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Preface

The International Conference on Artificial Intelligence Management and Trends
(ICAIMT) was successfully held on April 22-23 2026, at the Abu Dhabi School of
Management. This conference brought together industry experts, researchers, and
practitioners to explore emerging trends in artificial intelligence, including automation,
edge computing, and ethical Al, and to demonstrate how these advancements can address
real-world challenges.

ICAIMT highlighted innovative tools and methodologies that empower businesses to
make data-driven decisions, enhance operational efficiency, and foster industry-wide
innovation.

This dynamic event provided participants with valuable insights and practical
applications, encouraging interactive learning and meaningful engagement. It also served
as a platform for collaboration, opening doors to future research, partnerships, and
projects in this rapidly evolving field.
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Artificial Intelligence in Management and Digital

Marketing: Emerging Trends, Organisational

Transformations, and Ethical Implications
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Abstract— This paper explores the ways Artificial Intelligence
is transforming both managerial practices and digital marketing
strategies across contemporary organisations. Drawing on
recent scholarly work, it adopts a conceptual perspective to
outline several emerging trends shaped by Al, such as predictive
data analysis, smart automation, personalised customer
interactions, and decision-making grounded in extensive
datasets. The study further examines the organisational
consequences of integrating Al, including shifts in internal
structures, evolving skill demands, and the need for
strengthened governance. Early observations indicate that Al
can boost performance levels and deepen user engagement, yet
it also introduces ethical questions involving transparency,
algorithmic bias, and the safeguarding of personal data. In
response, the paper proposes a unified framework designed to
guide the responsible and efficient use of AI within both
management and marketing contexts.

Keywords— Artificial Intelligence; Management Innovation;
Digital Marketing; Predictive  Analytics; Marketing
Automation; Organisational Transformation; Data-Driven
Decision-Making; Customer Experience; Ethical Al;
Algorithmic Governance; Personalisation; Automation.

L INTRODUCTION

The rapid evolution of Artificial Intelligence has significantly
reshaped managerial frameworks as well as the digital
marketing mechanisms used within both public and private
organisations. Al tools now play a central role in guiding
strategic choices, streamlining operational workflows, and
redefining how organisations connect with and understand
their audiences. Although digital transformation has been
widely studied, notable gaps persist in research that examines
the combined effects of Al on management and digital
marketing[1]. Much of the existing literature tends to isolate
these domains, analysing either managerial changes or
marketing innovations separately, without fully recognising
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how closely intertwined they have become in data-centric
organisational environments.[2]

This study seeks to address this limitation by presenting an
integrated analytical view that captures the influence of Al on
decision-making processes, organisational restructuring, and
the enhancement of digital customer experiences[1]. It
emphasizes key emerging trends such as predictive
modelling, intelligent automation, and hyper-personalised
marketing journeys[3], while also identifying the internal
adjustments organisations must undertake—including new
skill sets, adapted governance models, and cross-functional
data practices. In addition, the paper underscores the
importance of ethical vigilance, as Al-driven systems
introduce concerns related to privacy protection, algorithmic
fairness, and transparency in automated decisions.

By combining managerial and marketing perspectives within
a single framework, this work provides managers,
researchers, and digital strategists with a comprehensive
foundation for understanding how Al can be leveraged
responsibly and effectively. It also offers insights that may
support  future  organisational  policies, capability
development, and the design of sustainable Al-driven
strategies.[1]



II. METHODOLOGY

literature research (scopus,wos,|EEE xpolre)

inclusion and exclusion criteria

Data collection (selected studies)

Data analysis

Integation of insights

Synthesis and interpretation of findings

This study is grounded in a qualitative conceptual approach
supported by an extensive review of recent scholarly work.
Peer-reviewed publications appearing between 2018 and
2024 were gathered from Scopus, Web of Science, IEEE
Xplore, and leading journals in the field of digital marketing.
The selection process targeted research that specifically
examines the role of Artificial Intelligence in managerial
practices, marketing automation systems, customer analytics,
and broader organisational transformations.

