (Amado-Salvatierra  et  al.,  2023). 

Instructional designers are taking on the role of "glue" that brings together technology, content, and pedagogical 

best practices  (“September 2024 Full Issue,” 2024). The emergence of generative AI tools is leading to rapid 

changes in the job responsibilities of instructional designers (Luo et al., 2024). Instructional designers are now 

using generative AI tools in various instructional design tasks, such as idea generation, performing low-risk tasks, 

facilitating design processes, and enhancing collaborations (Luo et al., 2024). This situation demonstrates that 

they play an important role in transforming AI into beneficial applications for teaching and learning that consider 

ethical  parameters  (“September  2024  Full  Issue,”  2024).  Future  instructional  designers  should  possess  the 
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competency to design more complex and personalized learning experiences using emerging tools such as learning 

analytics, artificial intelligence, mixed realities, and adaptive learning systems (Luo et al., 2025).

Human–AI Collaboration in Design Decisions

Collaboration  between  humans  and  artificial  intelligence  is  becoming  a  fundamental  element  of  modern 

instructional design practice. It is stated that AI enhances human capabilities in complex instructional tasks and  

sometimes even surpasses them (Luo et al., 2025). However, this collaboration requires human oversight and 

cooperation to ensure pedagogical appropriateness (Hilali & Chergui, 2025). The task of AI is to support humans 

in the decision-making process, not to replace human decision-makers (Ren et al., 2024). Particularly in fields 

like finance, while AI tools analyze large datasets in real time, the responsibility of human experts to interpret  

these insights and make strategic decisions continues (Paiva et al., 2025).

Human-AI collaboration in education can help teachers determine which pedagogical issues they want to monitor, 

search for relevant patterns in the data, create interventions to address these issues, and evaluate the effectiveness 

of the interventions (Paiva et al., 2025). Frameworks like ARCHED provide a human-centered design approach 

that implements a structured, multi-stage workflow between educators and AI, prioritizing pedagogical rigor and 

human agency over automation (Li et al., 2025). The aim is to provide education around critical workforce skills 

such as effective communication and collaboration by using AI as a collaborative partner (Atchley et al., 2024).

Implications for Education Faculties and Instructional Designer Training

The integration of artificial intelligence into instructional design has important implications for education faculties 

and instructional designer training. In this new era, there is a need for both existing and new competencies  

(Burneo-Arteaga et al., 2025). There is a lack of guidance, policies, and resources to help teachers and instructional 

designers integrate AI into teaching and learning processes efficiently and ethically (Ren & Wu, 2025).

For future instructional designers, AI literacy and AI readiness should become fundamental competencies as 

intelligent technological knowledge (Ren & Wu, 2025). Additionally, AI-supported innovative pedagogy needs 

to transform the student-teacher relationship and complement the social presence of educators  (Ren & Wu, 

2025). Education faculties should update instructional design programs to reflect new roles and responsibilities 

related to  AI integration.  This  should include curriculum changes that  provide instructional  designers  with 

practical  experience  in  using  AI-supported  tools,  developing  human-AI  collaboration  strategies,  and 

understanding  the  ethical  and  pedagogical  limitations  of  AI  (Luo  et  al.,  2024).  Continuous  professional 

development programs are critically important for instructional designers to adapt to the rapidly evolving nature 

of AI and acquire new skills (Burneo-Arteaga et al., 2025).
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Introduction

Generative artificial intelligence (GenAI) is rapidly reshaping what it means to teach, learn, and assess writing.  

Tools powered by large language models have moved far beyond simple spellcheckers to become ever-present 

composing partners that can generate ideas, extend text, reorganize arguments, and evaluate drafts at scale. Their 

growing presence in students’ everyday writing practices forces educators to revisit foundational questions: What 

counts as writing and authorship when texts are co-produced with machines? Under which conditions can AI be 

said to support learning rather than merely automate text production?

This chapter situates GenAI within robust theoretical and conceptual frameworks before examining its practical  

roles across the writing process. It first revisits core writing pedagogies – process, genre, and integrated process–

genre approaches – and introduces key developments in generative language technologies and learning theories 

that justify or problematize AI use in writing instruction. It then synthesizes emerging research on how learners  

and teachers deploy AI for pre-writing, drafting and co-writing, revision and editing, formatting and publishing, 

instructional design, and assessment. Finally, it critically interrogates the opportunities, challenges, and ethical  

concerns surrounding AI-mediated writing, arguing that the educational value of GenAI hinges on thoughtful task 

design, transparent policies, and an explicit commitment to preserving learner agency, critical thinking, and 

intellectual ownership.

Theoretical and Conceptual Foundations

Generative artificial intelligence (GenAI) has rapidly become an integral component of students’ daily composing 

practices,  prompting  writing  educators  to  reassess  not  only  instructional  approaches  but  also  foundational  

definitions of writing and authorship (Barrett & Pack, 2023; Wang, 2024). Current scholarship argues that GenAI 

should not be positioned as a supplemental technological tool; rather, its incorporation into writing pedagogy must 

be situated within rigorous theoretical and technological frameworks that protect learner agency, cultivate critical 

and metacognitive thinking, and transform – without displacing – core writing processes such as idea generation, 

drafting, feedback, and revision (Han, 2025; Tate et al., 2025; Colby, 2025; Hong et al., 2025).

From a sociocultural standpoint, GenAI applications may operate as “more knowledgeable others,” offering 

scaffolded, dialogic guidance within students’ zones of proximal development. This pedagogical value becomes 

particularly salient when instructional models intentionally draw on Vygotskian theory, constructivism, Bloom’s 

taxonomy, and cognitive apprenticeship to structure iterative human–AI interaction around increasingly complex 

reasoning, strategic decision-making, and self-regulation (Han, 2025; Hong et al., 2025; Xia, 2025). Concurrently, 

frameworks rooted in human–AI collaboration, posthumanist pedagogy, and socio-culturally grounded human-

centered designs emphasize shared authorship, transparency, and reflective AI literacy to ensure that efficiency 

and productivity gains do not eclipse creativity, ethical accountability, or students’ intellectual ownership of their 

work (Han, 2025; Maphoto et al., 2024; Seran et al., 2025; Yusuf et al., 2024).
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The technological  rationale  for  GenAI integration is  founded on the development  of  AI-mediated learning 

environments that actively operationalize these theories into concrete features and user practices.  Empirical 

research on AI-supported writing systems—such as PapyrusAI, ChatGPT-based platforms, and Grammarly—

illustrates that when these tools are embedded within structured pedagogical sequences (e.g., “think first, then  

prompt, then reflect”), employ scaffolded prompting interfaces, and support staged writing processes (pre-writing, 

drafting, revision) alongside blended AI–teacher feedback, GenAI can effectively enhance linguistic accuracy,  

organizational coherence, metacognitive reflection, and students’ feedback literacy, without diminishing cognitive 

engagement or transferring responsibility for learning to the tool itself (Tate et al., 2025; Escalante et al., 2023;  

Kong & Yang, 2024; Chen, 2025; Chanpradit, 2025).

Systematic reviews and empirical studies across EFL, ENL, distance education, and doctoral writing contexts  

converge on a depiction of GenAI as a configurable pedagogical scaffold and feedback partner—capable of  

improving cohesion, clarity, and learner confidence, yet simultaneously capable of creating over-dependence, 

cognitive dissonance, and ethical dilemma when divorced from explicit institutional policies and usage guidelines 

(Escalante et al., 2023; Maphoto et al., 2024; Zamorano, 2025; Chanpradit, 2025; Al-Saliti et al., 2025). Against  

this backdrop, scholarly focus increasingly shifts from the question of whether GenAI should be integrated into  

writing pedagogy to how—and under  which theoretical,  pedagogical,  and technological  commitments  – its 

integration can credibly claim to support meaningful learning rather than merely automate text production.

Writing Pedagogies

Writing pedagogy has  undergone substantial  conceptual  evolution over  recent  decades,  shifting away from 

conceptions of writing as a static, one-shot product toward recognition of it as a recursive, strategic, and socially  

situated  act.  Contemporary  practice  is  most  prominently  influenced  by  two  complementary  pedagogical 

orientations—process-based instruction and genre-based approaches—which, together and in tension, shape how 

learners are taught not only to produce texts but also to understand the social purposes and discourse communities 

that anchor written communication. Against this backdrop, the following section delineates the foundational  

assumptions, instructional features, and empirical outcomes of process pedagogy, genre pedagogy, and their  

subsequent integration.

Core pedagogical orientations within contemporary writing instruction are commonly grounded in process writing 

and genre-based teaching, both of which reposition writing away from a static, one-shot product and toward a  

complex, iterative, and socially embedded activity. The process approach underscores the cognitive and recursive 

dimensions of composing, whereby learners engage in planning, drafting, revising, and editing across multiple 

drafts, typically accompanied by systematic feedback, peer and teacher conferencing, and collaborative task 

structures (Jarunthawatchai et al., 2025; Hanusova et al., 2020; Bin-Hady et al., 2020; Badger & White, 2000).  

This perspective foregrounds learning how to write—emphasizing the gradual development of strategies for idea 

generation, text organization, linguistic refinement, and writerly self-regulation over time.
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Conversely, genre-based pedagogy conceptualizes writing as a socially situated form of action. In this model,  

texts are understood as purposeful, recurrent responses to specific contexts, audiences, and communicative aims, 

characterized by recognizable rhetorical stages and linguistic configurations (Hyland, 2003; Hyland, 2007; Phạm 

& Bui, 2021; Orfanò & Wingate, 2024). Genre pedagogy often materializes through a structured teaching–learning 

cycle in which learners build contextual knowledge, analyze model texts, engage in jointly constructed writing 

with teacher scaffolding, and subsequently produce independent texts within the target genre (Jarunthawatchai et 

al., 2025; Bin-Hady et al., 2020; Phạm & Bui, 2021; Ganapathy et al., 2022). Empirical evidence demonstrates  

that explicit genre instruction enhances students’ command of discourse moves, organizational patterns, and 

genre-specific linguistic features, particularly within high-stakes academic and professional writing tasks (Hyland, 

2007; Zhang & Zhang, 2021; Ganapathy et al., 2022; Orfanò & Wingate, 2024).

Yet, neither model—on its own—offers a sufficiently comprehensive pedagogical foundation. Process-oriented 

instruction may inadvertently minimize explicit attention to language forms and genre conventions, while a genre-

exclusive  approach  risks  obscuring  the  nonlinear,  recursive  realities  of  composing.  These  limitations  have 

contributed  to  the  development  of  integrated  process–genre  pedagogies,  which  synthesize  cognitive  and 

sociocultural insights by drawing simultaneously on process, product, and genre traditions (Jarunthawatchai et 

al., 2025; Hanusova et al., 2020; Bin-Hady et al., 2020; Badger & White, 2000). Within such frameworks, learners 

are supported in mastering both the staged procedures of composing and the ways texts are shaped by discourse 

communities, communicative purposes, and audience expectations—often through iterative cycles of reading 

model texts, collaborative drafting, and autonomous revision (Jarunthawatchai et al., 2025; Hanusova et al., 2020; 

Bin-Hady  et  al.,  2020).  Research  conducted  in  EFL  and  university  contexts  indicates  that  these  blended  

approaches yield improvements in content quality, textual organization, cohesion, and learner confidence at levels 

surpassing single-method instruction (Jarunthawatchai et al., 2025; Hanusova et al., 2020; Insuwan & Thongrin,  

2025; Bin-Hady et al., 2020; Zhang & Zhang, 2021).

Taken together, this body of work demonstrates that no singular pedagogical model is sufficient in isolation. 

Instead, integrated process–genre frameworks offer the strongest basis for supporting students’ development as 

writers—cultivating both strategic, recursive composing and explicit genre awareness. As writing needs continue 

to diversify across academic and professional landscapes, future instructional design must strategically blend  

cognitive and sociocultural perspectives, ensuring that pedagogy remains adaptable, contextually responsive, and 

capable of sustaining learners’ growth as autonomous and confident writers.

Generative AI and Language Technologies

Generative artificial intelligence refers to a class of computational models designed to produce new content – such 

as text, images, or code – by learning underlying statistical patterns from large-scale datasets and subsequently 

sampling from these learned distributions to create original yet data-consistent outputs (Banh & Strobel, 2023; 

Ooi et al., 2023). Within this broader family, large language models (LLMs) constitute the subset specialized for  

natural language processing. These models are transformer-based neural architectures, frequently comprising 
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billions of parameters, trained on extensive text corpora to predict successive tokens in a sequence, thereby 

enabling advanced language understanding and generation across a wide array of NLP tasks (Hagos et al., 2024; 

Li et al., 2022; Kumar, 2024; Xu et al., 2023). In contemporary NLP practice, text generation is conceptualized 

as an end-to-end mapping from an input (e.g., a natural language prompt, source text, or structured data) to an  

output sequence, optimized such that the model’s conditional probability distributions yield fluent, coherent, and 

contextually appropriate language (Li et al., 2022; Kumar, 2024).

The foundation of LLM-based text production lies in autoregressive language modeling. During pre-training, the 

model learns to estimate the probability of each upcoming token given its preceding context, employing self-

attention mechanisms to capture contextual dependencies and long-range linguistic relationships (Li et al., 2022; 

Kumar, 2024; Venkatasubramanian & Chakraborty, 2024). Once trained, generation unfolds through an iterative 

sampling process in which the model selects tokens from its learned probability distribution; decoding strategies  

such as greedy search or beam search are used to balance determinism, coherence, and linguistic diversity (Kumar, 

2024). These technical capabilities allow LLMs to perform a wide spectrum of text-based operations—including 

translation, summarization, question answering, and conversational interaction—often in zero-shot or few-shot 

configurations where task instructions are conveyed solely through natural-language prompts (Hagos et al., 2024; 

Li et al., 2022; Xu et al., 2023).

More  broadly,  generative  AI  systems  extend  NLP  beyond  traditional  discriminative  paradigms  (e.g.,  

classification)  toward  creative,  open-ended  language  generation.  While  this  shift  enables  transformative 

applications in education, communication, and knowledge work, it simultaneously introduces concerns regarding 

reliability, bias, ethical use, and vulnerability to misuse (Hagos et al., 2024; Banh & Strobel, 2023; Sengar et al.,  

2024; Ooi et al., 2023).

Learning Theories Supporting AI Integration

Core learning theories provide an essential foundation for understanding why and how artificial intelligence can 

be pedagogically legitimized within writing instruction. Rather than conceptualizing AI as a neutral, context-free 

tool, contemporary scholarship situates its use within established perspectives on how learners think, interact, and 

develop over time. These theoretical lenses help determine not only whether AI should be used, but under which 

instructional conditions it can support – not substitute – human cognition and authorship.

From a sociocultural and dialogic standpoint, learning is a socially mediated, language-dependent process. Within 

this framing, AI chatbots and generative writing tools can be understood as mediating artifacts or “digital peers”  

capable of participating in dialogue, providing feedback within learners’ zones of proximal development, and 

scaffolding drafts, outlines, and argumentation (Yao et al., 2025; Kim et al., 2024; Li & Wilson, 2025; Parker et  

al., 2024; Wegerif & Casebourne, 2025). Work drawing on activity theory conceptualizes AI-supported feedback 

as one component within a broader activity system – comprising subject, tool, community, and rules – that 

complements rather than replaces teacher response in L2 writing (Yao et al., 2025). Dialogic theories further  
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justify  the  integration  of  generative  AI  when  it  is  positioned  as  expanding  cultural  conversation  and  co-

construction of meaning, rather than simply delivering finished textual products (Wegerif & Casebourne, 2025).

Cognitive and self-regulated learning theories offer an additional rationale by framing AI as a mechanism for  

reducing cognitive load, externalizing linguistic subskills, and strengthening metacognition throughout the writing 

process. AI-enhanced NLP tools, for instance, support grammar, vocabulary, and textual organization, thereby 

freeing cognitive resources for higher-order planning, idea development, and argumentation (Zhao, 2024; Kong 

& Yang, 2024; Song & Song, 2023; Lai, 2025). Evidence from experimental and quasi-experimental studies 

indicates that AI-generated feedback can enhance writing quality while promoting goal-setting, monitoring, and  

iterative revision in alignment with self-regulated learning models (Song & Song, 2023; Zhang et al., 2025; Fan  

et al., 2024; Lai, 2025). Nonetheless, findings related to “metacognitive laziness” underscore the importance of 

deliberate instructional design that prompts students to evaluate, question, and refine AI-generated suggestions 

rather than passively adopting them (Fan et al., 2024).

Constructivist and social cognitive perspectives further support AI-mediated writing environments that emphasize 

active meaning-making, modeling, and dialogic feedback. Tools that enable personalized, adaptive interaction 

and immediate response align with constructivist notions of learners building knowledge through rich engagement 

with tasks and resources (Gibson et al., 2023; Bahari et al., 2025). Social cognitive theory has also been applied  

to frame AI-supported language learning as a context in which learners can observe, imitate, and then appropriate 

modeled language and rhetorical strategies, with AI functioning as a conversational partner capable of enhancing 

self-efficacy – particularly when accompanied by human scaffolding (Guan et al., 2024; Chiu et al., 2023). Across 

these theoretical traditions, the pedagogical legitimacy of AI in writing ultimately rests on conceptualizing AI as  

a scaffold that strengthens agency, dialogue, and self-regulation – rather than a shortcut that displaces human  

thinking or diminishes intellectual ownership.

Applications of Generative AI Across the Writing Process

Generative AI – particularly applications powered by large language models such as ChatGPT, Gemini, and 

Copilot – is rapidly reshaping how students engage with the writing process, extending its influence from the  

earliest emergence of an idea through the refinement of a final manuscript. Rather than functioning merely as 

automated correction tools, these systems increasingly operate as multipurpose writing assistants, virtual tutors, 

and digital peers that learners strategically mobilize at different stages of composing in response to varied needs  

(Kim et al., 2024; Kim et al., 2025; Alpar, 2025). Findings from emerging classroom-based and interview-driven 

research  indicate  that  students  already  incorporate  GenAI  into  cycles  of  planning,  drafting,  revising,  and 

reflecting, often engaging in iterative, back-and-forth patterns of human–AI co-composition (Kim et al., 2024; 

Wang, 2024; Kim et al., 2025).