To interpret the collected material, the analysis relied on
several complementary tools, including thematic content
examination, the mapping of emerging trends, and the
comparison of established managerial and marketing models.
When relevant, additional insights were drawn from reports
issued by international organisations and major technology
firms, allowing the academic findings to be supported with
perspectives from industry and policy contexts.

1L PRELIMINARY RESULTS AND INNOVATIVE
FRAMEWORK

The preliminary results of the study point to four major
developments shaping the integration of Artificial
Intelligence within contemporary organisations.

First, managerial models are undergoing significant
transformation as intelligent automation tools and predictive
dashboards begin to influence strategic planning,
performance monitoring, and the management of human
resources. These technologies support more proactive, data-

informed decision-making and introduce new forms of operational
coordination.

Second, digital marketing functions are becoming markedly more
sophisticated. Al applications strengthen audience segmentation,
enable deeper personalisation, improve campaign optimisation, and
support interactive tools such as chatbots. They also provide more
detailed insights into customer journeys, allowing organisations to
better anticipate needs and tailor engagement strategies.

Third, a culture centred on data is taking root across organisations.
Effective governance practices and a solid understanding of Al
concepts among employees are emerging as essential elements for
ensuring the long-term, responsible use of these technologies. This
shift requires systematic investment in skills, processes, and data
infrastructure.

Fourth, the adoption of Al raises critical ethical and regulatory
questions. Concerns surrounding algorithmic bias, the transparency
of automated decisions, and the protection of personal data
underscore the need for strong governance mechanisms capable of
ensuring compliance and safeguarding stakeholder trust.

Building on these findings, the paper proposes an integrated Al—
Management—Digital Marketing Framework. This model brings
together strategic, operational, and ethical dimensions to guide
organisations in deploying Al coherently and responsibly across
both managerial and marketing domains.

Iv. CONCLUSION

This study underscores the pivotal influence of Artificial
Intelligence as a driving force in both managerial evolution
and digital marketing innovation. The results highlight the
necessity for organisations to adopt integrated strategies that
bring together technological advancement, human
capabilities, and sound governance practices. Such an
approach is essential for ensuring that Al tools are deployed
in ways that create value while maintaining organisational
coherence and accountability.

Looking ahead, future research could include empirical
testing of the proposed framework to assess its applicability
in real-world settings. Comparative studies across different
industries would also offer valuable insights into how sector-
specific factors shape Al adoption. In addition, examining the
diffusion of Al within emerging markets may reveal unique
opportunities and constraints that are not yet fully captured in
the literature. Strengthening ethical standards and expanding
digital skill sets will remain critical priorities to guarantee the
sustainable and trustworthy integration of AI across
organisational functions.
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Abstract - Faced with the constant rise in energy demand and the
urgent need to combat climate change, many governments have
been driven to wisely consume available energy and explore new
resources through innovative and sustainable solutions. Accurate
forecasting of electricity demand is critical for operational
planning and grid optimization. In this study, we aim to design and
develop a comprehensive set of time series forecasting models to
predict power consumption for TAQA, the main energy
distributor in Abu Dhabi. Using historical load data, we will
construct and compare four families of models: baseline
econometric models (ARMA and ARIMA), a gradient-boosted
tree ensemble (XGBoost), and a deep learning architecture
(LSTM). In addition to forecasting performance, the models will
undergo rigorous validation using a suite of time-series—specific
diagnostic tests, including assessments of heteroscedasticity,
autocorrelation, stationarity, and residual distribution properties.
These diagnostics ensure the stability and statistical reliability of
the models developed. The forecast accuracy of all models will be
evaluated across multiple horizons using standard error metrics.

Keywords—Electricity Consumption Forecasting, Time Series
Analysis, LSTM, XGBoost.

L. INTRODUCTION

Abu Dhabi is a fast-growing city that faces increasing energy
demand driven by rapid urbanization, rising population, and
industrial growth. This leads to higher costs of energy
production and supply. The technical report of the Department
of Energy (DoE) shows that the electricity demand in Abu Dhabi
is continuously increasing to reach 13 GigaWatts (GW) in 2023,
with a 9.1% increase from 2022 to 2023. TAQA Distribution, as
the primary electricity and water distribution company in Abu
Dhabi, plays a significant role in addressing these challenges.
Such figures reveal a need for reliable and robust solutions to
support TAQA in optimizing its electricity distribution grid.

Predicting electricity demand is one of the primary
challenges faced by energy supply companies. If future demands
are accurately approximated, then energy production factories
and distribution grids will operate efficiently, peak demands will
be known ahead of time, electricity shortages will be avoided,
and customer satisfaction will be improved. To achieve this,
TAQA aims to develop and deploy energy consumption
forecasting solutions utilizing advanced econometric and Al-
enabled models to support Abu Dhabi and the United Arab
Emirates’ vision for sustainability and its

Rawdha Al Zaabi
CIS division
Higher Colleges of Technoogy
Abu Dhabi, UAE
H00492127@hct.ac.a

Alya Al Zaabi
CIS division
Higher Colleges of Technoogy
Abu Dhabi, UAE
H00503082@hct.ac.ae

Net Zero 2050 goals. In this paper, we will use historical energy
consumption data from TAQA to create short and long-term
forecast. The dataset will include historical electricity usage of
Abu Dhabi, Al Ain, and Al Dhafra regions. The goal of this
paper is to test and compare advanced econometric and Al-
enabled models to make the most accurate predictions. Similar
studies have been conducted in various countries, including the
United States of America [1], China [2], Brazil [3], and Mexico

[4].

This project adds significant value to TAQA and other
stakeholders by providing a practical solution for short and long-
term energy demand forecasting. Through the use of machine
learning techniques such as XGBoost and LSTM, the project
aims to identify the most accurate predictive model. By
analyzing historical energy consumption data alongside external
factors like temperature and time patterns, the solution helps
reduce uncertainty in demand management. For TAQA, this
translates into better resource allocation, cost reduction, and
more efficient energy planning. Ultimately, the project resolves
the pressing problem of inefficiencies and rising costs in energy
management by offering a scalable, intelligent solution.

IL. RESEARCH METHODOLOGY

This study follows a structured methodological framework
(Fig. 1) consisting of data acquisition, preprocessing, model
development, diagnostic validation, and performance
evaluation. The methodology ensures systematic comparison
between all models to identify the most reliable forecasting
approach for TAQA’s electricity consumption.

Data Data
Aequisition T Prprocessing

Forecasts
Evaluation

Residual distribution
Fig. 1. Research Methodology

I11. LITERATURE REVIEW

The application of Artificial Intelligence (Al) and Machine
Learning (ML) techniques have significantly transformed
electricity consumption forecasting, addressing the limitations
of traditional statistical methods that struggle to capture
nonlinear and dynamic energy patterns [1]. Early models, such
as ARIMA and regression analysis, provided foundational
approaches, but proved inadequate when dealing with complex

temporal dependencies and exogenous influences [3].



Consequently, Al-based models have emerged as more
powerful alternatives capable of enhancing prediction
accuracy. Machine learning approaches, including Logistic
Regression (LR), Random Forest (RF), Support Vector
Machine (SVM), and ensemble algorithms such as XGBoost
and CatBoost have been effectively applied in diverse contexts.
For instance, studies in the USA used Energy Information
Administration (EIA) and Department of Energy (DOE) [5]
datasets demonstrated that ML-based forecasting outperformed
traditional methods in modeling nonlinear consumption
behaviors, with LR and RF achieving notable accuracy gains.
Similarly, CatBoost combined with hybrid optimization
algorithms such as Particle Swarm Optimization (PSO) and Ant
Lion Optimization (ALO) proved effective in long-term
national-scale forecasting for sustainable energy planning in
Mexico [6].