At the pre-writing stage, GenAI tools support learners in brainstorming topics, generating research questions, 

locating background information,  and sketching preliminary outlines,  ultimately lowering the cognitive and 
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affective barriers to initiating complex academic tasks (Kim et al., 2024; Kim et al., 2025; Alpar, 2025). During 

drafting, students frequently rely on AI to expand initial ideas into full paragraphs, reorganize arguments for  

improved coherence, or experiment with alternative syntactic and rhetorical structures – often progressing “from 

broad concepts to intricacies” through AI-generated scaffolds that they subsequently revise and appropriate into  

their own voice (Kim et al., 2024; Wang, 2024; Kim et al., 2025). In the revision and editing phases, GenAI 

systems offer immediate feedback on both global dimensions – such as argument quality, organizational structure, 

and coherence – and local linguistic features including grammar, diction, and stylistic expression, with some 

studies noting the added value of blended AI–teacher feedback for promoting richer revision practices (Wang, 

2024; Tran, 2025; Escalante et al., 2023).

Research also underscores students’ affective and metacognitive gains when AI is incorporated intentionally.  

Continuous, on-demand support has been shown to reduce writing anxiety, maintain motivation, and prompt 

reflective engagement, as learners evaluate, adapt, and sometimes contest AI-generated suggestions rather than 

adopting them uncritically (Kim et al., 2024; Kim et al., 2025). At the same time, concerns regarding overreliance, 

erosion of authorial voice, and risks to academic integrity emphasize the need for explicit pedagogical guidance 

and critical AI literacy, ensuring that generative systems augment rather than supplant core composing skills (Kim 

et al., 2024; Wang, 2024; Raza et al., 2025; Escalante et al., 2023). Viewed through this framing, generative AI is 

not a shortcut to producing finished texts but a flexible scaffold that – when aligned purposefully with different 

writing stages – can support students in becoming more strategic, reflective, and agentive writers.

Pre-Writing Support

AI tools are increasingly embedded in the earliest phases of the writing process, when learners may still be  

struggling to articulate a topic, generate ideas, or outline a preliminary plan. Research across school and higher  

education contexts demonstrates that students turn to AI chatbots and other AI-enabled systems to overcome 

“blank  page”  paralysis,  elaborate  on  nascent  ideas,  and  explore  multiple  argumentative  directions  before  

committing to a draft (Pratiwi et al., 2025; Wang, 2024; Utami et al., 2023; Alpar, 2025; Woo et al., 2022). In this 

pre-writing space, AI operates less as an automatic text generator and more as a cognitive partner – one that 

suggests possibilities, poses provocative questions, and provides structural scaffolds to support the organization 

of emerging thoughts.

Studies with undergraduate and doctoral writers show that tools such as ChatGPT and similar generative platforms 

are commonly used to brainstorm subthemes, identify angles on a research topic, and connect early ideas with 

relevant theories or scholarly sources – resources that students then independently revise and develop (Pratiwi et 

al., 2025; Kim et al., 2024; Utami et al., 2023). Survey and mixed-method studies further indicate that AI-

supported “idea exploration” and outlining functionalities facilitate topic selection and help learners move from 

broad thematic concepts to more focused research questions or thesis claims (Utami et al., 2023; Alpar, 2025). 

Within language learning contexts, self-built chatbots and GenAI systems have been shown to generate lists of 

arguments, counterarguments, narrative elements, or provisional outlines, enabling students to visualize a text’s  

overall structure before composing (Guo & Li, 2024; Alpar, 2025; Woo et al., 2022).



171

Interdisciplinary Applications of Artificial Intelligence – 1

At the same time, empirical findings reveal meaningful tensions. Many students report that AI-assisted ideation 

and planning not only enhance efficiency and reduce writing-related anxiety but also deepen topic knowledge, 

confidence, and motivation (Pratiwi et al., 2025; Kim et al., 2024; Goldman et al., 2025; Guo & Li, 2024). Yet  

parallel concerns emerge regarding the potential dilution of originality or the risk of “laziness” in critical and 

creative thinking when AI is heavily relied upon at this early stage (Pratiwi et al., 2025; Wang, 2024; Utami et al., 

2023; Escalante et al., 2023). Such concerns underscore the necessity of guided and ethical AI use – positioning 

generative tools as scaffolds that support exploration, organization, and questioning, while ensuring that students 

remain accountable for evaluating suggestions, making deliberate choices, and ultimately owning the plan they 

carry into drafting.

Drafting and Co-Writing

AI-powered writing tools have evolved far beyond the role of simple spellcheckers; they increasingly function as 

co-writers  that  generate,  reshape,  and extend  text  alongside  human authors.  Across  academic  and creative  

domains, students and researchers employ large language models (LLMs) to draft sections, rephrase passages,  

and suggest  continuations,  engaging in  iterative  “machine-in-the-loop” workflows in  which human and AI 

contributions become tightly interwoven (Nguyen et al., 2024; Wang, 2024; Singh et al., 2022; Fang et al., 2024). 

Process-tracing studies of doctoral and undergraduate writers reveal that proficient users do not simply accept AI 

output at face value. Instead, they engage in cycles of prompting, critiquing, copying, pasting, and revising AI-

generated text – gradually transforming it into integrated components of their own manuscripts (Nguyen et al.,  

2024; Wang, 2024; Kim et al., 2025).

As generative text assistants, AI systems can operate as entry-level writers, producing initial drafts or sample  

paragraphs that learners subsequently expand, reorganize, and personalize – reducing the cognitive and emotional 

burden of “getting something on the page,” while still maintaining human control over argumentation, authorial  

voice, and audience awareness (Wang, 2024; Kim et al., 2024; Altmäe et al., 2023). Tools such as Wordtune and 

Sudowrite  exemplify  this  support  function  by  offering  alternative  phrasings,  tonal  variations,  expanded  or 

condensed  versions  of  user-generated  sentences,  and  stylistic  continuations  –  resources  that  are  especially 

beneficial  for  language  learners  who  may  struggle  to  sustain  narrative  flow  or  explore  linguistic  options  

spontaneously (Zhao, 2022; Fang et al., 2024; Rahmi et al., 2024). Empirical work conducted in L2 and EFL  

contexts further reveals that AI-assisted writing can enhance grammatical accuracy, cohesion, and fluency, even  

though content density and nuanced conceptual development often still require deliberate human supplementation 

and refinement (Zhao, 2022; Yan, 2023; Rahmi et al., 2024).

Beyond surface-level text improvement, AI can also function as a collaborative partner in knowledge construction, 

offering counterarguments, examples, or alternative framings that writers evaluate, adapt, and weave into more 

complex argumentative structures (Cress & Kimmerle, 2023; Kim et al., 2025; Rashid et al., 2025). However, this 

co-writing  potential  introduces  significant  tensions.  Research  documents  perceived  gains  in  efficiency, 
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confidence, and idea development, but also substantial concerns regarding overreliance, erosion of authorial 

identity, and risks to academic integrity when AI-generated text is presented as original work (Dergaa et al., 2023; 

Wang, 2024; Alberts et al., 2023; Barrett & Pack, 2023; Bedington et al., 2024). In response, emerging design-

based studies highlight the need for interfaces and pedagogies that preserve human agency – supporting learners  

in planning, monitoring, and selectively using AI suggestions – so that co-writing with AI strengthens rather than 

replaces students’ strategic, critical, and creative writing capacities (Nguyen et al., 2024; Kim et al., 2025; Krajka 

& Olszak, 2024).

Revision and Editing

AI-powered writing tools are increasingly reshaping how students receive feedback on their drafts, shifting from 

basic spellchecking to the provision of multi-layered feedback on grammar, coherence, clarity, and organization. 

Contemporary automated writing evaluation (AWE) systems and large language model (LLM) – based assistants 

can identify sentence-level errors, flag awkward or ambiguous phrasing, and evaluate global features such as  

structural coherence and logical progression – often in real time and at scale (Xuan, 2025; Zheng & Zhang, 2025; 

Lee et al., 2025; Shi & Aryadoust, 2024; Zhang, 2025). Recent developments in hybrid deep-learning architectures 

– combining transformer models with sequential  networks or incorporating knowledge-graph components – 

enable assessments that span grammatical accuracy, discourse coherence, and organizational integrity, while  

generating individualized suggestions that increasingly approximate human evaluators’ ratings of writing quality 

(Xuan, 2025; Zhang, 2025).

Across educational contexts, AI-generated feedback has been shown to support measurable improvements in 

second-language  writers’  performance.  Tools  such  as  Grammarly,  BERT-based  diagnostic  systems,  and 

ChatGPT-assisted instructional  models have demonstrated positive effects on grammatical  accuracy, textual  

coherence, and organizational structure, with randomized trials and classroom-based studies reporting gains in 

holistic writing quality, cohesion, and coherence compared to traditional instruction alone (Lee et al., 2025; 

Jaramillo et al., 2025; Wei et al., 2023; Zhai & Xiaomei, 2022; Song & Song, 2023). Among EFL and ESL 

learners, AI-supported feedback serves as a scaffold for iterative revision cycles: students receive color-coded or  

itemized comments on errors, clarity, and transitions, revise their drafts accordingly, and gradually produce more 

logically ordered, cohesive, and fluent texts (Hwang et al., 2023; Jaramillo et al., 2025; Wang et al., 2022; Zhou, 

2025).

Despite these benefits, research also identifies notable limitations and design challenges. Systematic reviews  

emphasize that most AI feedback still disproportionately focuses on surface-level linguistic features – grammar,  

spelling, punctuation – with comparatively fewer systems offering reliable guidance on higher-order aspects such 

as argumentation, discourse-level coherence, and rhetorical clarity (Wang et al., 2022; Shi & Aryadoust, 2024).  

Some studies further indicate that automated diagnostic feedback may outperform student self-assessment in areas 

such as organization and task fulfillment, yet can paradoxically reduce learners’ confidence when comments are  

perceived as overly critical, opaque, or insufficiently contextualized (Lee et al.,  2025). Moreover, empirical 

evidence suggests that the most substantial improvements in cohesion and organization occur when AI-generated 
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feedback is deliberately combined with teacher and peer input – positioning AI as one component within a broader 

feedback ecology rather than a stand-alone evaluator (Escalante et al., 2023; Zhang et al., 2025; Yang et al., 2025; 

Zhai & Xiaomei, 2022).

Taken together, this emerging body of work suggests that AI-mediated feedback can function as a scalable, 

“always-on” writing coach capable of helping students refine linguistic form, sharpen clarity, and strengthen 

organizational logic – provided its use is carefully integrated with human guidance to sustain comprehension,  

engagement, and long-term writer autonomy.

Formatting and Publishing

AI tools are increasingly capable of transforming rough student drafts into polished, shareable texts by supporting 

multiple stages of refinement – from sentence-level correction to global restructuring. Large language model 

(LLM)  –  based  assistants  and  specialized  writing  tools  now  offer  grammatical  correction,  vocabulary 

enhancement, and smoothing of awkward phrasing, thus producing more fluent and academically conventional 

language without necessarily altering the writer’s underlying ideas (Kim et al., 2024; Song & Song, 2023; Black  

&  Tomlinson,  2025).  In  practice,  learners  often  paste  self-written  paragraphs  into  chatbots  and  request 

improvements such as “strengthen this writing,” “use more precise vocabulary,” or “improve flow.” The model  

then generates a cleaner, more cohesive, and more professional-sounding version of the original text (Song & 

Song, 2023; Black & Tomlinson, 2025).

Beyond surface-level editing, AI can assist students in reorganizing content so that the final product follows a  

clearer argumentative trajectory. EFL instructors report that tools such as QuillBot, Wordtune, and ChatGPT 

support content development and enhance overall organization, leading to essays that more closely align with  

expected  academic  patterns  (Widiati  et  al.,  2023;  Zhao,  2022).  Chatbots  can  generate  or  revise  outlines, 

recommend more  logical  sequencing  of  ideas,  tighten  introductions  and  conclusions,  and  identify  missing 

conceptual links between paragraphs—thereby helping writers to transform loosely structured drafts into more 

coherent and reader-friendly texts (Kim et al., 2024; Usher & Amzalag, 2025; Song & Song, 2023).

AI-generated feedback also facilitates iterative polishing through repeated cycles of revision. Automated systems 

and chatbots can provide immediate, targeted feedback on coherence, clarity, and organization, which students  

then incorporate into successive drafts until the text satisfies assignment or publication expectations (Escalante et 

al., 2023; Huang & Wilson, 2021; Cotos et al., 2020; Deep & Chen, 2025). Studies indicate that when learners 

actively engage with this feedback – critiquing AI suggestions, selectively incorporating them, and revising 

accordingly – the final product tends to show significant gains in cohesion, accuracy, and sophistication of 

expression (Nguyen et al., 2024; Khuder, 2025; Jin et al., 2024; Song & Song, 2023).

However, research consistently emphasizes that AI should serve as a writing assistant, not a ghostwriter. Both  

students and tutors highlight the importance of revising AI-generated text to restore personal authorial voice,  
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ensure factual accuracy, and prevent plagiarism – thus ensuring that the final polished version authentically  

reflects the student’s understanding and effort (Wang, 2024; Dergaa et al., 2023; Eleftheriou et al., 2025; Deep & 

Chen, 2025; Perkins et al., 2023). When used in such a collaborative manner, AI can streamline the transition  

from initial draft to final, shareable document while simultaneously supporting – rather than replacing – students’ 

development as independent, reflective writers.

Instructional Design and Classroom Scenarios

Teachers are increasingly expected to navigate the pedagogical implications of AI while continuing to teach 

writing as a cognitively demanding, meaning-making activity. In real classroom environments – often shaped by 

time limitations, large class sizes, and uneven access to technological resources – AI cannot simply be appended 

onto instruction as an optional add-on; rather, it must be deliberately embedded within tasks that promote language 

development, critical thinking, and ethical use instead of offering shortcuts that bypass learning (Mills et al., 2025; 

Liu et al., 2021; Tran, 2025). Recent research in AI-supported EFL/ESL writing demonstrates that learning gains, 

self-efficacy, and engagement are highest when AI tools are positioned as cognitive partners, feedback agents, 

and reflective prompts within carefully structured instructional sequences (Lai, 2025; Mills et al., 2025; Liu et al., 

2021; Rashid et al., 2025; Tran, 2025).

Designing effective AI-mediated writing tasks therefore begins with clarifying the learning goals – whether 

focused on genre features, argumentation, cohesion, register, or audience – and then determining what roles AI 

should and should not play. Experimental and classroom-based studies highlight successful approaches in which 

students draft or outline independently before turning to tools such as ChatGPT or Grammarly to refine ideas, 

obtain feedback on language and organization, or compare their drafts with AI-generated exemplars (Lai, 2025;  

Crompton et al., 2024; Mills et al., 2025; Liu et al., 2021; Ghafouri et al., 2024). Sequenced, genre-specific  

pedagogies that weave AI into brainstorming, outlining, revision, and self-editing – rather than one-click text 

production – have been shown to improve writing quality, resilience, and self-regulation in both blended and self-

directed learning settings (Lai, 2025; Liu et al., 2021; Aladini et al., 2025; Saleem et al., 2025).

A further design principle concerns fostering reflection, agency, and ethical awareness. AI-supported learning 

environments that explicitly prompt students to evaluate, explain, and selectively incorporate AI feedback tend to 

produce deeper  learning and stronger  outcomes than “conventional”  AI use alone  (Liu  et  al.,  2021).  Task  

structures grounded in co-regulation or active-learning frameworks – where AI is conceptualized as a “more  

capable other” or “cognitive partner,” and positioned alongside peer dialogue and teacher guidance – support the 

development of metacognitive strategies and sustained creativity, reducing the risk of overreliance (Rashid et al., 

2025; Aladini et al., 2025; Li & Wilson, 2025).

At the same time, real-world implementations must attend to practical constraints and risks. Research conducted 

in under-resourced contexts and career-oriented ESL courses underscores the need for design decisions that 

consider  technological  infrastructure,  cultural  and  genre-specific  expectations,  and  explicit  guidelines  on 
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appropriate AI use (Nguyen et al., 2025; Saleem et al., 2025; Pakdel et al., 2025; Almusharraf et al., 2025). When 

thoughtfully designed, AI-supported writing tasks can expand opportunities for feedback, personalization, and 

engagement – provided teachers anchor them in transparent objectives, scaffolded learning processes, and explicit 

commitments to integrity and learner autonomy.

Assessment of Writing and Generative AI

AI is now capable of evaluating student writing at scale, ranging from holistic scoring to fine-grained formative 

feedback. Automated writing evaluation (AWE) systems and more recent large language model (LLM) – based  

tools analyze dimensions such as grammar, vocabulary, organization, coherence, and rubric alignment, generating 

scores and comments that increasingly resemble human rater output (Shi & Aryadoust, 2024; Zhang, 2025; Nie,  

2025; Atkinson & Palma, 2025; Ramesh & Sanampudi, 2021). Methodological approaches vary along a spectrum 

– from feature-based scoring models that draw on linguistic indicators of quality, to deep-learning systems (e.g.,  

SBERT, transformer architectures, LSTMs) that capture discourse-level structure and semantic relationships in 

order to more closely approximate human evaluation (Nie, 2025; Atkinson & Palma, 2025; Ramesh & Sanampudi, 

2021; Tan et al., 2025).

Evidence regarding reliability – the extent to which AI ratings are consistent with human scores – is increasingly 

strong in several learning contexts. Automated essay scoring systems and rubric-based LLM graders commonly 

achieve high correlations or intraclass correlations with trained human raters, in some cases exceeding 0.9,  

suggesting near–human-level scoring consistency in constrained tasks such as short responses or rubric-guided 

essay assessments (Seneviratne & Manathunga, 2025; Atkinson & Palma, 2025; Banihashem et al., 2024; Yavuz 

et al., 2024). Hybrid architectures and knowledge-graph-enhanced scoring further improve stability and mitigate 

annotation bias by integrating linguistic layers and applying cross-validation strategies (Zhang, 2025; Nie, 2025; 

Tan et al., 2025).

Findings on validity – whether AI-generated scores accurately represent the construct of writing ability – are more 

mixed and context-specific. Systematic reviews of AI-based written feedback report stronger outcomes related to 

usability and student learning impact than to empirically rigorous construct validation, with concerns persisting  

around limited attention to content relevance, higher-order reasoning, and genre-specific rhetorical demands (Shi 

& Aryadoust, 2024; Khojasteh et al.,  2025; Ramesh & Sanampudi, 2021). Comparative studies consistently  

demonstrate that, although AI systems can match humans on surface-level accuracy and criteria-based scoring  

metrics,  expert  teachers continue to  outperform automated models in  prioritizing essential  writing features, 

interpreting nuance, and aligning evaluative decisions with complex educational objectives (Steiss et al., 2024; 

Al-Obaydi & Pikhart, 2025; Gao, 2021; Ramesh & Sanampudi, 2021).