Deep learning techniques, particularly LSTM networks and
their variants, have become dominant in short-term and
medium-term load forecasting due to their ability to model
sequential dependencies [7]. Comparative analyses show that
Bidirectional LSTM (Bi-LSTM) models achieve superior
performance relative to conventional LSTM, ARIMA, and
SARIMA methods, particularly for nonlinear and seasonal
datasets [8]. Recent advancements, such as the Improved
LSTM (ILSTM) [9] integrated with loT-based data acquisition
systems, achieved outstanding results in residential energy
forecasting within the United Arab Emirates, with MAE and
RMSE of 0.185 and 0.276, respectively.

Hybrid Al architecture has further improved forecasting
accuracy by integrating deep learning with optimization
algorithms. The Optimized Deep Neural Network (ODNN)
enhanced through a hybrid Genetic Algorithm—Particle Swarm
Optimization (GA-PSO) achieved higher accuracy and lower
error than conventional deep networks [10]. Similarly, Least
Squares Support Vector Machine (LSSVM) tuned via the
Gooseneck Barnacle Optimizer (GBO) [11] reached
exceptional forecasting accuracy, outperforming several other
bio-inspired optimizers such as PSO and Dragonfly Algorithm.
Combining machine learning and fuzzy logic have
demonstrated strong potential in managing uncertainty within
microgrids. A study integrating BiLSTM forecasting with
Mamdani fuzzy logic [12] achieved 93.2% classification
accuracy for microgrid stability assessment. Hybrid
optimization methods such as Echo State Networks (ESN)
optimized by Differential Evolution (DE) [4] achieved very low
forecasting errors using datasets from China and Taiwan.
Comprehensive surveys of Al applications in energy systems
report that hybrid models integrating deep learning with swarm
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intelligence or evolutionary optimization achieve the highest
accuracy and reliability [1,13]. As reported in [2,14], these
models not only enhance prediction accuracy but also support
intelligent control and optimization in energy management, as
seen in applications of Al to hybrid renewable systems and
building-level forecasting.

Iv. TAQA DATASET

PREPROCESSING

AND DATA

Time series data plays a central role in energy forecasting,
as it captures changes in consumption over time with strong
temporal dependencies. In the context of electrical grids and
regional demand analysis, TAQA will provide a dataset
reporting electricity consumption in the Emirate of Abu Dhabi.
The dataset spans energy usage between 2019 and 2025 on
hourly basis. Geographically, data will be covering Abu Dhabi
City, Al Ain, and Al Dhafra regions at sub-station granularity
level. Additionally, data on humidity, temperature, and
precipitation will be collected from the National Center of
Meteorology in the UAE.

Effective preprocessing is essential because real-world
energy data often contains frequent irregularities, such as
missing values, noise, and peaks, caused by unpredictable
events. To clean TAQA’s dataset, we expect to handle gaps in
the time series when timestamps are missing. To reconstruct the
timeline at uniform intervals, typical missing values imputation
techniques will be used. It is also important to separate and
process legitimate and erroneous extreme spikes. Furthermore,
feature engineering of raw timestamps will be undertaken to
extract time-based information such as hour-of-day, day-of-
week, or season. These temporal attributes allow models to
recognize recurring behaviors such as lag features, rolling
windows, moving averages, and seasonal growth. This makes
an early understanding of the critical characteristics of the time
series. Properly addressing these and similar issues will
transform raw observations into informative time-aware
variables capable of revealing trends, recurring patterns, and

long-term dependencies.

V. FORECASTING MODELS SELECTION

The
approaches, along with advanced machine learning and deep
learning models. Together, these models provide a
comprehensive forecasting framework combining traditional
statistical principles with modern artificial intelligence

selected models include classical econometric

methods.

A. Baseline forecasting models



Primarily, time-series forecasting relied on econometric
models such as Autoregressive (AR), Moving Average (MA),
Autoregressive Moving Average (ARMA), and Autoregressive
Integrated Moving Average (ARIMA). These models are
grounded in statistical theory and remain widely used due to
their interpretability and effectiveness in modeling linear
temporal patterns. In the context of energy forecasting,
econometric models help establish a baseline understanding of
consumption trends by capturing dependencies within
historical data. They are especially useful when consumption
follows stable, predictable cycles. The ARMA model combines
two components: an autoregressive term that expresses current
values as a function of previous values, and a moving average
term that incorporates past forecast errors. If energy
consumption data exhibits non-stationarity due to seasonal
effects, temperature variation, and long-term trends, then
ARIMA models can be used.

B. XGBoost models

XGBoost is an advanced ensemble model based on gradient
boosting principles by building trees sequentially, with each
tree correcting the errors of the previous one. It incorporates
strong regularization terms to prevent overfitting and includes
features such as parallel computation, missing-value handling,
and optimized memory usage. This makes XGBoost efficient,
scalable, and highly accurate for forecasting tasks involving
tabular datasets with many engineered features. XGBoost
performs well in structured data environments because it can
model high-level feature interactions, such as relationships
calendar effects, and

between temperature,

consumption trends.

regional

C. XGBoost models

Long short-term memory networks are a type of recurrent
neural network designed specifically to model sequential and
time-dependent data. LSTMs can automatically learn temporal
dependencies by processing sequences such as the past 24 or 48
hours of consumption data. This makes LSTMs highly effective
for modeling cyclic patterns and long-range temporal behavior.
LSTMs excel in environments where energy consumption is
influenced by strong daily and weekly cycles.
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VL CONCLUSION

This paper presented a data-driven methodological
framework for forecasting TAQA’s hourly electricity demand
using representative statistical, machine learning, and deep
learning models. Through a focused literature review and
systematic model selection, ARMA, ARIMA, XGBoost, and
LSTM were identified as suitable approaches for capturing both
linear and nonlinear load dynamics. The proposed methodology
emphasizes rigorous preprocessing and diagnostic validation,
ensuring that each model meets key time-series reliability
criteria. Overall, the framework provides a solid foundation for
developing accurate and scalable forecasting solutions in
energy analytics. Future work will apply this methodology to
full empirical evaluation to TAQA dataset.
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Abstract— Artificial intelligence (Al) is increasingly applied to
enhance clinical decision-making and reduce unwarranted
variability in healthcare delivery. In outpatient rehabilitation
settings, physiotherapy referral decisions are frequently based
on individual clinician judgment, which may lead to delayed
intervention, inconsistent access to rehabilitation services, and
inefficiencies in patient pathways. This paper presents a short
conceptual framework proposing an Al-enabled clinical
decision support system (CDSS) designed to support
physiotherapy referral decisions using structured electronic
medical record (EMR) data.

The proposed framework integrates supervised machine
learning models, explainable artificial intelligence mechanisms,
enterprise-level deployment architecture, and a governance-
aligned implementation strategy. Unlike a full experimental
study, this work focuses on the conceptual design of an
operational Al system, including the clinical workflow,
methodological justification, and validation strategy required
for real-world deployment. The framework aims to enhance
referral consistency, improve operational efficiency, and
support equitable access to rehabilitation services while
preserving physician oversight and clinical governance. Future
work will involve pilot implementation and empirical validation
within outpatient rehabilitation settings.

Keywords— Artificial Intelligence, Clinical Decision
Support Systems, Physiotherapy Referral, Machine Learning,
Healthcare Governance

L INTRODUCTION

Artificial intelligence (Al) is transforming healthcare delivery
by enabling data-driven decision support and improving the
consistency of clinical practice. The increasing adoption of
electronic medical records (EMRs) has created large volumes
of structured clinical data that can be analyzed using machine
learning (ML) methods to support clinical decision-making
processes. Al-enabled clinical decision support systems
(CDSS) are increasingly used to assist clinicians in risk
prediction, triage prioritization, and treatment planning.

In outpatient rehabilitation services, physiotherapy referral
decisions play a critical role in determining patient recovery

XXX-X-XXXX-XXXX-X/XX/$XX.00 ©20XX IEEE
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trajectories and healthcare resource utilization. Early referral
to physiotherapy can significantly improve functional
outcomes, reduce chronic disability risk, and enhance patient
satisfaction. However, referral decisions are often influenced
by individual clinician experience, workload pressures, and
variability in clinical interpretation. As a result, similar
patients may receive different referral decisions across
providers or clinical settings.