From an instructional standpoint, AI-mediated writing evaluation appears most effective when used as a formative 

aid  rather  than  a  stand-alone  assessor.  In  large  or  online  courses,  AI-generated  scoring  and  feedback  can  

dramatically expand access to timely responses on drafts, support peer and self-assessment, and facilitate iterative 
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revision.  Multiple  studies  document  improvements  in  feedback quality,  writing performance,  and feedback 

literacy when AI tools are thoughtfully integrated with teacher guidance and classroom assessment practices (Shi 

& Aryadoust,  2024;  Khojasteh et al.,  2025; Xuan, 2025; Lee, 2023; Guo et al.,  2024; Gozali et al.,  2024). 

Simultaneously, research cautions against risks of overreliance, opacity, and algorithmic bias—underscoring the 

importance of blended human-AI scoring models where automated systems augment, rather than replace, teacher 

judgment and where learners  receive explicit  instruction in  interpreting and critically evaluating automated 

feedback (Shi & Aryadoust, 2024; Khojasteh et al., 2025; Al-Obaydi & Pikhart, 2025; Tan et al., 2025; Gozali et 

al., 2024).

Opportunities, Challenges, and Ethical Concerns

AI is rapidly becoming embedded in both writing and assessment systems, compelling educators to balance its  

pedagogical benefits against serious concerns related to fairness, plagiarism, and broader long-term educational  

consequences. Studies involving EFL, ENL, and L2 writers demonstrate that when its use is structured and guided, 

AI-assisted instruction can enhance organization, coherence, grammatical accuracy, vocabulary development, 

motivation, and learner engagement (Song & Song, 2023; Escalante et al., 2023; Chen & Gong, 2025; Li & Long, 

2025; Zhang, 2025). Students frequently experience AI tools as multitasking assistants, virtual tutors, and digital 

peers that make drafting and revision more efficient and less anxiety-provoking (Kim et al., 2024; Song & Song,  

2023; Deep & Chen, 2025; Malik et al., 2023; Chen & Gong, 2025). At the programmatic level, AI can expand  

access to feedback, support personalized and differentiated learning pathways, and help cultivate emerging 21st-

century literacies – including multimodal composition and sustainability-oriented awareness (Crompton et al., 

2024; Yıldız, 2025).

Yet these advantages are tightly intertwined with significant pedagogical risks. Learners and teachers consistently 

report tendencies toward overreliance, diminished critical thinking, and shallow cognitive engagement when AI  

is used to generate – rather than support – writing, particularly in unguided settings or high-stakes academic 

contexts (Song & Song, 2023; Chan & Hu, 2023; Pakdel et al., 2025; Chen & Gong, 2025; Özçelik & Ekşi, 2024; 

Zhang, 2025).  Risks related to accuracy, hallucinated references,  and limited contextual  comprehension are 

especially pronounced in disciplines that rely on evidence-based reasoning and domain-specific knowledge (Song 

& Song, 2023; Chan & Hu, 2023; Pakdel et al., 2025). Educators also express concerns that habitual dependence 

on AI could erode human writing skills, reduce creativity, and weaken the perceived academic value of higher  

education credentials (Gustilo et al., 2024; Chan & Hu, 2023; Malik et al., 2023; Pakdel et al., 2025).

Issues of fairness and academic integrity underscore these debates. Access to advanced AI tools remains uneven  

across students, institutions, and socioeconomic contexts, raising concerns that AI-enhanced writing may widen 

existing inequities rather than close them (Gustilo et al., 2024; Pakdel et al., 2025; Alotaibi, 2024). Complicating 

matters further, AI-generated text can evade plagiarism detection and blur traditional standards of authorship,  

making it increasingly difficult to distinguish legitimate support from forms of contract cheating or undisclosed 

co-authorship  (Perkins,  2023;  Gustilo  et  al.,  2024;  Chan  &  Hu,  2023;  Yan,  2023;  Yeo,  2023).  Scholars 
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increasingly argue for transparency, updated academic policies, and explicit AI literacy education – reframing 

fairness as the expectation of disclosed,  critically mediated AI collaboration rather than hidden automation  

(Perkins, 2023; Yeo, 2023; Zhang, 2025; Eager & Brunton, 2023).

The long-term implications of AI for writing pedagogy and higher education remain uncertain yet profound.  

Optimistic perspectives highlight opportunities for scalable and inclusive instructional support, particularly for 

students who have been historically underserved, as well as possibilities for new forms of human-AI collaborative 

authorship  (Deep  &  Chen,  2025;  Crompton  et  al.,  2024;  Zhang,  2025;  Alotaibi,  2024).  More  cautionary 

viewpoints  warn  that  if  AI  replaces  rather  than  augments  student  work,  core  educational  goals  –  writing 

proficiency, critical thinking, epistemic agency, and the meaning of academic credentials – may be fundamentally 

undermined (Song & Song, 2023; Chan & Hu, 2023; Pakdel et al., 2025; Nguyen et al., 2024). Sustainable  

integration of AI into writing instruction therefore requires addressing not only immediate classroom affordances 

and  risks  but  also  how contemporary  design  choices  will  shape  future  norms of  authorship,  learning,  and 

expertise.

Conclusion

Across theoretical, technological, and pedagogical perspectives, this chapter has portrayed generative AI not as a 

neutral tool, but as a powerful and ambivalent mediator of writing and assessment. When grounded in process–

genre pedagogies and learning theories, and when embedded in carefully sequenced tasks, AI can function as a 

configurable scaffold: expanding access to feedback, supporting pre-writing and revision, enhancing organization 

and cohesion, and fostering greater confidence and engagement among diverse writers. It can also help teachers  

manage  large  classes,  extend  formative  assessment,  and  cultivate  new  literacies  that  prepare  students  for 

increasingly AI-saturated communicative landscapes.

At the same time, the chapter has underscored persistent risks related to overreliance, reduced critical thinking,  

fairness, academic integrity, and the potential erosion of human authorship and expertise. Evidence suggests that 

AI works best as a formative, “always-on” assistant whose suggestions are evaluated, questioned, and selectively 

adopted within a broader ecology of teacher and peer feedback – not as an opaque judge or invisible ghostwriter. 

Any sustainable integration of GenAI into writing pedagogy must therefore remain theory-informed, context-

sensitive, and policy-aware, explicitly framing AI use as disclosed, critically mediated collaboration. Ultimately,  

the future of writing in education will be shaped less by what AI can technically do, and more by how educators, 

institutions, and students choose to align these capabilities with enduring goals of writing proficiency, epistemic 

agency, and ethical participation in knowledge-making communities.
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Introduction

Artificial intelligence (AI) has emerged as a significant force in today's world, focusing on problem-solving and 

symbolic reasoning since its inception. In the 21st century, advancements in machine learning and big data have 

led to significant paradigm shifts in various areas, including education (Funa & Gabay, 2024). In this regard, AI,  

in the context of education, is positioned as a strategic element that fundamentally transforms learning, teaching, 

and institutional structures, beyond being merely a technological tool (Singh et al., 2025). This section examines 

the rise of AI in education within the framework of historical context, digital transformation, and the Education 

4.0 paradigm. Furthermore, the innovative applications it brings to educational activities, its existing potential,  

and its transformative effects are discussed.  

The Rising Role of AI in Education 

The use of AI in education has gained significant momentum in recent years. As AI's role in education becomes  

increasingly  central,  applications  such  as  learning  analytics,  adaptive  learning  platforms,  and  automated 

assessment systems are emerging. This is because AI supports learner-centred approaches and strengthens data-

driven decision-making processes. Furthermore, its ability to monitor student performance in real-time enables 

the personalization of learning processes, transforming traditional education models by increasing the scalability  

of educational services (Shaikh & Kıranlı Güngör, 2025). Furthermore, AI is emerging as an assistant that supports 

and strengthens teaching processes not only for learners but also for teachers. AI tools reduce teachers' workload 

both inside and outside the classroom, enabling them to focus more on their core pedagogical roles (Fabiana & 

Fabian, 2025). In these respects, AI is considered a comprehensive transformation tool that reshapes both learning 

processes and teaching practices in education.  

Digital Transformation and Education 4.0 Context

Digital  transformation is creating structural  impacts  on education systems,  directing educational  institutions 

towards increasing their innovation capacity and utilising the full potential of digital technologies. Along with  

this transformation, the Education 4.0 approach, which expresses the fundamental change that digitalisation has 

brought about in education systems, has come to the fore. Emerging as an extension of Industry 4.0, Education  

4.0 is characterised by elements such as flexible learning environments, lifelong learning, and a competency-

based approach to education (Kamarudin, 2024). The key to digital transformation in education lies in innovative 

pedagogical  approaches  that  incorporate  components  such  as  intelligent  teaching  systems  and  data-driven 

decision-making processes (Garzón et al., 2025). In this context, digital technologies, particularly AI, play a 

central role in their potential to transform learning and teaching practices. AI is considered a strategic tool that  

enables  more  inclusive,  effective,  and  personalised  learning  experiences  by  overcoming  the  limitations  of 

traditional education models (McCarthy et al., 2023).
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Research Problem and Purpose of the Section

The increasing impact of AI applications in education necessitates that teachers and educators develop new 

pedagogical, digital, and ethical competencies. However, conceptual ambiguities, pedagogical alignment issues, 

and ethical debates regarding the use of AI in education persist in the literature (Zhu et al., 2025). In particular,  

technical issues such as algorithmic bias, data privacy, and 'black box' algorithms, as well as the tension between 

the multidimensional nature of educational contexts and the requirements for technical standardisation, are among 

the fundamental problems that must be considered in the integration of AI into education (Chen et al., 2020).

In this context, the aim of this section is to conduct an in-depth review of the existing literature on the integration 

of AI applications into education and their pedagogical effectiveness; to analyse the transformation taking place 

in education from a multidimensional, critical, and holistic perspective; and to identify research directions for the 

potential future of this transformation. Thus, the aim is to both contribute to the theoretical gaps in the literature  

for researchers and provide practical guidance for practitioners on the problems encountered in integrating AI into 

educational processes (Córdova-Esparza, 2025).

Scope and Structure of the Section

This chapter comprehensively addresses the theoretical foundations of AI in education, its role in pedagogical 

transformation within the context of Education 4.0, and its impact on learning and teaching processes. The chapter 

examines the rising role of AI in education and the dynamics of digital transformation, followed by an evaluation 

of its  primary application areas and pedagogical  effects.  Critical  issues,  including ethics,  data privacy, and 

transparency, are also addressed. Finally, future perspectives offered by AI for education systems, along with 

research  and  policy  recommendations,  are  presented.  This  structure  aims  to  provide  the  reader  with  the  

opportunity  to  understand  the  multidimensional  effects  of  AI  in  education  within  a  clear  and  systematic 

framework.

AI and Education: Conceptual and Theoretical Foundations

This section emphasises that the transfer of AI to the field of education is not merely a technical process; rather,  

it  is  a  multidimensional  phenomenon grounded in  cognitive,  pedagogical,  and  epistemological  foundations 

(Ouyang & Jiao,  2021).  AI,  in  the  context  of  education,  goes  beyond being  a  mere  technological  tool;  it  

reconstructs learning and teaching processes as an analogy of human intelligence. It is considered a phenomenon 

with profound theoretical implications (Rismanchian & Doroudi, 2025). In this regard, the theoretical framework 

of the relationship between AI and education should be positioned within the axes of cognitive processes, learning 

theories, and the philosophy of knowledge. This section aims to establish this theoretical framework and create a 

solid conceptual foundation for subsequent sections.
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AI Concepts and Their Intersection with Education

AI is defined as the ability of computer systems to perform complex cognitive tasks, such as reasoning, learning,  

problem-solving, and decision-making, which are typically associated with human intelligence (Langley, 2019).  

In  the  context  of  education,  these  fundamental  AI  capabilities  are  directly  linked to  learning and teaching 

processes. For example, AI's reasoning ability is reflected in intelligent teaching systems that support students in 

making logical inferences and help them solve complex problems step-by-step (Bellas et al., 2022). Similarly, the 

concept of learning from an AI perspective refers to algorithms improving their performance by extracting patterns 

from data, while in education, it  manifests itself through the delivery of personalised and adaptive learning 

activities (Ciaschi & Barone, 2025). Furthermore, decision-making and autonomy capabilities gain an educational 

function through AI's ability to generate predictions about student performance, provide feedback, and adapt 

pedagogical strategies (Gennari et al., 2023).

Within this framework, AI plays three fundamental  roles in the context of education: as a tool,  a teaching 

environment, and a pedagogical actor. As a tool, AI supports teachers in administrative processes and offers 

functions such as automated assessment and personalised feedback. In its role as a learning environment, it 

provides interactive and dynamic learning experiences, particularly through adaptive platforms (Létourneau et al., 

2025).  As a  pedagogical  actor,  AI  applications directly  influence learning processes  by offering individual 

guidance to students through intelligent teaching systems and chatbots. In this context, it should be emphasised  

that the transfer of AI to the field of education is not merely a technical issue; it is a multi-layered phenomenon 

based on cognitive, pedagogical, and epistemological foundations (Rismanchian & Doroudi, 2025).

The Relationship Between Cognitive Science, Learning Science, and AI

Cognitive science and learning sciences provide conceptual and theoretical frameworks that explain the mental  

processes of human learning. These two concepts provide a robust theoretical foundation for designing AI systems 

and their practical application in educational environments. Information processing theory approaches the human 

mind as a system that acquires, processes, stores, and retrieves information. This approach aligns with AI's ability 

to process perceptual inputs, creating internal cognitive representations and making decisions based on these  

representations (Hameed, 2020). Similarly, constructivist learning theory argues that learners actively construct 

knowledge  rather  than  passively  receiving  it.  AI-supported  learning  environments  similarly  support  these 

knowledge construction processes through interactive scenarios (Voskoglou, 2023). The sociocultural approach 

emphasises that learning occurs within social interactions and cultural contexts. AI-based collaborative learning 

environments  and  learning  analytics  applications  enhance  the  educational  applications  of  this  theoretical 

framework by facilitating increased peer interaction (Balzan et al., 2025). In this regard, cognitive science theories 

inform the pedagogical  design of AI-supported teaching systems,  contributing to the alignment of teaching 

technologies with the principles of learning psychology (Gibson, 2023).
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However, these theoretical frameworks also require a critical assessment of the relationship between AI systems  

and human cognition. Although AI systems can model certain aspects of human learning, they lack the complex  

characteristics of human cognition, such as flexibility, creativity, emotional depth, and contextual sensitivity 

(Deng et al., 2025). Indeed, current AI models cannot fully replicate some of the dynamic and multi-layered  

mechanisms of the human brain (Lake & Baroni, 2023). In this context, a theoretical approach that considers the 

limits and complementarity of the relationship between AI and human cognition is critical for positioning AI's  

role in education in a more realistic and pedagogically meaningful way.

AI Models Used in Education  

AI models used in education are generally categorised into three main types: symbolic AI, machine learning (ML) 

AI,  and generative AI (GenAI).  This  classification is  important  for  understanding how AI is  positioned in 

education and which pedagogical requirements it  addresses. Each approach is based on different theoretical  

foundations and has unique contributions and limitations in terms of learning and teaching processes. 

Symbolic AI encompasses rule-based systems where knowledge is represented through explicit rules, symbols, 

and logical inference mechanisms. Early intelligent tutoring systems (ITS) used this approach to guide students' 

problem-solving steps according to predefined rules (Broisin, 2020). The strongest aspects of symbolic AI are 

transparency,  explainability,  and  traceability  of  decision  processes.  These  features  support  conceptual  

understanding and the "why" question from a pedagogical perspective. However, its limitations in dealing with 

complex and ambiguous data, the need for a manual knowledge base, and low adaptability are fundamental  

limitations of this approach in educational settings.

Machine learning is a data-driven approach that improves the performance of algorithms by training them on data 

(Mallik & Gangopadhyay, 2023). ML is widely used in education in areas such as predicting student performance, 

identifying learning difficulties, creating adaptive learning environments, and learning analytics applications 

(Song, 2024). The black box problem in decision-making processes, the risk of algorithmic bias, and the need for 

high-quality and large-volume data are significant pedagogical limitations (Wazan et al., 2023).

GenAI encompasses models that can generate new content such as text, images, sound, or code. It has rapidly  

spread in the field of education, particularly with the emergence of large language models such as ChatGPT  

(Kohnke & Foung, 2024). GenAI applications have significant potential in areas such as the production of teaching 

materials, automated feedback, scenario-based learning design, and support for the assessment process. Content  

accuracy, ethical risks, disinformation, and potential adverse effects on students' critical thinking skills are among 

the fundamental pedagogical limitations (Yan et al., 2024).

The Historical Transformation of Educational Technologies and the Position of AI
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The  historical  transformation  of  educational  technologies  is  a  process  that  began  with  computer-assisted 

instruction. Over time, this process has evolved towards e-learning, mobile learning, intelligent teaching systems, 

and adaptive learning environments (Willet & Na, 2024). In the early days, tools such as slide projectors, radio, 

and television were used in education, promising innovation. In later periods, computers, internet-based platforms, 

and mobile devices were integrated into education (Gràcia & Gil, 2021). These technologies contributed to the  

diversification  of  teaching  methods  by  facilitating  access  to  information  and  knowledge.  However,  in  the  

educational context, they have generally been positioned as tools that support content delivery and interaction 

(Almulla & Ali, 2024). In a later stage, intelligent tutoring systems (ITS) and adaptive platforms changed the  

direction of educational technologies by offering structures capable of limited adaptations based on student  

performance.

Within this historical trajectory, AI represents a qualitative turning point in educational technologies. While 

previous technologies primarily focused on facilitating knowledge transfer, AI has created a fundamental shift  

through its dimensions of pedagogical interaction, adaptability, and data-driven decision-making (Bauer et al., 

2025). AI-supported adaptive learning systems can dynamically adapt content and feedback based on students'  

behavioural patterns. This forms the basis of personalised learning experiences (Castro et al., 2025). Today, 

learning analytics, adaptive platforms, and customised AI tools have become central to educational technologies. 

Data-driven teaching processes have become widespread. Various systematic reviews have demonstrated that  

these systems optimise learning pathways, increase student engagement, and enhance the quality of teaching 

outcomes (Wang et al., 2024).

The position of AI in educational technologies is regarded not merely as a technological advancement, but as a 

broader paradigm shift that requires a rethinking of pedagogical and organizational structures (Wang et al., 2024). 

In this context, AI is positioned not merely as a tool that automates existing processes but as an element of  

transformation that  redefines the nature of learning and teaching processes.  This section aims to provide a 

theoretical framework for why and how AI plays a transformative role in education, thereby establishing a 

conceptual bridge for subsequent sections.