The widespread adoption of EMR systems provides an
opportunity to support referral decisions using predictive
analytics. Machine learning models can analyze
multidimensional patient data and identify patterns associated
with successful physiotherapy intervention. By integrating
these predictive insights within a CDSS framework, clinicians
may receive structured decision support that complements
clinical judgment.

This paper presents a short conceptual framework for an Al-
enabled CDSS designed to support physiotherapy referral
decisions in outpatient care. Rather than presenting a full
experimental implementation, the study focuses on system
design, methodological justification, and practical
considerations for real-world deployment. The framework
integrates machine learning models, explainable Al
mechanisms, enterprise deployment architecture, and
governance-aligned implementation strategies to facilitate
responsible Al adoption in clinical environments.

II. MAIN CONTRIBUTION

The primary contribution of this study is the conceptualization
of physiotherapy referral as a structured Al-supported clinical
decision point within outpatient care. While previous research
has applied machine learning to predict rehabilitation
outcomes, relatively little work has focused on supporting the



initial referral decision stage, where delayed or missed
interventions often occur.

The proposed framework integrates multiple components
necessary for operational Al deployment in healthcare
settings, including:

e  Structured EMR-based feature extraction

e  Supervised machine learning classification models
e Explainable Al outputs for model transparency

e  Enterprise deployment infrastructure

e Governance-aligned implementation roadmap

By combining technical machine learning modeling with
implementation and governance considerations, the
framework bridges the gap between predictive analytics
research and practical clinical deployment.

This contribution provides a practical pathway for integrating
machine learning into real-world outpatient referral
while clinical

workflows maintaining

transparency, and physician oversight.

governance,

III. PROBLEM CONTEXT AND RELATED WORK

Variability in physiotherapy referral practices has been
widely reported in outpatient care. Physicians managing
patients with similar musculoskeletal conditions may reach
different referral decisions due to differences in clinical
experience, time constraints, or implicit biases. Such
variability lead to delayed rehabilitation,
underutilization of physiotherapy services, and inequitable
patient access to care.

may

Recent studies have explored the use of machine learning
techniques in rehabilitation medicine. Several predictive
models have been developed to estimate treatment outcomes,
rehabilitation duration, and return-to-work probability for
patients with musculoskeletal disorders. Tree-based
algorithms, including Random Forest and gradient boosting
methods, have demonstrated strong predictive performance
when applied to structured healthcare datasets.

Al-enabled clinical decision support systems have also
shown potential to improve consistency in healthcare
decision-making processes. In emergency medicine and
hospital triage systems, machine learning models have been
used to support risk stratification and clinical prioritization
decisions.
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However, most existing research focuses primarily on
predicting rehabilitation outcomes after treatment has
already been initiated. The upstream decision of whether a
patient should be referred to physiotherapy in the first place
remains largely unsupported by Al-based systems.
Furthermore, many predictive models emphasize algorithmic
accuracy without addressing critical issues such as workflow
integration, explainability, and governance alignment.

The framework proposed in this study addresses this gap by
focusing specifically on physiotherapy referral decisions and
by integrating machine learning predictions within a
structured clinical decision support architecture designed for
real-world implementation.

IV.PROPOSED Al FRAMEWORK
A. Data Inputs

The proposed framework utilizes structured EMR variables
commonly available during outpatient consultations. These
variables include:

e ICD-10 diagnostic codes

e  Pain severity scores

e  Functional mobility assessments
e  Post-operative status

e  Comorbidity burden

e Age category

e Body Mass Index (BMI)

e  Prior physiotherapy utilization
These clinical variables provide a multidimensional
representation of patient health status and rehabilitation

needs.
B. System Workflow

The operational pipeline of the proposed system consists of
six stages:

1. EMR data
interoperability standards
Data preprocessing and feature engineering

extraction using  HL7/FHIR

Supervised machine learning inference
Generation of physiotherapy referral probability

A

Explainable Al output highlighting key contributing
features



6. Physician review and final referral decision
documentation

The system produces a binary recommendation (“Refer” or
“No Refer”) accompanied by a confidence probability score.
Importantly, the recommendation is advisory rather than
autonomous, ensuring that clinicians maintain full authority
over the final referral decision.