The Transformative Effects of AI in Education

The transformation brought about by AI in education represents a paradigm shift that goes beyond a simple  

digitalization process, profoundly affecting the fundamental components and structural dimensions of education 

(Kabanda, 2025). This process not only challenges traditional educational models but also redefines approaches 

to learning and assessment (Zhang & Fenton, 2024).  In this context,  AI has brought about a multi-layered  

transformation in educational processes and structures. In this respect, AI stands out as a fundamental paradigm  

that reshapes not only how education is delivered but also how it is conceptualized.

The Transformation of Learning Processes
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Artificial  intelligence-supported  learning  environments  go  far  beyond  traditional  "one-size-fits-all"  learning 

models. They offer flexible and dynamic environments that can be adapted to students' individual learning styles  

and paces (Kestin et al., 2025). This transformation essentially eliminates limitations such as temporal, spatial,  

and content sequencing constraints on learning. It reconfigures learning processes across cognitive, affective, and 

metacognitive dimensions (Ren & Wu, 2025). AI enhances the learning experience by making it more interactive 

and goal-oriented through personalized learning, adaptive learning, and instant feedback mechanisms (Wang et 

al., 2024). These systems have the potential to enhance learners' capacity to manage their own learning processes 

and their motivation to learn. Therefore, they are considered not merely as assistive technologies in learning 

environments but as an integral and effective part of the learning experience (Bauer et al., 2025).

Personalised Learning 

Personalised learning aims to provide learning experiences tailored to students' knowledge levels, learning speeds, 

and individual characteristics, based on a learner-centred and constructivist approach (Gupta, 2024). Artificial  

intelligence-based systems support this process by creating learning activities and content using student data and 

learning analytics (Merino Campos, 2025). This approach has the potential to increase learning efficiency and 

individual success, particularly in classrooms where students with varying academic achievement levels are 

together  (Dumbuya,  2024).  Despite  this  potential,  ethical  and  structural  risks,  such  as  the  digital  divide,  

algorithmic bias, and data privacy concerns, are frequently raised in relation to AI-supported personalization 

(Rasheed et al., 2025). Therefore, the personalised learning process should be transparent and ethically designed  

fairly and inclusively. 

Adaptive Learning

Adaptive learning systems are artificial intelligence-based platforms that dynamically organise learning activities 

and content based on students' prior knowledge, learning speeds, and immediate performance (Gupta, 2024). 

These systems aim to create the most suitable learning plan for each individual by continuously collecting data  

from student interactions. Thus, the goal is to go beyond a one-size-fits-all teaching approach and increase learning 

efficiency  (Ginting  et  al.,  2024;  Hariyanto,  2025).  AI-supported  adaptive  learning  can  strengthen  students'  

perception of success and learning motivation by presenting content at the right time and at an appropriate level 

of difficulty (Lan & Zhou, 2025). Furthermore, by providing greater control over learning processes, it supports 

learner  autonomy.  Nevertheless,  overly  personalised  learning  activities  carry  the  risk  of  limiting  students' 

discovery, critical thinking, and self-regulation skills (Verghis et al., 2025). Therefore, in the design of adaptive  

learning systems, a balanced pedagogical approach should be adopted between dimensions such as cognitive 

challenge and learner autonomy.

Feedback
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Immediate feedback is considered a fundamental element that enhances the effectiveness of learning, particularly 

in behavioral  and cognitive learning theories.  Constructivist  approaches,  on the other hand,  emphasize that  

feedback  should  be  supportive  in  nature,  helping  students  to  construct  their  own understanding.  Artificial  

intelligence-supported systems can provide instant, formative, and personalized feedback by analyzing

 student interactions and performance data in real time (Durak & Onan, 2025; Salameh, 2025). The instant  

feedback loop enables students to quickly identify their mistakes, monitor their learning processes, and make the 

necessary corrections without delay. This positively supports motivation and academic achievement (Wang et al., 

2024). However, the quality and pedagogical meaning of automated feedback must be carefully considered. 

Feedback that is context-free, superficial, or contains algorithmic biases can weaken rather than support learning. 

It may also lead to a reduction in student–teacher interaction (Zhu et al., 2025). Therefore, an effective automated 

feedback system should not be limited to providing right or wrong information. It should take on a function that 

encourages learning by providing insights into the student's thought process.

The Transformation of Teaching Processes

AI is transforming teaching processes, restructuring the teacher's role from the traditional position of "knowledge 

transmitter"  to  that  of  learning  designer,  guide,  and  facilitator  (Ley  et  al.,  2025).  This  transformation  is 

strengthened  by  AI  reducing  teachers'  routine  workload,  supporting  personalised  learning,  and  making 

instructional decision-making processes data-driven (Ren & Wu, 2025). AI-supported applications contribute to  

the implementation of pedagogical approaches in a more strategic, flexible, and student-centred manner through 

the innovative solutions they offer in course design, content production, and assessment (Amado-Salvatierra et  

al.,  2023). In this respect, AI is positioned as a fundamental, transformative element that reshapes teaching  

practices, rather than merely serving as a supportive tool in the teaching process.

AI-Supported Course Design

AI significantly impacts instructional design by determining learning objectives, content sequencing, and selecting 

teaching strategies, thereby making instructional design more data-driven and adaptable. AI-supported tools can 

analyse student performance and interaction data to suggest learning paths, content adjustments, and teaching 

strategies tailored to different student profiles, enabling courses to be structured in a more targeted and dynamic 

manner (Choi et al., 2024). This approach enables teachers to base their teaching decisions on analytical insights 

rather than intuitive preferences, thereby strengthening the process of achieving teaching objectives. However,  

there is a risk that AI-generated recommendations may be disconnected from the pedagogical context or remain  

superficial,  which  could  weaken  learner-centredness  and  design  intent  (Amado-Salvatierra  et  al.,  2023). 

Therefore, in AI-supported course design, AI should be positioned not as an element that replaces the instructional 

designer's pedagogical expertise, but as a tool that supports and enriches it.

Content Production and Material Development
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GenAI  can  rapidly  and  scalably  generate  learning  materials,  including  text,  visuals,  audio,  and  interactive 

simulations, with the potential to enhance learning outcomes. In this respect, AI is transforming content production 

and material development processes (Bozkurt et al., 2024). This allows teachers to reduce their workload in this  

area and focus more on their fundamental pedagogical roles, such as guidance, feedback, and enriching the 

learning experience. However, the accuracy, timeliness, cultural sensitivity, and pedagogical appropriateness of 

materials produced by AI require critical evaluation (Nguyen, 2025). The teacher's pedagogical control and ethical 

responsibility are decisive at this point. Reviewing these materials in line with expertise and adapting them to the 

context will eliminate the risk of inaccurate or biased content negatively affecting learning processes (Nadim & 

Fuccio, 2025). Therefore, GenAI should be positioned as an assistant that supports teachers in creating content 

and developing materials.

AI in Measurement and Evaluation Systems

AI-supported measurement and assessment approaches go beyond traditional assessment models, offering more 

efficient,  personalised,  and  process-oriented  assessment  opportunities.  Formative,  competency-based,  and 

adaptive assessment models are becoming more feasible thanks to AI algorithms (Waladi & Sefian, 2023). Student 

performance can be continuously monitored, and instant feedback can be provided (Durak & Onan, 2025).  

Automatic scoring and AI-based assessment tools accelerate the process, particularly in large-scale and open-

ended assessments, thereby reducing teachers' administrative burden (Johnson & Zhang, 2024). They also enable 

students to track their own progress more effectively (Wang et al., 2024).

However, AI-supported assessment systems require critical evaluation in terms of fairness and trust. Algorithmic 

biases  and  a  lack  of  transparency  regarding  how the  systems  operate  create  significant  limitations  in  the  

assessment processes. Furthermore, the limited ability to assess higher-level cognitive skills such as creativity and 

contextual  thinking carries  the  risk  of  undermining the reliability  of  the  results  obtained (Simbeck,  2023).  

Therefore, explainability, human oversight, and adherence to ethical principles are fundamental requirements in 

AI-supported measurement and assessment applications. The final assessment must be carried out in conjunction 

with human expertise (Li, 2025).

Corporate and Systemic Transformation

AI is  transforming  the  management,  planning,  and  quality  assurance  processes  of  educational  institutions,  

enabling them to achieve a more efficient and data-driven structure (Siminto et al., 2023). This transformation 

also  encompasses  institutional-level  decision-making  mechanisms  and  the  shaping  of  educational  policies  

(Garzón et al., 2025). The increasing role of data in institutional decision-making processes stands out as one of  

the key factors determining the macro-level effects of AI on education systems (Ifenthaler & Yau, 2020).

Learning Analytics
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Learning analytics is a field that analyzes large datasets obtained from learners and learning environments to  

provide insights into learning processes and support informed decision-making (Ifenthaler & Yau, 2020). AI-

supported analytical systems create early warning mechanisms by extracting meaningful patterns from student 

performance data, enabling the timely identification of at-risk students (Herodotou et al., 2020; Fahd & Miah, 

2023). This approach enables the development of data-driven strategies aimed at improving student success (Zhu 

et al., 2025). However, it is essential to note that ethical issues, such as data privacy and algorithmic bias, must be 

carefully managed (Garzón et al., 2025).  

AI-Based Learning Management Systems

AI-based learning management systems (LMS) optimise educational institutions' administrative and academic 

processes  through automation and data  analytics  (Sain et  al.,  2024).  Automating functions such as  student 

enrolment, course planning, and performance tracking increases institutional efficiency. Furthermore, the learning 

experience is supported through pedagogically personalised content, reminders, and progress reports (Wang et al., 

2024). The data-driven recommendations provided by these systems contribute to enhancing teaching processes 

and improving student success. Furthermore, maintaining a balance between automation and human oversight is 

crucial for ensuring transparent and reliable institutional decision-making (Sain et al., 2024).

Digitalisation and Its Impact on Education Policies

The digitisation of education policies highlights the impact of AI on fundamental policy areas such as ethical and 

legal oversight, accessibility, and equality (Garzón et al., 2025). AI is transforming education policies in areas 

such as the restructuring of curricula at national and institutional levels, the development of teachers' digital  

competencies, and the design of new learning environments (Schiff, 2021). However, the cost and infrastructure 

requirements of AI-based solutions carry the risk of deepening the digital divide (Dlamini & Ndzinisa, 2025).  

Algorithmic biases, data privacy, and transparency issues necessitate an ethical management approach (Balan,  

2024). Therefore, developing comprehensive policy frameworks that ensure the fair, ethical, and sustainable use 

of AI in education is emerging as a fundamental priority at both global and local levels.

This section has critically examined the transformative effects of AI in education at the policy, governance, and  

system levels. The following section will then examine the concrete applications of AI in education in detail,  

illustrating how it is used in learning, teaching, and assessment processes through specific examples.

AI Applications in Education

AI has now moved beyond being an abstract technology in the field of education and has become an integral 

component of learning environments, assessment processes, and discipline-specific teaching practices. In line 

with  the  theoretical  foundations discussed in  previous sections and the  transformative effects  of  AI in  the 

educational  context,  this section addresses the practical  applications of AI in education. These applications 
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encompass a wide range, from designing learning environments to measuring and assessing processes, and from 

discipline-specific  teaching approaches to  interactive learning experiences  (Wang et  al.,  2024).  Within this  

framework,  the  pedagogical  contributions,  structural  limitations,  and ethical  risks  associated with AI-based 

educational applications will be examined through an analytical and critical approach.

AI-Supported Learning Environments

 AI-based learning environments provide students with dynamic and adaptable learning experiences that surpass 

traditional  approaches  in  terms  of  learner  interaction,  personalization,  and  learning  continuity.  Learning 

environments have become more student-centered with the use of AI. Within the scope of personalised learning, 

they enable active participation and the delivery of tailored course content (Garzón et al., 2025). Furthermore,  

instant feedback mechanisms and learning analytics-based monitoring tools contribute to the continuous support 

and enrichment of learning processes.

Intelligent Teaching Systems

Intelligent Teaching Systems (ITS) are among the most established and widely used applications of AI-based  

learning environments. They differ from traditional teaching in terms of learner interaction, personalisation, and 

learning continuity (Mousavinasab et al.,  2018). They aim to provide student-centred and dynamic learning 

experiences through learning activities and content delivery tailored to individual learning needs, along with  

instant feedback mechanisms (Zerkouk et al., 2025).

Findings in the literature indicate that AÖSs support deep learning and academic achievement by optimising 

cognitive load through these capabilities (Steenbergen-Hu & Cooper, 2013). However, maintaining a balance 

between the teacher's role and system autonomy is critical for the effective integration of AÖS. Excessive system 

autonomy can lead to a weakening of pedagogical control. Furthermore, data privacy and algorithmic biases 

underscore the need for ethical and responsible approaches in AI design (Zerkouk et al., 2025).

Chatbots and Conversation-Based Learning

 AI-powered chatbots are tools that simulate human-like conversations thanks to their natural language processing 

capabilities. These systems, which can provide learners with question-and-answer, guidance, and interactive 

support, are playing an increasingly widespread role in education (Neji et al., 2023). These tools answer student 

questions, facilitate access to course materials, and provide homework reminders. They support the learning 

process, particularly in language education, by providing safe and non-judgmental conversation practice (Labadze 

& Grigolia, 2023). They can also tailor learning experiences to individual needs (Pratiwi et al., 2024). In this 

respect, chatbots have the potential to enhance interactive learning while reducing the routine support burden on 

teachers (Garzón et al., 2025).
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However, there are some limitations and risks associated with the use of chatbots in education. The presentation 

of misleading or outdated information, interaction remaining at a superficial level, and students' tendency to accept 

system outputs without questioning them can negatively affect the quality of learning (Polverini & Gregorcic, 

2024; Yuen & Schlote, 2024). Furthermore, data privacy, ethical responsibility, and algorithmic biases are among 

the factors that directly affect the reliability of chatbots (Yuan, 2025). Therefore, it is important to observe  

pedagogical principles that support accuracy, transparency, and critical thinking in the design and use of chatbots 

in education.

GenAI for Course Material Production

GenAI tools enable the rapid production of teaching materials such as text, images, audio, and video, particularly 

through large language models. In this respect,  they significantly accelerate educators'  content development 

processes. GenAI enables the efficient creation of personalised content, summaries, quizzes, and scenario-based 

learning materials in line with learning objectives and student profiles (Yaacoub et al., 2025). In this way, GenAI 

can reduce the time and workload teachers devote to content production, allowing them to focus more on their 

core pedagogical roles.

However,  the  pedagogical  quality  and  ethical  dimensions  of  materials  generated  by  GenAI require  critical 

evaluation. The accuracy, cultural appropriateness, and pedagogical depth of content may be insufficient without 

teacher guidance. Copyright infringements, the reflection of algorithmic biases in content, and the spread of 

misinformation  are  other  significant  risks  (Nguyen,  2025).  Furthermore,  the  sustainable  and  scalable 

implementation of AI-supported material production depends on the continuous monitoring of ethical principles  

and data privacy standards. In this context, GenAI should be considered not as a substitute for teachers but as an 

assistant that enhances their pedagogical expertise and supports creativity.

AI-Supported Assessment

 AI both automates measurement and assessment processes and enables more detailed and process-oriented  

analyses  (Zhao,  2024).  AI-supported  assessment  approaches  facilitate  formative  and  competency-based 

assessment. Tracking students' progress in a more systematic manner enables instant feedback and enhances the 

quality of assessment processes.

Automatic Marking  

AI-based automatic marking systems have the ability to evaluate student responses quickly and consistently.  

Thanks to this ability, they are widely used, particularly for multiple-choice, short-answer, and structured response 

types. These systems automate and standardise assessment processes in large-scale examinations, while providing 

instant feedback and detailed analyses, thereby increasing assessment efficiency and reducing the workload on 

teachers (Rotou & Rupp, 2020; Zhao, 2024).



201

Interdisciplinary Applications of Artificial Intelligence - 1 

However,  automated  grading  applications  have  significant  limitations  in  terms  of  validity,  reliability,  and 

pedagogical fairness. In particular,  when evaluating open-ended responses that require creativity, contextual  

thinking, and higher-order cognitive skills,  it  is  difficult  for algorithms to match the level  of interpretation  

achieved by human evaluators. Furthermore, algorithmic biases can produce unfair results for students from 

different linguistic and cultural backgrounds (Xu et al., 2021). Therefore, hybrid assessment approaches that 

incorporate transparency, continuous validation, and human oversight are essential in the design and use of  

automated scoring systems.

Rubric-Based and Process-Focused Assessment

AI-supported rubric-based assessment approaches enable the analysis of developmental processes in student 

performance. Through structured rubrics aligned with specific learning outcomes and success criteria, AI can 

systematically evaluate student work and provide consistent and detailed feedback. This increases assessment 

transparency while enabling students to see their strengths and areas for improvement more clearly (Xie et al.,  

2024a). Particularly in skill-based areas such as language learning, AI-supported rubrics make the learning process 

more measurable and traceable, encouraging self-regulated learning (Köylü, 2025).

In the context of process-oriented assessment, AI can track not only students' final products but also their problem-

solving steps, collaboration processes, and the thinking strategies they use. This tracking contributes to more  

comprehensive  analyses  of  the  learning  process  and  strengthens  the  feedback  loop.  It  also  enables  the 

identification of errors made by students throughout the process and the provision of immediate corrective  

feedback (Guo et al., 2024). In this respect, AI takes on a function that supports the continuity of learning and  

transforms assessment into a pedagogical learning tool.

Competency-Based Assessment  

AI-supported  competency-based  assessment  approaches  aim  to  evaluate  students'  proficiency  in  specific  

knowledge, skills, and attitudes more accurately and holistically through data-driven analyses. AI algorithms that 

analyse performance data obtained from students' different learning activities and assessment processes provide 

scoring and feedback based on competency levels by tracking cognitive processes. This significantly contributes 

to the identification of individual learning activities and the creation of personalised development plans (Zhao,  

2024).

This approach enables the assessment of not only students' knowledge levels but also 21st-century skills such as 

problem-solving, critical thinking, collaboration, and creativity. Furthermore, AI-supported assessment systems 

can offer scalable and sustainable solutions by accelerating and standardising assessment processes in large 

student groups. Monitoring algorithmic biases, regularly updating systems, and observing ethical principles are  

critical to the reliability and long-term applicability of these applications. 
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Discipline-Specific Applications

The applications of AI in education exhibit significant diversity in line with the unique pedagogical needs and  

learning objectives of different disciplines. AI technologies adapted to discipline-specific learning requirements 

support discipline-specific teaching practices, unlike general teaching approaches. They also make their impact  

on learning processes more tangible and visible (Memari & Ruggles, 2025).

AI in STEM Education

AI  applications  in  STEM  (Science,  Technology,  Engineering,  and  Mathematics)  education  make  learning 

processes  more  effective  and  student-centred  through  intelligent  teaching  systems,  adaptive  learning 

environments, and automated assessment tools. Systematic reviews reveal that AI increases learning motivation  

in STEM fields and has meaningful and positive effects on academic performance (Memari & Ruggles, 2025).

The structure of STEM education, which focuses on fundamental skills such as problem solving, analytical  

thinking, experimentation, and data analysis, is supported by AI-assisted simulations, virtual laboratories, and 

data analytics tools, enabling more in-depth learning experiences. It offers safe and interactive experimental  

environments, particularly in fields such as physics and chemistry. Data analytics tools help students develop their 

ability to interpret complex data sets and discover patterns, contributing to the concretisation of abstract STEM 

concepts (Deckker & Sumanasekara, 2025; León et al., 2025).

Language Education with AI

AI has become an important tool in language learning, supporting the development of students' listening, speaking, 

reading,  and  writing  skills  through personalised  feedback  and  automated  assessment  capabilities.  AI-based 

applications accelerate the learning process by analysing students' language production in real time and offer 

teaching experiences that are sensitive to individual learning needs (Zhao, 2024; Xu & Ouyang, 2022).

The multidimensional nature of language acquisition, encompassing pronunciation, grammar, vocabulary, and 

cultural  understanding,  highlights  the  importance  of  AI-supported  adaptive  learning  platforms,  virtual 

conversation partners, and automated feedback systems. These systems enhance language fluency by offering  

opportunities  for  real-time  speech  practice,  pronunciation  analysis-based  feedback,  and  the  detection  of 

grammatical errors (Xodabande et al., 2025). They also boost students' confidence, thereby reducing their anxiety 

about practising (Ding & Yusof, 2025).

AI in Healthcare and Engineering Simulations

AI has become a key component in healthcare and engineering education, enriching practical learning through  

simulations and virtual learning environments. Particularly in these high-risk fields requiring advanced practical  
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skills, AI-supported simulations enable students to experience applications such as surgical procedures, complex 

engineering problems,  and emergency scenarios  in  safe  and controlled  environments  by providing realistic 

simulations (Garzón et al., 2025).

Such  simulations  offer  pedagogical  contributions  aimed  at  developing  students'  decision-making,  problem-

solving, and application skills. AI's performance analysis and learning analytics capabilities enable the provision 

of personalised feedback and the systematic monitoring of skill  development.  In this respect,  AI-supported 

simulations  stand  out  as  powerful  teaching  tools  that  support  applied  learning,  offer  error-free  learning 

opportunities, and increase the effectiveness of learning processes.

Art and Design Education with AI

 Art and design education is a multidimensional structure encompassing creativity, aesthetic decision-making,  

concept development, and production processes. In this context, GenAI stands out as a tool that supports creative 

production  by  offering  students  new opportunities  in  the  creation  of  artworks  and  design  prototypes,  idea 

development,  and  collaborative  production  processes  (Wang  et  al.,  2024).  AI-supported  production  tools 

contribute  to  students  experimenting  with  different  styles  and  aesthetic  approaches,  accelerating  creative 

processes,  and discovering new visual  possibilities.  However,  ethical  and philosophical  debates  concerning 

originality, copyright, and the artist's creative role are criticisms levelled at these technologies. Therefore, AI 

should be positioned as a tool that supports creativity, with the final aesthetic decision-making process remaining 

human.

The sustainability and scalability of discipline-specific productive AI applications depend on their optimisation in 

line  with  the  pedagogical  and  technical  requirements  of  the  field.  This  process  necessitates  continuous 

collaboration  between  discipline  experts  and  AI  developers,  the  integration  of  up-to-date  content,  and  the  

development of flexible systems capable of adapting to the changing needs of the arts and design fields. The 

development  of  cost-effective solutions,  particularly in  resource-intensive simulation and virtual  production 

environments, is critical for the widespread adoption and long-term viability of these applications.

AI in Interactive Learning Environments

 AI plays a central role in the development of interactive learning environments, not limited to content production 

or assessment processes in education. In the context of interaction, experience, and multi-sensory learning, AI-

supported environments offer students more engaging and personalised learning experiences.  They increase 

learning motivation and participation levels in class, thereby enhancing the quality and effectiveness of the 

learning process.

Augmented Reality (AR), Virtual Reality (VR), and Mixed Reality (MR)-Based Learning
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AR, VR, and MR-based learning environments offer students realistic, immersive, and interactive experiences  

thanks to AI integration. These technologies enable the concretisation of complex and abstract concepts, the safe 

experience of hazardous or inaccessible environments, and practical training in real-world scenarios (Garzón et  

al., 2025). They increase the effectiveness of the learning process (Dhaas, 2024).

AI can adapt the learning experience by analysing students' interactions, movements, and responses in AR/VR/MR 

environments in real time. This supports deeper cognitive understanding and increased learning motivation and 

curiosity from an affective perspective (Asoodar et al., 2024). Despite all these contributions, potential negative  

effects such as high costs, advanced technical infrastructure requirements, and technical problems are significant  

limitations to the widespread use of these technologies.

Educational Games and Gamification  

AI-supported  educational  games  and  gamification  applications  enhance  student  motivation  and  learning 

continuity by making learning processes more engaging, interactive, and trackable. AI can dynamically adapt the 

difficulty level of games based on student performance, provide personalised feedback, and generate new game 

scenarios or tasks aligned with learning objectives (Gao, 2024). In this respect, gamification stands out as a  

pedagogical tool that makes learning more lasting and meaningful.

However, the excessive use of gamification components such as badges, leaderboards, and competitive elements  

carries the risk of developing dependence on external motivation and weakening the intrinsic desire to learn in 

students (Limonova et al., 2024). Furthermore, despite AI's potential to optimise gamification elements according 

to  individual  student  profiles,  game  designs  must  be  aligned  with  pedagogical  goals  and  avoid  purely 

entertainment-focused approaches (Wadhwa et al., 2024).

AI in Multimedia (Video, Audio, Graphics) Content  

Multimedia learning is an approach based on presenting information through different sensory channels such as 

video, audio, graphics, and text (Twabu, 2025). AI enriches teaching materials with its capacity to produce,  

personalise, and optimise multimedia content in areas such as video analysis, speech recognition, and graphic  

design (Garzón et al., 2025). It makes the learning experience more accessible and effective with functions such 

as automatic summarisation, key concept extraction, multilingual subtitling, and translation (Navarrete et al.,  

2025). This integration contributes to presenting complex information in a more understandable and memorable 

way while catering to different learning styles.

However, the pedagogical effectiveness of AI-supported multimedia content depends on continuously improving 

it by analysing students' interactions with the content and designing it in line with fundamental teaching principles 

such as cognitive load theory (Saxena et al., 2023). While sustainability can be supported by reusing and enriching 

existing  content,  the  long-term  viability  of  these  systems  depends  on  the  continuity  of  the  technological 

infrastructure, educators' AI literacy, and careful management of ethical and pedagogical boundaries.
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The AI applications examined in this section demonstrate meaningful transformations in learning and teaching 

processes across different layers of education. While these applications have the potential to enrich the learner  

experience, they require the holistic management of pedagogical consistency, ethical responsibilities, and practical 

limitations. Sustainability depends on the technological infrastructure and educators' AI literacy and institutional 

adaptation capacity,  while  scalability  is  directly  related  to  the  development  of  cost-effective  solutions  and  

systematic dissemination strategies.

Ethical, Legal and Social Dimensions

 

The increasing use of AI in education raises fundamental issues such as ethical responsibility, legal accountability, 

and  social  justice.  While  the  AI  applications  discussed  in  previous  sections  demonstrate  meaningful  

transformations in learning and teaching processes, these transformations necessitate comprehensive management 

within the framework of pedagogical consistency, ethical responsibilities, and practical limitations. In this context, 

the integration of AI into education systems requires the adoption of a human, rights and responsibility-centred 

approach through issues such as data privacy, algorithmic biases, trust, copyright and liability. Sustainability and 

scalability are directly linked to technological infrastructure, educators' AI literacy and institutional adaptation 

capacity.

Data Privacy, Student Data and Confidentiality

 AI-supported education systems track student performance and learning preferences to enable learning analytics 

and personalised teaching applications. In some cases, they even collect and process large-scale and sensitive 

personal data, including biometric data (Huang, 2023). This necessitates strict adherence to fundamental privacy 

principles such as data minimisation, explicit consent, purpose limitation, and data security. It requires transparent 

definition of who processes the data, for what purpose, and for how long (Hariharan, 2025). The literature 

emphasises that privacy violations arising in data collection, storage, and sharing processes, along with the "black 

box" nature of AI systems, pose significant risks in terms of ethical issues (Guan et al., 2023).

In this context, the responsibilities of students, teachers, educational institutions, and technology providers must  

be clearly and fairly defined. Educational institutions must implement robust data protection measures such as  

encryption, secure storage, and controlled data transmission. It is fundamental that students and parents are 

informed about data applications and are given control over their personal data (Tang, 2024). Furthermore, 

organisations developing AI solutions must adopt design principles that comply with ethical and legal regulations 

and act in accordance with human rights and privacy standards as stipulated by legislation such as the European 

General Data Protection Regulation (Banu, 2024). Only then can the social legitimacy and sustainability of AI 

use in education be ensured (Huang, 2023).

Bias, Fairness and Transparency
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 AI systems can produce unfair and exclusionary outcomes for certain student groups due to biased modelling 

processes based on limited representative data sets (Baker & Hawn, 2021). This reinforces existing inequalities 

in education and undermines fairness in assessment and evaluation (Simbeck, 2023). It also carries the risk of 

negatively affecting inclusivity through "allocative" or "representational" harms (Eden et al., 2024).

In this  context,  transparency and explainability form the basis  of  fair  and reliable AI systems.  Making AI  

algorithms understandable to teachers and students in terms of what data they use, what criteria they apply, and 

how they make decisions is critical for establishing pedagogical trust, reducing algorithmic bias, and ensuring  

accountability (Shafik, 2024).

Trust in AI Systems in Education

Trust emerges as a fundamental determinant for the social acceptance and sustainable use of AI systems in 

education.  Research  shows  that  trust  in  AI  systems  is  directly  related  to  qualities  such  as  explainability, 

accountability, accuracy, and consistency (Lim et al., 2023). Explainability enables users to understand why AI 

produces certain outputs (Nguyen, 2025). Accountability reduces the "black box" perception by providing clarity 

on who is responsible, thereby strengthening pedagogical trust (Shafik, 2024).

However, the risks of excessive automation and "algorithmic authority" necessitate a critical assessment of trust  

in  the educational  context.  The delegation of  decision-making processes  to  automated systems can lead to 

accountability issues and tendencies towards "overconfidence," particularly when users lack sufficient knowledge 

about how the system operates (Selwyn et al., 2021). Therefore, AI systems must be designed and implemented  

with an approach that centres human oversight and balances AI autonomy with pedagogical control (Karran et al., 

2025).

Copyright and Content Ownership

The ownership of content generated by GenAI in text, visual, and other media formats raises new pedagogical and 

legal uncertainties in education. The proliferation of large language models has led to a fundamental paradigm  

shift in academic writing, plagiarism, and intellectual property (Hutson, 2024).  The question of how works  

generated by AI should be assessed in terms of human authorship and copyright remains a matter of debate  

(Bozkurt,  2023).  This  situation  blurs  the  boundaries  between  teacher  effort,  student  production  and  AI 

contribution, necessitating a re-examination of the concepts of authorship, originality and legal responsibility.

In particular, the assessment of work produced by students using AI-assisted tools has brought academic integrity 

and plagiarism debates to the forefront. Presenting AI outputs as student work without scrutiny risks undermining 

the learning process.  The use of  GenAI as a  "supportive tool" in creative processes brings to the fore the 

redefinition of authorship within a collaborative framework (Creely & Blannin, 2023). In this context,  it  is 

critically important for educational institutions to develop clear policies on the acceptable use of AI, provide 
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guidance on proper attribution and AI ethics, and adopt a holistic approach that protects both student rights and 

copyright.

Responsibility and Regulations in AI Use

Responsibility in the use of AI in education has a multi-layered structure shared among teachers, institutions,  

developers, and policymakers throughout the life cycle of AI systems. All of these actors must assume ethical and 

legal obligations based on protecting human rights and human dignity. Clear frameworks of responsibility should 

be established between developers, implementers, and regulators (Nguyen et al., 2023). In this context, it is  

emphasised that education stakeholders are directly responsible for the use of AI in education and that this 

responsibility is non-transferable.

AI regulations should aim to provide ethical assurance without restricting pedagogical innovation. They should 

also focus on scaling the benefits of AI in a safe, responsible and sustainable manner. AI policies in education  

should  consider  equality,  accountability,  the  right  to  education  and  democratic  values,  in  addition  to  data  

protection (Ellis, 2024). International human rights-based frameworks should guide this process (Rotenberg, 

2025). Institutional ethical guidelines and policies should establish clear standards for the use of AI in educational 

institutions. Regulations must develop balanced policy approaches between innovation and risks.

Future Perspectives  

The impact of AI on education points to a long-term transformation process that reshapes learning models,  

pedagogical approaches and education policies, differing from current practices. The future of AI in education 

paves the way for new pedagogical paradigms in line with trends such as automation, hybrid learning models,  

multimodal approaches, and human-AI collaboration (Vorobyeva et al., 2025). This section aims to address this  

transformation in light of evidence-based research findings and pedagogical theoretical frameworks.

Autonomous and Hybrid Learning Models

With the integration of AI into education systems, autonomous and hybrid learning models are expected to become 

increasingly widespread. Autonomous learning enables students to independently manage their own learning 

processes through AI-supported systems, while hybrid learning models offer flexible structures that combine the 

strengths  of  face-to-face  and  online  environments  (Wang  & Li,  2024).  AI-based  personalisation,  adaptive  

guidance, and intelligent teaching systems have the potential to enhance learner autonomy by optimising students' 

learning speeds and processes (Gotavade, 2024).
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However, realising this potential in a pedagogically meaningful way depends on maintaining a balance between 

AI autonomy and teacher guidance. Research shows that teachers' roles in guidance, motivation, facilitation, and 

emotional support play a complementary function in hybrid models and that the human–AI co-learning approach 

strengthens this balance (Karran et al., 2024). Considering the risk that excessive automation may undermine 

student self-efficacy and critical thinking, it is considered essential that AI systems be developed with human-

centred designs that support human autonomy and ensure equal learning opportunities (Karran et al., 2025).

Multimodal AI-Supported Learning Ecosystems

 Future learning ecosystems will be supported by multimodal AI systems capable of integrating different data 

types such as text, sound, image, movement, and context. These systems have the potential to make learning 

experiences more holistic,  interactive,  and context-sensitive by responding to individual differences in how 

students process information. Advanced multimodal language models enable personalised learning experiences 

by integrating natural language processing with audiovisual content production (Zerkouk et al.,  2025). This 

approach has positive effects on learning motivation, participation, and performance (Heilala et al., 2024).

However,  multimodal  AI-supported  learning  ecosystems also  bring new design  responsibilities  in  terms of 

accessibility, inclusivity, and cognitive load. Adaptations such as annotated content and subtitle support for 

visually  and hearing-impaired students  increase the  inclusivity  of  education (Elgohary & Zhu-Tien,  2025). 

However, the simultaneous use of multiple input channels carries the risk of increasing cognitive load (Kamal & 

Cooper-Stachowsky,  2024).  Therefore,  adhering to the principles of  cognitive load theory in  the design of 

multimodal  AI  systems,  avoiding  excessive  information  presentation,  and  adopting  inclusive  pedagogical 

approaches are fundamental requirements (Wells, 2025).

Human–AI Co-Creation

AI will go beyond being merely an automation tool in future educational environments, taking on a co-creative  

role alongside teachers and students. In this approach, AI is positioned as a creative partner in processes such as  

content design, problem-solving scenarios, and learning material production. By combining teachers' pedagogical 

expertise with AI's big data processing and learner profile analysis capabilities, it contributes to the emergence of 

richer and more effective learning experiences (Zhong & Cochrane, 2024). Research shows that such human–AI 

co-creativity models have positive effects on students'  cognitive development,  problem-solving,  and critical 

thinking skills (Jose et al., 2025).

However, the limits and ethical dimensions of human–AI collaboration must be carefully considered, as much as 

its pedagogical value. Issues of originality, creative responsibility, and ethical ownership are critical in co-creation 

processes. Risks such as plagiarism, copyright infringement, and the excessive externalisation of creativity are  

present in AI-generated content (Zerkouk et al., 2025). Therefore, while harnessing the creative potential of AI, it 

is  necessary  to  develop  human-centred  approaches  that  focus  on  human  creativity,  critical  thinking,  and 

pedagogical guidance (Jose et al., 2025).
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Super Personalisation and New Pedagogical Approaches

In the future of education, the approach of super personalisation, as the highest level of individualised learning, 

will become increasingly decisive.  Super personalisation refers to a framework that holistically analyses students' 

prior  knowledge,  learning  objectives,  cognitive  states,  and  motivation  levels  through  AI-supported  micro-

adaptations and real-time data analytics. This framework aims to dynamically optimise learning content and 

learning activities based on the multidimensional learner data obtained (Merino Campos, 2025). This approach  

promotes the development of new pedagogical paradigms that support student agency and autonomous learning 

by placing individual learning profiles at the centre of the learning ecosystem (Aggrey, 2018).

However,  the effects  of hyper-personalisation on learning equity and pedagogical  justice must be critically  

evaluated. Despite the potential to offer learning opportunities tailored to each student, algorithmic biases, data 

privacy risks,  and digital  inequalities  may limit  the  fair  and inclusive implementation of  these approaches  

(Roshanaei et al., 2023). Furthermore, the lack of transparency in micro-adaptation processes carries the risk of 

weakening students' control over their learning processes. Therefore, it is essential that super-personalisation-

based pedagogical approaches are designed in an integrated manner with ethical principles, data security, and 

fairness mechanisms.

AI Vision in Education Policies  

The transformative impact of AI on education systems necessitates the development of a comprehensive vision 

that encompasses not only classroom applications but also national and international education policies. Future-

oriented education policies should maximise the pedagogical potential offered by AI while adopting inclusive 

strategies  to  manage  ethical,  legal  and  societal  risks.  In  this  context,  teacher  training,  AI  literacy,  digital  

competencies and pedagogical leadership occupy a central position among policy priorities (Mbambo & Plessis,  

2024).