C. Framework Diagram Explanation

The framework diagram illustrates the end-to-end
transformation of structured patient data into a probabilistic
physiotherapy referral recommendation. Clinical variables
extracted from the EMR are first processed through
preprocessing and feature engineering modules before being
analyzed by supervised machine learning models.

The generated referral probability is accompanied by
explainable AI outputs that highlight the key factors
contributing to the recommendation. These explanations
improve transparency and support clinician trust in the
system.

The Al output functions as a decision support tool rather than
an automated decision-maker. Physicians review the
recommendation and retain full authority over the final
referral decision. The feedback loop enables continuous
monitoring of model performance and supports ongoing

model refinement.
Fig. 1. AI-Enabled Physiotherapy Referral Framework.

i
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‘ @ Al model predicts who needs therapy
v
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Doctor always
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l
Figure 1. Al-Enabled Physiotherapy Referral Framework

l @ Physician reviews & decides

V. METHODOLOGICAL JUSTIFICATION
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Two machine learning techniques were selected for the
proposed framework: Random Forest and XGBoost.

Random Forest is widely used in healthcare predictive
modeling due to its robustness, ability to handle structured
clinical data, and resistance to overfitting. The algorithm also
provides measures of feature importance that enhance
interpretability.

XGBoost was selected due to its strong predictive
performance and its ability to capture nonlinear relationships
between clinical variables. Gradient boosting techniques
have consistently demonstrated high predictive accuracy in
structured medical datasets.

Explainable Al mechanisms are incorporated to enhance
transparency and support regulatory compliance. Feature
contribution analysis allows clinicians to understand how
individual patient characteristics influence the referral
recommendation.

VI. IMPLEMENTATION ROADMAP

Successful adoption of Al systems in healthcare requires a
structured implementation strategy. The proposed framework
includes four implementation phases:

Data readiness and stakeholder engagement
Model development and internal validation
EMR integration and workflow automation
Continuous monitoring and system scaling

=

Deployment using enterprise platforms such as Azure
Machine Learning supports secure model hosting, automated
monitoring, model drift detection, and audit trail generation.

VII. VALIDATION STRATEGY

Validation of the proposed framework will involve pilot
deployment within an outpatient physiotherapy clinic
environment.

Model performance will be evaluated using cross-validation
techniques and standard predictive metrics including:

e ROC-AUC
e Fl-score
e  Sensitivity



e  Specificity
e  (Calibration assessment

In addition, clinician agreement analysis will examine the
alignment between AI recommendations and physician
referral decisions.

Preliminary retrospective modeling demonstrated promising
performance indicators:

e ROC-AUC: 0.84
e Fl-score: 0.81

e  Sensitivity: 0.86
e  Specificity: 0.78

Future prospective validation will assess clinical workflow
integration, operational feasibility, and improvements in
referral consistency.

VIII. FAIRNESS AND GOVERNANCE

Responsible Al deployment in healthcare requires careful
attention to fairness, transparency, and governance.

The proposed framework includes mechanisms to evaluate
algorithmic fairness across demographic groups, including
age and gender strata. Bias monitoring and model drift
detection will be implemented using enterprise Al

governance tools.

Physician oversight remains central to the framework to
ensure that automated recommendations do not replace
clinical judgment. Continuous monitoring and audit
processes will ensure safe and responsible use of Al in

clinical decision-making.
IX. CONCLUSION

This study proposes a governance-aligned Al framework for
improving physiotherapy referral decisions in outpatient care.
By integrating supervised machine learning models,
explainable AI mechanisms, and enterprise deployment
architecture, the framework aims to enhance referral
consistency and support equitable access to rehabilitation
services.