The success of education policies depends on sustainable practices supported by ethical usage guidelines and 

infrastructure  investments.  International  frameworks  emphasise  that  human-centred  design,  data  privacy, 

algorithmic fairness, and equal access principles should form the basis of AI policies (Zerkouk et al., 2025). At 

the same time, providing a robust technological infrastructure and reducing digital inequalities are emerging as 

prerequisites for a fair and inclusive transformation to enable the effective use of AI in education (Khan et al.,  

2025).

The educational policy perspective discussed in this section demonstrates that the transformative power of AIin 

education  can  only  be  meaningful  within  a  human-centred,  ethical  and  sustainable  vision.  Robust  policy 

frameworks, continuous adaptation and multi-stakeholder governance approaches will be decisive in positioning 

AI as a transformative tool that promotes the common good in education.
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Conclusion and Recommendations

This section has comprehensively assessed the current state  of AI in education and its  future research and  

application perspectives. The existing literature in the field of AI in Education highlights the potential of AIto 

transform teaching processes and contribute to the sustainable development goals of education systems. It also 

shows that  structural  problems persisting in  ethical,  political,  and social  dimensions related to  pedagogical 

applications need to be addressed (Mustafa et al., 2024). This book chapter addresses the impact of AIin education 

through a multidimensional approach, ranging from theoretical foundations to pedagogical transformation, from 

application examples to ethical and legal dimensions, and future perspectives. It demonstrates that AI represents  

a new phase in human-technology interaction and that this transformation can only produce meaningful and lasting 

gains for the future of education if it is managed in accordance with human-centred, ethical, and sustainable  

principles.

General Assessment

AI offers  significant  contributions  in  areas  such as  personalising learning processes  in  education,  adapting 

teaching materials, and optimising teaching processes (Wang et al., 2024). Systematic literature reviews and 

bibliometric studies reveal that the impact of AI is not limited to technological innovations; it is also directly  

related to goals of access equality, inclusivity, and sustainable education. In this context, there is a growing 

academic focus on AI's potential to support sustainable education practices, particularly in relation to the fourth  

Sustainable Development Goal (Nikolopoulou, 2025).

This chapter demonstrates that AI is not merely a supportive tool in education, but a transformative element  

grounded in cognitive, pedagogical, and epistemological foundations. The educational implications of artificial 

intelligence, the similarities and differences between human and machine learning, and the roles AI assumes in  

education  as  a  "tool,"  "environment,"  and  "pedagogical  actor"  have  been  addressed  within  a  theoretical 

framework. This framework has made it possible to understand AI-supported learning environments in terms of 

pedagogical rationale. However, the literature emphasises that the pedagogical contributions of AI applications 

must be considered alongside their ethical, reliability, and accessibility dimensions (Mustafa et al., 2024). Issues 

such as data privacy, algorithmic bias, trust, copyright, and responsibility reveal that AI's potential in education  

can only become sustainable and meaningful when balanced with multidisciplinary, ethical, and pedagogical 

approaches (Wang et al., 2024).

The Sustainable Potential of AI in Education

The sustainable  potential  of  AI  in  education  extends  beyond improving  individual  learning  experiences  to 

encompass the capacity of education systems to contribute to sustainable development goals. The literature reveals 

that  AI  has  significant  potential  in  terms  of  increasing  inclusive  and  accessible  educational  opportunities, 

supporting sustainable development principles, and integrating education policies with sustainability strategies 



211

Interdisciplinary Applications of Artificial Intelligence - 1 

(Nikolopoulou, 2025). In this respect, AI is considered a tool that can strengthen the transformative role of 

education, particularly in the context of the Sustainable Development Goals.

However, it is emphasised that AI-based applications can also contribute to environmental and social sustainability 

through energy efficiency, resource optimisation, and the digitisation of educational materials. However, realising 

this potential depends on educational institutions making strong infrastructure investments, promoting digital 

literacy, and developing inclusive policy frameworks. Otherwise, there is a risk that AI-supported transformation 

will deepen digital inequalities (Abulibdeh, 2025).

The sustainable use of AI in education is possible not only through technological capacity but also through a  

holistic approach to pedagogical, ethical, and institutional conditions. A human-centred design approach, ethical 

guidelines, the development of teacher competencies, and the strengthening of critical AI literacy stand out as key 

components of this process.  In the long term, AI should be positioned not merely as a tool focused on improving 

learning outcomes, but as a pedagogical element that supports the development of higher-level skills such as 

critical thinking, problem solving, and creativity.

This approach will enable AI to become a sustainable tool for transformation that makes education more equitable, 

accessible, and high-quality.

Recommendations for Research and Application  

The theoretical, pedagogical, and political discussions presented in this section of the book highlight the need for 

research and applications concerning the future of AI in education to be approached in a more systematic, ethical, 

and  sustainable  manner.  In  this  context,  the  recommendations  presented  below  aim  to  provide  a  guiding 

framework for both academic research and educational practice.

In terms of research, there is a need for longitudinal and interdisciplinary studies that holistically address the 

dimensions of sustainability, equity, and pedagogical impact in the field of AI in education. Research programmes 

that examine the relationship between AI and the Sustainable Development Goals and include pedagogical and 

system-level  impact  assessments  should be prioritised (Nikolopoulou,  2025).  In  addition,  it  is  important  to 

increase evidence-based studies addressing the effects of AI applications on access equality, inclusiveness, and 

the digital divide in education (Abulibdeh, 2025).  Future research should critically focus on theoretical and 

empirical approaches that address the relationship between AI and learning theories, cognitive load in human-AI 

interaction, and learner autonomy. Furthermore, it is necessary to examine the pedagogical and cognitive effects 

of super-personalisation and multimodal AI applications and to develop hybrid and innovative methodologies in 

this process (Wang et al., 2024).

From the perspective of education practitioners and policymakers, clear policy and guideline frameworks must be 

established to ensure that AI is adopted in education in an ethical, reliable, and sustainable manner. Continuous  

professional  development  programmes  aimed  at  strengthening  teachers'  AI  literacy  and  pedagogical  use 
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competencies  are  emerging  as  a  key  element  in  the  effective  implementation  of  AI-supported  learning 

environments (Wang et al.,  2024). Education policies should include regulations based on the principles of  

transparency, accountability, and sustainability, covering ethical, legal, and social dimensions. Data privacy,  

ethical guidelines, and human-centred design approaches should be explicitly structured (Mustafa et al., 2024).  

Furthermore,  infrastructure  investments  aimed  at  reducing  digital  inequalities,  along  with  interdisciplinary 

collaborations between education scientists, IT specialists, and policymakers, will support the fair and effective  

use of AI in education.

As a general assessment, these recommendations highlight that the transformation of AI in education must be  

addressed not only through technological innovation but also through ethical sensitivity, pedagogical justification, 

and sustainability principles. This approach will contribute to positioning AIas a transformative tool that enhances 

human potential and prioritises social benefit.
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Introduction

Software development has undergone a continuous process of evolution since the emergence of computer science. 

In its early stages, software systems exhibited relatively simple structures due to limited hardware resources and 

narrow application domains. Today, however, software plays a critical role in almost every field, including 

healthcare, education, finance, industry, defense, and social life. This expansion has significantly increased both 

the technical complexity and the societal impact of software systems. The growing complexity of software systems 

has brought requirements such as speed, accuracy, reliability, and sustainability to the forefront of software  

development processes. Although traditional software engineering approaches—such as waterfall,  agile, and 

DevOps methodologies—have sought to address these requirements, they often prove insufficient in the face of 

increasing data volumes, rising user expectations, and rapidly changing requirements. Consequently, the need for 

automation and intelligent decision-support mechanisms has become increasingly evident.

For  many years,  automation in  software  development  has  been implemented through compilers,  integrated 

development environments (IDEs), testing tools, and version control systems. However, these tools are largely 

based on rule-driven and deterministic structures. In the presence of uncertainties, complex dependencies, and 

unpredictable  error  patterns  encountered  during  software  development,  such  tools  offer  limited  flexibility. 

Artificial intelligence (AI), particularly with advances in machine learning and deep learning, provides a powerful 

paradigm for overcoming these limitations. Today, AI is no longer merely a component of software systems; 

rather, it has become an active support mechanism throughout the entire software lifecycle, including requirements 

analysis,  design,  coding,  testing,  deployment,  and  maintenance.  This  development  transforms not  only  the 

technical aspects of software development processes but also their cognitive dimensions.

In recent years, the emergence of generative AI systems based on large language models (LLMs) has marked a 

significant turning point in software development. The increasingly blurred boundaries between natural language 

and  programming  languages  are  fundamentally  reshaping  the  nature  of  software  development.  Software 

requirements are no longer defined solely through technical documentation but can also be articulated through 

natural  language  expressions.  While  this  shift  enhances  the  accessibility  of  software  development,  it  

simultaneously introduces new responsibilities and areas of debate within software engineering.

AI-driven software development approaches have the potential to improve developer productivity, reduce error  

rates, and enhance overall software quality. Nevertheless, issues such as automated code generation, excessive 

reliance on AI, security vulnerabilities, and uncertainties related to licensing and intellectual property necessitate 

a cautious and responsible adoption of these technologies. Therefore, the role of AI in software development  

processes should be evaluated not only as a technical advancement but also in conjunction with its ethical, legal,  

and societal dimensions.

The purpose of this chapter is to examine the role of AI in programming and software development from a holistic 

perspective and to evaluate it in light of current academic literature and industrial practices. Throughout the  
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chapter,  the  contributions  of  AI  to  software  development  processes,  its  interaction  with  modern  software 

paradigms, and potential future directions are discussed. In this way, the chapter aims to provide readers with a 

comprehensive and balanced framework for understanding the current state and future trajectory of AI-driven 

software development.

AI in Software Development Processes

Software development processes are traditionally addressed within the framework of a lifecycle consisting of  

requirements analysis, design, coding, testing, deployment, and maintenance (Fig. 1). For many years, these  

processes  have  been  conducted  based  on  human expertise  and  rule-based  automation  tools.  However,  the  

increasing  scale  of  software  systems,  along  with  the  adoption  of  microservice  architectures,  cloud-based 

infrastructures,  and  continuous  delivery  requirements,  has  led  software  development  processes  to  become 

significantly more complex and dynamic.

Figure 1. Software Development Lifecycle

This  transformation has  increased the need for  data-driven,  learning,  and adaptive systems within software 

development processes. AI has emerged as one of the key technologies addressing this need and has begun to be  

integrated into nearly every stage of  the software development  lifecycle.  In the literature,  this  approach is  

commonly referred to as “AI-assisted” or “AI-augmented software engineering” (Storey et al., 2020; Amershi et  

al.,  2019a). AI-driven software development does not conceptualize the software lifecycle as a sequence of 

individually automated steps; rather, it treats it as an interconnected and continuously learning system. In this  

context, AI plays a significant role not only during the coding phase but also at much earlier stages of the  

development process. During the requirements analysis phase, natural language processing (NLP) techniques and 

LLMs are employed to automatically analyze, classify, and prioritize user requirements. User stories, requirement 
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documents, and feedback data can be processed by AI systems to identify potential inconsistencies and omissions 

(Zhang et al., 2023; Arora et al., 2024). This capability contributes to mitigating common challenges in software  

projects,  such  as  misunderstandings  and  scope  creep.  At  the  design  stage,  AI  can  provide  architectural 

recommendations  based  on  patterns  learned  from  past  projects.  Machine  learning–based  models  analyze 

component dependencies, design patterns, and performance risks to offer decision support to developers (Amershi 

et al., 2019). This approach enables software architectures to be shaped through data-driven analyses rather than 

relying solely on intuitive or experience-based decisions.

AI Support in Coding Processes

The coding phase represents the stage of software development where AI applications are most visibly manifested. 

LLMs are capable of generating executable code from natural language inputs, analyzing existing codebases, and 

providing context-aware code completion suggestions. In particular, the emergence of Transformer-based models 

has established a strong bridge between programming languages and natural language (Chen et al., 2021; Li et al., 

2022). AI-powered programming assistants automate repetitive coding tasks, allowing developers to focus on 

more complex problem-solving activities. Empirical studies have demonstrated that such tools increase developer 

productivity and significantly reduce coding time for specific tasks (Kim et al., 2024). Nevertheless, the literature 

emphasizes  that  human oversight  remains  indispensable  with  regard to  the  correctness  and security  of  the 

generated code.

AI in Testing, Bug Detection, and Quality Assurance

Software testing processes constitute one of the most time- and cost-intensive phases of the software development 

lifecycle. AI offers effective solutions in areas such as the automatic generation of test cases, bug prediction, and 

the optimization of regression testing. Deep learning–based models can analyze historical defect reports and code 

changes to proactively identify code regions with a high likelihood of faults (Gao et al., 2019). These approaches 

enable testing activities to be conducted in a  more targeted and efficient  manner while  contributing to the  

sustainable improvement of software quality. The literature highlights that AI-driven testing approaches provide 

significant advantages, particularly in large-scale and continuously evolving software systems (Tufano et al.,  

2024).

Process-Oriented Integration of AI

The true strength of AI in software development processes emerges when it is employed not at isolated stages but 

through a holistic, process-oriented approach. Leveraging AI across all phases—from requirements engineering 

to maintenance—enables software development processes to become more flexible, predictable, and adaptive. 

This approach transforms software development from a static production activity into a continuously learning and 

self-improving system. In the literature, this transformation is regarded as a fundamental paradigm shift for the 

future of software engineering (Storey et al., 2020; Suri et al., 2023).
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AI in Software Maintenance and Quality Management

An examination of the software lifecycle reveals that maintenance activities account for the largest share of total  

cost and labor effort. Studies in the literature indicate that approximately 60–80% of the total cost of software  

projects arises from maintenance processes (Bennett & Rajlich, 2000; Sommerville, 2016). This highlights that 

software maintenance is not merely a secondary activity but a strategic process situated at the core of software  

engineering. Software maintenance serves multiple purposes, including defect correction, adaptation of systems 

to new requirements, enhancement of performance and reliability, and prevention of potential future issues.  

However, the scale, architectural complexity, and continuously evolving nature of modern software systems have 

made maintenance activities increasingly challenging and costly. In this context, AI offers significant potential to 

transform software maintenance into a more predictable, systematic, and proactive process.

Traditional software maintenance approaches largely rely on developer expertise and manual analyses. Code 

reviews, static analysis tools, and a limited set of quality metrics typically form the basis of maintenance-related 

decisions. Nevertheless, such approaches often struggle to adequately capture the semantic structure of software 

systems and their evolution over time. In contrast, AI-based approaches conceptualize software not as a static  

artifact but as a system that evolves dynamically. Machine learning models can analyze historical code changes,  

defect reports, and performance metrics to predict maintenance requirements in advance. This paradigm enables 

the adoption of proactive and predictive strategies in software maintenance, rather than reactive interventions  

(Tsoukalas et al., 2021).

Technical Debt, Code Quality, and AI

The concept of technical debt refers to the negative impact that short-term solutions may have on software quality 

and sustainability in the long term. The accumulation of technical debt leads to increased complexity in software 

systems, higher defect rates, and reduced development velocity (Cunningham, 1992). AI is increasingly utilized  

in the measurement and management of technical debt. In particular, supervised learning and regression-based 

models are capable of predicting the likelihood that specific code components will cause maintenance-related 

issues in the future. The literature reports that machine learning–based technical debt prediction models offer 

higher accuracy compared to traditional metric-based approaches (Tsoukalas et al., 2021; Digkas et al., 2021). 

From a code quality perspective, AI-based systems focus not only on surface-level metrics such as lines of code  

or cyclomatic complexity but also on the semantic structure and contextual usage of code. This enables a more 

holistic assessment of software quality.

Code Smells and Automated Refactoring

Code smells are structural issues that do not directly cause faults but hinder the maintainability of software  

systems. Common examples of code smells include long methods, highly coupled classes, and duplicated code  
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blocks (Beck, 1999). In recent years, deep learning and graph-based approaches have been widely adopted for the 

automatic detection of code smells. Abstract syntax trees (ASTs) and graph neural networks (GNNs) enable the 

modeling of structural relationships within source code and facilitate the learning of complex patterns (Liu et al., 

2019; Šikić et al., 2022).

Following the detection of code smells, AI-driven systems can provide automated or semi-automated refactoring 

recommendations. Search-based software engineering (SBSE) and reinforcement learning approaches aim to 

apply refactoring steps with minimal risk while preserving software functionality (Mansoor et al., 2017; Naik et 

al., 2024).

Figure 2. AI-Powered Software Maintenance Process

Predictive Maintenance and Anomaly Detection

One of the most significant contributions of AI to software maintenance lies in the application of predictive 

maintenance approaches. Log data, performance metrics, and user behavior can be analyzed by machine learning 

models to anticipate potential system failures in advance. Deep learning–based time-series models and anomaly 

detection algorithms enable the early identification of abnormal system behavior, thereby providing opportunities 

for timely intervention. These approaches are particularly critical for preventing service disruptions in large-scale 

and continuously operating software systems (Amgothu & Kankanala, 2024; Goswami et al., 2022).

AI-Driven Modern Software Development Approaches

In recent years, software development processes have undergone a significant transformation driven by cloud 

computing,  microservice  architectures,  and  continuous  delivery  requirements.  This  transformation  has 

necessitated  faster  development  cycles,  more  frequent  updates,  and  high  scalability  in  software  systems. 

Traditional software development approaches often prove inadequate in managing the complexity encountered in 

such dynamic environments. At this point, AI has become a central component of modern software paradigms,  

offering intelligent automation capabilities across both development and operational processes (Fig. 3).
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Figure 3. AI-Powered Modern Software Approaches

Within the scope of modern software development approaches, concepts such as low-code/no-code platforms, 

DevOps, and AIOps—when combined with AI support—enable the software development lifecycle to become 

more agile, predictable, and sustainable. In the literature, this integrated approach is regarded as a new paradigm 

in software engineering, in which the boundaries between development and operations are increasingly blurred 

(Fitzgerald & Stol, 2017; Mittal, 2025).

Low-code and no-code platforms enhance the accessibility of software development processes by enabling non-

technical users to develop applications. These platforms provide features such as visual modeling tools, pre-built 

components, and automatic code generation. With the integration of AI, low-code and no-code platforms have 

evolved beyond mere visual programming environments into intelligent software development platforms. AI plays 

an active role in transforming requirements expressed in natural language into application components within 

low-code/no-code environments. LLMs can analyze user inputs and recommend appropriate data structures, 

workflows, and user interface designs. The literature reports that this approach supports the democratization of 

software development and significantly reduces prototyping time (Sahay et al., 2020; Binzer & Winkler, 2022). 

Nevertheless, it is also emphasized that low-code and no-code platforms exhibit limitations in handling complex 

business logic, high-performance requirements, and security concerns. Therefore, AI-enabled low-code and no-

code approaches are regarded not as replacements for professional software development processes, but rather as 

complementary tools that augment them.

The DevOps approach represents a software development culture aimed at enhancing collaboration between 

development and operations teams. Continuous integration (CI) and continuous deployment (CD) processes have 

become indispensable components of modern software projects. However, the complexity and data-intensive 

nature of these processes make manual management increasingly challenging. AI provides effective solutions in  

DevOps processes across areas such as log analysis, performance monitoring, root cause analysis of failures, and 

deployment risk prediction. Machine learning–based models can analyze historical deployment data to proactively 

identify releases with a high likelihood of failure. This capability enables more informed decision-making in  

software deployment processes (Amgothu & Kankanala 2024; Patchamatla & Owolabi, 2025).
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AIOps (Artificial Intelligence for IT Operations) refers to an approach that integrates AI into IT operations 

processes. AIOps systems analyze large volumes of operational data to provide capabilities such as anomaly 

detection, event correlation, and automated remediation (self-healing) mechanisms. AIOps solutions based on 

deep learning and time-series analysis can detect abnormal system behavior at an early stage, thereby preventing 

service disruptions. The literature indicates that AIOps approaches significantly reduce operational overhead, 

particularly in cloud-based and microservice architectures (Dang et  al.,  2019; Nedelkoski et  al.,  2019).  By  

transforming software systems from being merely monitored into systems that are self-monitoring and adaptive,  

AIOps increases the level of autonomy in software engineering. This shift reduces reliance on human intervention 

in  software  operations  while  offering  substantial  advantages  in  terms  of  system  reliability  and  service  

continuity.

The common characteristic of low-code/no-code platforms, DevOps, and AIOps approaches lies in the integrated 

incorporation of AI into software development and operational processes. This integrated structure transforms 

software  systems  from static  products  into  dynamic  and  learning  ecosystems.  AI-driven  modern  software  

development approaches enhance speed, quality, and flexibility within software development processes while 

simultaneously redefining the role of software engineers. By reducing manual effort, developers are able to focus 

on higher-level responsibilities such as system design, architectural decision-making, and ethical considerations. 

In the literature, this transformation is regarded as a critical stage in the evolution of software engineering (Storey 

et al., 2020; Suri et al., 2023).

Ethical, Security, and Legal Considerations

The integration of AI into programming and software development processes brings not only technical gains but  

also significant ethical, security, and legal challenges. In particular, automated code generation, decision-support 

systems, and autonomous software components necessitate a re-examination of concepts such as responsibility,  

accountability, and trust within software engineering. In this context, AI-driven software development should be 

regarded not merely as a technological advancement but also as a socio-technical transformation. The literature  

emphasizes  that  the  widespread  adoption  of  AI-based  systems  in  software  engineering  processes  must  be 

addressed within an ethical and trustworthy framework (Floridi et al., 2018; Amershi et al., 2019a). Otherwise, 

short-term productivity gains may evolve into serious security and legal risks in the long term.

One of the most significant ethical issues associated with AI-driven software development tools concerns the 

question  of  responsibility  for  the  generated  code.  When  automatically  produced  code  behaves  incorrectly,  

introduces security vulnerabilities, or leads to unethical outcomes, it remains unclear whether responsibility lies  

with the developer, the AI system itself, or the platform provider. LLMs may propagate biases and errors present 

in their training datasets into the code generation process. In the literature, this phenomenon is described as the 

reflective nature of AI systems and is considered one of the primary sources of ethical risk (Bender et al., 2021). 

Consequently,  the  human-in-the-loop  approach  is  widely  regarded  as  an  indispensable  ethical  principle. 

Transparency and explainability also occupy a central position in ethical evaluations. Developers’ ability to  
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understand the rationale behind code generated or recommended by AI is critical both for building trust and for 

effective debugging and validation processes.

AI-driven  software  development  tools  provide  significant  contributions  to  secure  software  development 

processes; however, they also introduce new attack surfaces. During automated code generation, the production 

of  code fragments  that  do not  comply with  security  standards may lead to  the  inadvertent  introduction of 

vulnerabilities into software systems. Pearce et al. (2022) demonstrated that code generated by LLMs may contain 

common security flaws, such as SQL injection and buffer overflow vulnerabilities. This finding highlights the 

substantial  risks associated with using AI-assisted development  tools  without  adequate  security  review and 

validation mechanisms. In addition, AI models themselves can become targets of malicious attacks. Threats such 

as data poisoning, reverse engineering, and membership inference attacks pose serious risks to the reliability and 

trustworthiness of AI systems employed in software development processes (Shokri et al., 2017). Consequently, 

secure software development principles must be extended to explicitly encompass AI–based systems.

The fact that AI-powered programming assistants are largely trained on open-source code repositories gives rise 

to significant uncertainties regarding copyright and license compliance. When automatically generated code 

exhibits a high degree of similarity to licensed or copyrighted code, legal issues may arise. Recent studies have 

reported that,  in certain cases,  code generated by AI can closely resemble—or even nearly replicate—code 

contained in the training datasets (Negri-Ribalta et al., 2024; German, 2024). This situation may lead developers 

to unintentionally violate software licenses. From a legal perspective, the ownership of code generated by AI  

remains an issue that has not yet been clearly defined. Furthermore, the processing of personal data within AI-

driven software development workflows must be carefully considered in light of data protection regulations such 

as KVKK (Turkish Law No. 6698 on the Protection of Personal Data), GDPR, and HIPAA. In particular, the use 

of cloud-based AI services introduces additional risks related to the sharing of sensitive data with third parties.

Another important dimension of ethical and security discussions concerns developers’ overreliance on AI. This 

phenomenon, referred to in the literature as “automation bias,” describes the tendency of users to accept outputs  

generated by AI without critical evaluation (Parasuraman & Riley, 1997). When AI-driven software development 

tools produce incorrect or incomplete outputs, developers may fail to detect these errors, potentially leading to 

serious consequences. Therefore, it is essential to position AI systems not as replacements for developers, but as  

tools that support and augment human expertise.

In recent years, the concept of “responsible AI” (responsible AI) has gained increasing attention in the software  

engineering literature. This approach is grounded in core principles such as fairness, transparency, security, 

privacy, and accountability. Designing and deploying AI systems used in software development processes in 

accordance with these principles is essential for producing solutions that are sustainable from both technical and  

societal perspectives (Floridi et al., 2018; Jobin et al., 2019).
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Academic and Industrial Applications

The maturity of AI-driven software development approaches can be assessed not only through theoretical models 

and conceptual frameworks but also through tangible outcomes derived from academic research and industrial 

applications. In this context, jointly considering applications originating from both academia and industry is of 

critical importance for demonstrating the effectiveness of AI in software engineering. While academic research  

enables the testing and validation of novel methods and algorithms under controlled environments, industrial 

applications reveal the scalability, reliability, and sustainability of these approaches under real-world conditions.  

The literature emphasizes that progress in AI-driven software development is largely fueled by the interaction 

between these two ecosystems (Storey et al., 2020).

AI-Driven Software Development in Academic Research

In the academic literature, the integration of AI into software engineering has been a subject of research for many 

years. While early studies primarily focused on rule-based systems and statistical models, recent research has 

increasingly emphasized approaches based on deep learning and LLMs. In particular,  the emergence of the  

concept of “big code” has enabled large-scale source code repositories to be utilized as rich data sources for  

machine learning applications (Allamanis et al., 2018).

The success of LLMs in code generation and code analysis has been extensively investigated in academic studies. 

Chen et al. (2021) demonstrated that Transformer-based models are capable of generating executable code from 

natural language inputs and achieving performance comparable to that of human developers on specific tasks. 

Similarly,  models  such  as  CodeBERT,  GraphCodeBERT,  and  related  architectures  have  shown  strong 

performance in tasks including code search, code summarization, and bug detection (Feng et al., 2020; Guo et al., 

2020).

Academic research has also increasingly highlighted AI-driven applications related to software maintenance, such 

as automated test case generation, code smell detection, technical debt analysis, and automated refactoring. These 

studies  demonstrate  that  the  role  of  AI  in  software  engineering  extends  well  beyond  code  generation, 

encompassing the entire software development lifecycle.

AI-Driven Software Development Practices in Industry

In industrial software development environments, AI has become an integral part of daily development practices. 

Large technology companies, in particular, extensively employ AI-based tools to enhance productivity and reduce 

error rates throughout software development processes.

Tools  such  as  GitHub  Copilot,  Amazon  CodeWhisperer,  and  Google’s  AI-powered  development  solutions 

represent some of the most widely adopted examples in industry. These tools provide developers with context-
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aware code suggestions, automate repetitive tasks, and significantly shorten development time. An empirical study 

conducted by Kim et al. (2024) reported that AI-assisted code completion tools substantially improve developer 

productivity.

In industry,  AI is  utilized not only during the coding phase but  also across areas such as test  automation,  

deployment pipelines, and operational monitoring. AIOps solutions enhance service continuity by proactively 

predicting performance degradations and system failures in large-scale software systems (Dang et al., 2019;  

Nedelkoski et al., 2019).

Academia–Industry Interaction and Case Studies

The interaction between academic research and industrial applications plays a critical role in the maturation of  

AI-driven software development. Methods developed in academic environments are tested in industry using real-

world data and usage scenarios, while industrial needs generate new problem domains for academic research. For 

example, anomaly detection systems employed in large-scale microservice architectures have emerged through 

the adaptation of deep learning models originally developed in the academic literature to industrial settings. 

Similarly,  automated testing and defect  prediction systems,  informed by academic research,  have delivered  

substantial improvements in software quality assurance practices (Patchamatla & Owolabi, 2025). Such case 

analyses demonstrate that AI-driven software development has moved beyond an experimental approach and now 

offers scalable and reliable solutions at an industrial level.,

While academic research provides methodological innovations and theoretical depth in the field of AI-driven 

software development, industrial applications reveal the practical value and limitations of these approaches.  

Considering these two perspectives together enables a more comprehensive understanding of the true potential of 

AI in software engineering.

The literature  anticipates  that  future  advancements  in  software  engineering will  be  largely  shaped through 

collaborations between academia and industry (Storey et al., 2020; Suri et al., 2023). In this context, AI-driven  

software development practices should be evaluated by jointly considering their scientific contributions and 

practical implications.

Future Perspectives and Conclusion

The integration of AI into programming and software development processes is regarded not merely as an  

instrumental  improvement,  but  as  a  paradigmatic  transformation  in  software  engineering.  The  increasing 

automation of activities such as coding, testing, maintenance, and operations is redefining both the nature of  

software development and the roles of software engineers. In the literature, this transformation is described as an 

evolution of software engineering from a “human-centered” discipline toward a structure based on human–

machine collaboration (Storey et al., 2020; Suri et al., 2023). In the future, software development processes are 
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expected to become more predictable, adaptive, and autonomous through AI-driven systems. This evolution is  

likely to bring about profound changes in software engineering at both technical and organizational levels.

Current AI-driven software development tools largely function as assistive systems that rely on developer input.  

However, research suggests that a substantial portion of software development may, in the future, be carried out 

by  semi-autonomous  or  fully  autonomous  systems.  This  perspective  is  discussed  within  the  framework  of 

“autonomous software engineering” (Suri et al., 2023). Autonomous software development systems consist of AI 

agents that holistically address processes such as requirements analysis, architectural design, code generation, 

testing, deployment, and maintenance. These agents can continuously learn from environmental feedback and 

improve software systems over time. Such an approach has the potential to reduce reliance on human intervention, 

particularly in large-scale and continuously evolving software systems. Nevertheless, the literature emphasizes 

that significant open questions remain regarding the reliability, verifiability, and ethical accountability of fully 

autonomous systems. For this reason, future software development approaches are expected to be shaped not by 

complete autonomy, but rather by the principle of supervised autonomy, in which human oversight remains an 

integral component of the development process.

Transformation of Software Engineering Roles

AI-driven software development is also leading to a significant transformation in the roles of software engineers. 

While the traditional software developer profile has largely focused on coding and debugging activities, future 

software engineers are expected to possess higher-level  competencies such as problem formulation,  system 

design, AI orchestration, and result validation.

In the literature, this emerging role is referred to as the “AI-augmented software engineer” (Storey et al., 2020).  

Within this framework, software engineers evolve from merely using AI systems to becoming experts who design, 

supervise, and guide them. This transformation necessitates a restructuring of software engineering education to 

equip future professionals with the required interdisciplinary skills.

AI in Software Education and Emerging Competencies

The widespread adoption of AI-powered programming tools is exerting a significant influence on the content and 

pedagogical approaches of software education. In the future, software education is expected to extend beyond 

teaching the syntax of programming languages to encompass software development competencies in conjunction 

with AI.

Research indicates that AI-supported learning environments can enhance student productivity; however, excessive 

automation may weaken fundamental  algorithmic thinking and problem-solving skills  (Denny et  al.,  2024).  

Therefore, balanced educational approaches that position AI as a supportive tool rather than a replacement for 

foundational learning are of critical importance.
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Trustworthy, Explainable, and Responsible AI

In the future, the success of AI-driven software development systems will be evaluated not only based on technical 

metrics such as performance and speed, but also according to criteria including reliability, explainability, and 

ethical compliance. Explainable AI (XAI) approaches aim to enhance transparency in software engineering by  

enabling an understanding of the rationale behind automatically generated code and decision-making processes 

(Arrieta et al., 2020).

In  addition,  the  energy  consumption  and  environmental  impact  of  AI  systems  are  emerging  as  important  

evaluation dimensions for future software systems. In this context, the importance of sustainable AI and green  

software engineering approaches is steadily increasing.

Overall Assessment and Contribution of the Chapter

This chapter has examined the role of AI in programming and software development processes from a holistic 

perspective, encompassing the software development lifecycle, maintenance and quality management, modern 

software paradigms, ethical and legal dimensions, as well as academic and industrial applications. The discussions 

presented demonstrate that AI-driven software development is not merely a technical innovation, but rather a 

comprehensive transformation that reshapes the fundamental principles of software engineering.

In conclusion, AI-driven software development represents an inevitable and irreversible trajectory within the 

software engineering discipline. This chapter aims to serve as a strong reference point for researchers, students,  

and practitioners seeking to understand the current state and future directions of AI in software development.

Disclosure of AI usage

During the preparation of this work, the author used ChatGPT in order to generate text and check grammar. After 

using this tool/service, the author reviewed and edited the content as needed and takes full responsibility for the  

content of the published work.
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Önder Yıldırım 

Chapter Highlights 

 This chapter examines the Artificial Intelligence of Things (AIoT) paradigm, which has emerged from 

the integration of the Internet of Things (IoT) and artificial intelligence, from conceptual, architectural,  

and application-oriented perspectives.

 The evolution of IoT systems from data-collection–oriented infrastructures to intelligent systems capable 

of learning, prediction, and autonomous decision-making is discussed in detail.

 Edge–fog–cloud architectures and federated learning approaches are comparatively analyzed in the 

context of latency, scalability, and privacy requirements in AIoT systems.

 The roles of  supervised,  unsupervised,  deep,  and reinforcement learning algorithms in shaping the 

cognitive capabilities of intelligent systems are explained within the IoT context.

 Interdisciplinary applications of AIoT in domains such as industry, healthcare, agriculture, and smart 

cities are examined through domain-specific examples.

 Security, privacy, and explainable artificial intelligence (XAI) are addressed as critical dimensions for  

the trustworthy and ethical design of AIoT systems.

 The chapter outlines future research directions within the frameworks of Industry 5.0, human-centered 

design, sustainability, and autonomous/agent-based AIoT systems.

 The holistic perspective presented emphasizes that AIoT is not merely a technical technology, but a  

transformative paradigm with interdisciplinary and societal implications.

 Chapter 11- Artificial Intelligence in the Internet of Things (IoT) and 
Intelligent Systems
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Introduction

Internet of Things (IoT) can be defined as a concept that allows physical objects to take part in digital networks 

through the help of sensors, embedded systems and wireless communication-channels which produce data out of 

this connectivity and utilize the derived data as service (Mastorakis et al., 2020). Early IoT applications were 

largely  limited  to  monitoring,  remote  control  and  rule-based  automation as  decision-making  was  usually  

performed by human operators or centralized servers (González García & Núñez-Valdez, 2018).

With the growth of IoT ecosystems, amount–velocity–variety of data that is generated grew significantly, being 

very hard to obtain valuable information and actionable insights from it (Jagatheesaperumal & Rahouti, 2022). 

This change made IoT infrastructures not be able to stay as the system of “data collection” but need developing  

into systems that are capable to learn, adapt and decision making (Zhang & Tao, 2020).

AI-enabled IoT systems therefore need to be designed as distributed and intelligent infrastructures rather than 

centralized data-processing platforms. Recent studies emphasize that intelligence should be coordinated across 

the  entire  edge–fog–cloud  continuum  in  order  to  achieve  low latency,  scalability,  context  awareness,  and 

trustworthy operation in AI-driven IoT environments (Firouzi et al., 2026).

In this perspective, the AI plays a key role in the development of IoT. As such, AI systems are software–hardware 

composite system that perceive their environment and take actions—by means of the requirement to process data 

—to achieve goals (and can learn from their environment) in uncertain conditions; like this, it complements an 

IoT “sense–interpret–act” loop (Ó Fathaigh, 2019). With the help of ML and DL techniques, IoT-enabled systems 

are able  to  train  themselves  with  environment  patterns  to  predict  future  situations  and  take  decisions  by 

themselves (Zhang & Tao, 2020).

The connections IoT+AI are more and more addressed in the literature under the term Artificial Intelligence of  

Things (AIoT). AIoT is not at all about (simple) AI-based algorithm deployments over IoT: it also involves design 

principles for example, distributing intelligence across the edge–fog–cloud layers to minimize latency and use  

bandwidth more efficiently; and addressing issues of privacy in a better way (Firouzi et al., 2022; Shi et al.,  

2016).

The objective of this chapter is to depict the IoT–AI convergence beyond mere technical intersection, which 

signifies an interdisciplinary revolution in architectural, algorithmic and design levels involving security–priv acy 

and sustainability aspects (Mastorakis et al., 2020; Siarry et al., 2021). Thus, the concepts of AIoT and its models, 

algorithms applications, and security–ethical needs are considered all together (Kök et al., 2023; Kuzlu et al.,  

2021).

Brainchild of the IoT and Artificial Intelligence Concept
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The rapid proliferation of the Internet of Things (IoT) and the parallel advancements in artificial intelligence (AI) 

have given rise to a new generation of intelligent cyber–physical systems. As IoT environments began producing 

massive volumes of heterogeneous and real-time data, the limitations of traditional rule-based and centralized 

processing approaches became increasingly evident. Artificial intelligence emerged as a natural and necessary 

complement to IoT, enabling systems to move beyond mere data acquisition toward learning, reasoning, and 

autonomous decision-making. The convergence of these two paradigms has led to the conceptualization of the 

Artificial Intelligence of Things (AIoT), which represents the brainchild of IoT’s pervasive sensing capabilities  

and AI’s cognitive and adaptive intelligence. AIoT embodies a shift  from connected systems to intelligent, 

context-aware,  and self-optimizing systems,  forming the  foundation  for  next-generation applications  across 

industry, healthcare, smart cities, and beyond.

Internet of Things (IoT) Basics and Building Blocks

IoT is a collection of physical objects that connect to the internet with a unique identifier, generate data and 

facilitate sharing of this data across multiple systems (Mastorakis et al., 2020). An IoT system usually includes  

sensing/actuation (sensors–actuators),  communication,  and application layers;  combined with cyber-physical 

systems, they make possible the integration of physical processes with digital counterparts (González García & 

Núñez-Valdez, 2018).

IoT  scaling  raises  the  need  for  connectivity,  interoperability  among  heterogeneous devices,  low  power 

consumption and real-time operation. Thus, the full-cloud, centralized approach is not ideal in many cases when 

it comes to latency and network traffic (Shi et al., 2016; Yang et al., 2020). These challenges further emphasize 

the need to push intelligence toward the edge and leverage distributed architectures in AIoT environments 

(Firouzi et al., 2022).

Artificial Intelligence Application in IoT

AI techniques are key to understanding the massive and streaming data coming from IoT, for instance in pattern 

detection, classification, prediction and anomaly discovery tasks (Zhang & Tao, 2020). Although the methods of 

supervised/unsupervised learning are utilized for finding patterns in sensor data, deep learning enhances the 

processing of complex data types like images, audios and time series (González García & Núñez-Valdez, 2018).

Within this scheme of things, AI empowers IoT with three fundamental functionalities: (i) situational awareness  

(sensing + inference), (ii) prediction/forecasting (predictive analytics), and (iii) autonomous decision-making 

(control/actuation)” (Ó Fathaigh, 2019; Zhang & Tao 2020). Minimization of machine downtime in industry; 

prediction of risk using wearable sensor data in healthcare; and optimising urban traffic through predicting 

congestion are some problems that emerge as possible with this set of capabilities (Siarry et al., 2021; Batty et  

al., 2012).
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The AIoT (Artificial Intelligence of Things) Paradigm

The AIoT is the concept that IoT and AI are architected together, and intelligence runs on not just in the cloud but 

also at edge and fog (Mastorakis et al., 2020). Benefits for this solution include low latency, less traffic and 

context sensitive, increased privacy (Shi et al., 2016; Firouzi et al., 2022).

In addition to simply distributing computation, the proposed architecture highlights a unified framework in which 

computing resources and AI capabilities collaborate across layers. This architectural view treats AIoT not as a  

collection of isolated components but as an integrated system capable of adaptive, scalable, and context-aware  

decision making (Firouzi et al., 2026).

The emergence of AIoT also raises the bar for trustworthiness and explicability. Because black-box decisions are 

unacceptable in the presence of risk (healthcare, transportation or industry), explainable AI (XAI) methodologies 

now stand out as key mechanisms for AIoT design (Kök et al., 2023).

AI are IoT Architectures (Edge–Fog–Cloud, Federated Learning)

But bringing all the data to the cloud in IoT is not feasible for every use case because of latency, bandwidth cost 

issues and privacy of data. Accordingly, AIoT is redefined on the network architectures with computation and 

intelligence distributed to each layer in the network (Shi et al., 2016; Yang et al.

The Edge–Fog–Cloud Continuum

The edge–fog–cloud spectrum suggests the need for closer-to-source preprocessing and inferences on lower-cost, 

lower-power nodes from where the data emanates at source (edge/fog) than provided by cloud while dreaming 

about training large, will long-term analytics or grand global optimization processes with ed by revolutionary  

computational resources (Shi et al., 2016). As a result, latency-sensitive inference is at the edge and large scale  

model training/big data analytics are in cloud (Firouzi et al., 2022).

Beyond performance optimization, the edge–fog–cloud continuum is also positioned as a foundation for security, 

privacy, and trust. Processing data closer to the source reduces unnecessary exposure of sensitive information and 

enables compliance-aware, resilient systems that balance performance and ethical constraints (Firouzi et al.,  

2026).

This structure reduces the communication overhead and energy consumption, as well as lowers the privacy 

leakage. From the perspective of health and industry, if you transfer “summaries/parameters but not raw data”,  

this renders beneficial aspects regarding system performance and regulation issue in both domain (Siarry et al.,  

2021; Shi et al., 2016).
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Edge AI and Real-Time Smart Systems

Edge AI is running AI inferencing on the IoT devices or nodes that are close to these. It reduces the latency since 

decisions can be made on-site and makes it less likely that data with privacy implications get leaked out of the  

device (Shi et al., 2016). Edge AI has significant advantages especially for computer vision, event detection, and 

anomaly detection (Zhang & Tao, 2020).

Owing  to  edge  limitations, “lightweight”  models  that  leverage  strategies  such  as  model  compression, 

quantization, knowledge distillation are commonly built. Thus, the energy consumption of edge devices can be 

controlled while intelligent functions are sustainable with reasonable accuracy (Yang et al., 2020; Zhang & Tao, 

2020).

Federated Learning and Distributed Learning

Federated Learning (FL), Fedegration learning aims to construct a shared model by allowing edge devices, where 

data exists, to learn locally and share only the learned model updates rather than centralizing raw data. This  

method is a good choice for AIoT based on privacy and bandwidth (Liu et al., 2023).

Within the edge–fog–cloud continuum, federated learning is not only a learning technique but also an architectural 

strategy that preserves data ownership while enabling collaborative intelligence. By exchanging model parameters 

instead of raw data, AIoT systems can scale while maintaining privacy and trust among participating nodes  

(Firouzi et al., 2026).

Security/robustness  is  an  absolute  concern  in  FL  deployments;  poisoning,  malicious  update  and  model 

manipulation are among the possible threats to hurt global models. As such, federated mechanism like malicious 

model update detection is introduced for the protection and creation of reliable FL on AIoTs gains popularity (Liu 

et al., 2023).

FL + Blockchain: The FLchain Method

FL FL’s reliance on a central aggregator could cause single point of failure, trust and transparency problems. In  

a cyber–physical setting, it can addiscover to store model upgrades immutably in ledgers and provide more  

decentralized coordination (Nguyen et al., 2021).

The method of Nguyen et al. (2021) achieves a reduction in dependency on a central server focused not only in  

security, but also traceability and scalability. Nevertheless, the latency and energy consumption of blockchain 

demand performance optimization for edge applications (Nguyen et al., 2021; Shi et al., 2016).
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Artificial Intelligence Algorithms in Intelligent Systems

Smart systems also involve learning and adaptive control in addition to acquiring (gathering) and interpreting the 

information from environment around them. These functions are realized by AI algorithms families, which are 

decided according to the character of IoT data and needs of decision-making (Zhang & Tao, 2020).

Supervised and Unsupervised Learning

In supervised learning, classification/regression models are generated from labeled data and it is widely used in 

AIoT for fault detection, event classification, and state recognition (González García & Núñez-Valdez, 2018). 

Unsupervised learning with clustering and anomaly detection on unlabeled data can capture the “unexpected 

behaviors,” especially in heterogeneous IoT networks (Zhang & Tao, 2020).

In fact,  AIoT systems commonly are of hybrid nature (unsupervised approach to pattern/anomaly detection 

followed by supervised models contributing quality decisions). This design aids in dealing with the cost of real-

life labelling, and data variability（Gonzáles García & Núñez-Valdez，2018).

Deep Learning and Time-Series Analysis

The vast majority of IoT data is time series (sensor readings, device events, environmental measurements).  

Recurrent networks, in particular the popular LSTM and GRU and their newer variants are commonly utilized 

for prediction and anomaly detection (Siarry et al., 2021). For the case that images/audio are collected by IoT  

devices, CNN-based methods achieve promising results in various domains including security, transportation and 

medical monitoring (Zhang & Tao, 2020).

t time, the deployment of deep learning on the edge will present challenges for model efficiency when energy is 

scarce. Whereas edge-friendly models and methodology at architectural level bear the decision of whether AIoT 

implementations are feasible (Shi et al., 2016; Yang et al., 2020).

Reinforcement Learning and Autonomous Decision-Making

RL is  one  approach  that  provides  autonomous  control  through  learning  policies  based  on  reward–penalty 

mechanisms in a changing environment. In AIoT, RL can be an essential tool for adaptive fields such as smart 

traffic management, energy optimization and robotic control (Firouzi et al., 2022).
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But RL creates problems as well, such as sample efficiency, safe exploration and computational complexities.  

Therefore, the safe and light-weight RL on edge/fog is an important direction of research in the evolution AIoT 

towards autonomous systems (Shi et al., 2016; Yang et al., 2020).

Interdisciplinary AIoT Applications

Through the real-time perception and decision-making capabilities, AIoT promotes “data-based management” in 

numerous  fields.  These  systems seek to  achieve  full  efficiency,  safety  and sustainability  at  the  same time  

(Mastorakis et al., 2020; Firouzi et al., 2022).

Industrial IoT (IIoT) and Smart Manufacturing

AIoT enables applications like predictive maintenance, process optimization, and digital twins in the Industry 

4.0 scenario. Big data analytics and AI shift manufacturing processes from passive monitoring to predictive and 

autonomous management system (Jagatheesaperumal & Rahouti, 2022).

In  IIoT use cases,  edge/fog  architectures  facilitate  latency-free  real-time  quality  control  and  safety-critical  

decisions. Therefore, reliance on centralized clouds is reduced and the resilience of industrial systems becomes  

higher (Yang et al., 2020; Shi et al., 2016).

AIoT for Healthcare (Internet of Medical Things—IoMT)

In the healthcare services, AIoT ensures a continuous flow of data through wearable sensors and remote detectors 

for potential early warning systems and customized care opportunities (Siarry et al., 2021). Quality of data,  

reliability and explicability of the model indeed are crucial for clinical decision support (Kök et al., 2023).

Health data is extremely sensitive and distributed learning approaches like FL are popular for minimizing privacy 

concerns by keeping data on the edge. There is also an increasing trend in environmental/sustainability aspects  

of medical AI, including energy/carbon footprint of medical AI (Liu et al., 2023) and bio-waste management in  

the context of AI-driven medicine (Doo et al., 2024).

Unified  edge–fog–cloud  architectures  support  these  scenarios  by  enabling  real-time  analytics  at  the  edge,  

intermediate coordination at the fog, and long-term optimization in the cloud, creating a trustworthy foundation 

for mission-critical AIoT applications (Firouzi et al., 2026).

Smart Agriculture and Environmental Monitoring

The AIoT is helping in precision agriculture to increase yields and to save natural resources by tracking soil  

moisture, temperature and plant health (Hunter et al., 2016) and in making smart irrigation/fertilization decisions 
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(Mastorakis et al., 2020). Analytics at the edge enables on-device decision-making with variable connections 

such as field/greenhouse environment_temp (Shi et al., 2016).

In the field of environmental monitoring, AIoT can contribute to sustainability by enabling real-time anomaly 

detected  under  various  circumstances  including  air  quality  management  and  disaster  early  warning  water 

contamination. Therefore, the “green AIoT” solution needs to tackle both monitoring applications and eco-impact 

of AI computation together (Doo et al., 2024).

Smart Cities and Transportation

In fact, the underlying objective of smart cities is to leverage data analytics for optimal management of city-scale 

infrastructures (Batty et al., 2012). By integrating the data from sensors with AI, AIoT or e-intelligence can 

enhance decision quality for traffic flow analysis, dynamic signal control and demand forecast (Zhang & Tao, 

2020).

In  such applications,  we have to  consider  more privacy (e.g.,  location data)  and fairness/ethics  as well  as 

explaintability; moreover security problems in large scale of city network cannot be ignored. Thus, urban-scale  

AIoT architecture must be studied in combination with XAI and secure architectural principles (Kök et al., 2023; 

Kuzlu et al., 2021).

Security, Privacy, and Trustworthiness

By connecting the physical world with digital intelligence, AIoT increases the attack surface: IoT devices and AI 

models are two kinds of targets. Thus, the security of AIoT has a multi-layer structure and collectively involves 

device, network, data as well as model layers (Kuzlu et al., 2021).

Cybersecurity Threats in IoT Systems

In the context of IoT, lackluster authentication, absence of patches and standardization problems result in attacks 

such as distributed denial of service (DDoS), unauthorized entry and malware. Meanwhile, in AIoT, other threats 

can be exploited directly against decision making mechanisms such as data poisoning (Zhang et al., 2019), model 

reverse engineering and adversarial sample attacks (Kuzlu et al., 2021; Liu et al., 2023).

In the context of federated learning, malicious clients can pollute a global model by sending poisoned updates.  

As a result, “model update security” and attack detection mechanisms are two significant research problems in 

AIoT (Liu et al., 2023; Nguyen et al., 2021).

AI-Based Defense Mechanisms



245

Chapter 11: Artificial Intelligence in the Internet of Things (IoT) and Intelligent Systems

AI itself is not merely a threat to AIoT security; it serves as a protective shield. Instead of the signature-based 

solutions, ML/DL-based security analytics ceased to adheres to static methodology and provides more dynamic 

innovation anomaly detection, attack classification,and Behavioral analysis (Kuzlu et al., 2021).

Yet the models that serve as the basis for security can themselves be attacked, and therefore trustworthy AI  

principles  (robustness,  verifiability,  traceability)  are  crucial  in  AIoT design (Kök et  al.,  2023;  Ó Fathaigh, 

2019).

Explainable AI (XAI) and Trustworthy AIoT

Explainability of AIoT decisions is important in safety critical applications for accountability, debugging and 

user's trust. XAI tries to give human-understandable rationales of the model outputs, and is an important part of 

the trustworthiness in AIoT (Kök et al., 2023).

In what we refer to as distributed and hetegeneous AIoT systems, transparency is not only an ethical issue but also 

and  engineering  one  to  ensure operating reliability.  In  particular,  under  FL/edge  settings,  explanations  are 

beneficial for interpreting where and why a model goes wrong and avoiding risky decisions (Kök et al., 2023; 

Liu et al., 2023).

Future Directions: Intelligent and Autonomous Systems

AIoT is evolving the concept of smart IoT systems to more autonomous, adaptive and human-centric systems. 

This transformation entails aspects of governance, ethics and sustainability as architectural choices (Firouzi et  

al., 2022; Ó Fathaigh, 2019).

Agent-Based and Autonomous AIoT

In AIoT systems addressing such multi-agent collaboration, localized sensing, and decision-making for edge  

nodes will be increasingly the case; despite this emergent shift to an “agent-like” structure as found here in our  

approach is that of agent-based formations (Firouzi et al., 2022). This has the potential for scalable control  

mechanisms in robotics, autonomous transportation and industrial automation (Yang et al., 2020).

Industry 5.0 and Human-Centered Design

The Industry 5.0 point of view underlines not only efficiency but also human–machine cooperation and trust, 

ethics and sustainability. In this framework, the implementation of AIoT not only results from “intelligence to  

enhance humans” but also approaches with the premise that it must be a "collaborative combination with humans" 

(Kök et al., 2023; Ó Fathaigh, 2019).
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Sustainability and Green AIoT

The large computational overhead and energy consumption of AI model have raised the attention to energy-caused 

AIoT environment issues. As a result, green AIoT emphasizes on-device inference at the edge, minimizing data 

exchanges  undesired  and  an  energy-considerate  model  construction  (Shi  et  al.,  2016).  AI’s  influence  on 

environmental  sustainability  In areas  that  are  computation-intensive,  such as healthcare,  AI’s  effect  on the  

environment orthe ecosystem continues to be coined a “two-edged sword” (Doo et al., 2024).

Open Research Problems

A few of the white spots in AIoT research that are still open include device diversity, scalable secure FL system, 

adversarial  robustness,  edge-oriented  XAI  and  sustainable  computing  (Kök et  al.,  2023;  Liu  et  al.,  2023).  

Furthermore, in the blockchain-embedded FLchain solutions, low latency and minimal energy costs are vital 

requirements as well for the practical implementation (Nguyen et al., 2021).

Conclusion

This chapter has systematically discussed the AIoT paradigm that is derived from the fusion of IoT with AI, from 

conceptual  foundations  and  architectural  recipes  to  algorithms,  applications  domains,  and  security-privacy-

trustworthiness dimension (Mastorakis et al., 2020; Zhang & Tao, 2020). The transition of IoT from rule-based  

automation to learning and decision-making systems has been further accelerated by the ability of AI to process 

data and make inferences (Ó Fathaigh, 2019).

Even though the continuum from edge to fog to cloud fulfills AIoT requirements, regarding real-time quality of  

service and scalability, federated learning has significant benefits with respect to privacy-preserving and data 

ownership (Shi et al., 2016; Liu et al., 2023). Blockchain integration (FLchain) can solve the trust/coordination 

problems of FL with the promise of transparency, and higher-levels of decentralization, but at high cost in terms 

of energy consumption and latency (Nguyen et al., 2021).

In applications from cross-discipline, AIoT provides wide areas of impact such as predictive maintenance and 

industry optimization, remote monitoring with decision support in healthcare, resource efficiency in agriculture 

and data driven urban management in cities (Jagatheesaperumal & Rahouti, 2022; Siarry et al., 2021; Batty et al., 

2012). However, security, privacy and explainability continue to be essential design pre‐requirements for the 

social acceptance and reliable operation of AIoT in critical sectors (Kök et al., 2023; Kuzlu et al., 2021).

Perspectives in the future suggest that AIoT will also transition to system of systems (autonomous, agent-oriented 

& human centered) and sustainable/green AI approaches would be at heart of technology agenda (Firouzi et al.,  

2022; Doo et al., 2024). However, AIoT should be a social technological change domain that is influenced by  

trust (Kök et al., 2023; Ó Fathaigh, 2019), ethics and sustainability.
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As large language models and agentic AI are increasingly integrated into IoT environments, architectural choices 

become tightly linked to energy efficiency, resilience, transparency, and trust. The edge–fog–cloud continuum 

offers a sustainable pathway for deploying these capabilities while addressing privacy, explainability, and system 

robustness (Firouzi et al., 2026).
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