The conceptual framework bridges the gap between machine
learning research and real-world clinical implementation by

incorporating workflow integration, governance
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considerations, and validation planning. Future work will
focus on pilot implementation and empirical evaluation of the
system within outpatient rehabilitation environments.
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Abstract—Reviewing software requirements is one of the
critical activities in software development projects, yet it is often
done manually, which is time-consuming and prone to
inconsistency. Ineffective review practices may lead to vague,
incomplete, or low-quality requirements. This increases the risk
of rework and project failure. This paper proposes an Al
roadmap for enhancing the review of requirements documents
by using natural language processing and machine learning
techniques. The proposed roadmap aims to improve the quality
of requirements while reducing the manual review effort and
supporting more effective decision-making during the
requirements engineering process.

Keywords—Artificial Intelligence, Requirements Engineering,
Requirements Review, Natural Language Processing

L. INTRODUCTION AND BACKGROUND

The success of software development projects depends on
many internal activities and processes. One such process is
software requirements review, which has an important role in
ensuring the quality and clarity of requirements [1]. When
requirements are clearly reviewed, they help map system
functionality to stakeholder needs and project goals [2].

Requirements review is usually performed manually. This
manual process is time-consuming and may lead to
inconsistent results when requirements documents are long or
complex [3]. Different reviewers may interpret the same
requirement in different ways, and problems such as
ambiguous words, missing details, or conflicting requirements
may not be identified early in the project [4]. These problems
can increase the risk of rework and affect project outcomes
negatively [1].

Recent advances in artificial intelligence (AlI) have created
new possibilities to support the requirements review process
[3]. AI techniques can help reviewers by analysing
requirements documents and highlighting quality issues [2].
This paper proposes an Al roadmap for enhancing software
requirements document review using natural language
processing (NLP) and machine learning techniques.

Requirements review is still mainly performed manually
and depends on reviewer experience, which may lead to
inconsistent quality assessments and overlooked issues
[17[4][5]. Although previous studies highlight the importance
of early review activities in improving software quality, there
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is still limited integration of Al across different review stages
within an organizational workflow [3][6]. This paper proposes
an Al roadmap that embeds machine learning techniques into
the requirements review lifecycle to improve consistency,
efficiency, and decision support.

This paper proposes an organizational roadmap for
integrating Al into the software requirements review process.
The contribution focuses on using machine learning across
multiple review stages rather than limiting the scope to model
development, presenting Al adoption as a phased process
embedded within existing organizational workflows.

1L REQUIREMENTS REVIEW CHALLENGES

A. Manual Requirements Review Process

The software requirements review process is one of the
important stages within software development projects [1][2].
Throughout this process, business analysts, developers and
testers manually examine requirements documents to make
sure they are clear, consistent, complete and aligned with the
needs of the client [2][7]. Table 1 shows the main process
steps and stakeholders. This process takes a lot of time, is
subjective and can be easily affected by human mistakes,
especially when the requirements are complex [1].

TABLE L. SOFTWARE REQUIREMENTS REVIEW STEPS

Process Step Description

Collect business needs from clients by
conducting interviews, meetings, and
reviewing existing documents.

1. Gather

Requirements Owner, Business Users

Create Software Requirement

2. Draft . . .
. Specification (SRS), user stories, and .
Requirements . . Business Analyst
functional and non-functional
Document

requirements documents.

Check requirements clarity,
completeness and alignment with project
objectives and client needs.

3. Initial Review Business Analyst

Check whether the requirements can be

4. Technical built, identify technical limitations or Developers, Technical Lead,
Review constraints and understand how they System Architect

impact the system.
5. Quality and Check if the requirement can be tested, Quality Assurance (QA) and

identify risks, and note any missing

Test Review L
acceptance criteria.

Test Engineers

6. Refine Business Analyst,

Requirements

Update requirements based on feedback

from all review groups. Product Owner

7. Final Approve the finalized requirements so Project Manager, Product
Approval and .

. development can start. Owner, Business Users
Sign-off

Stakeholders Involved

Business Analyst, Product

Developers, QA/ Test Team,




B. Quality Issues in Requirements Documents

Problems such as using vague words, missing details, or
conflicts between statements frequently go unnoticed, which
cause defects, rework, and delays in the project [8]. Manual
reviews vary depending on the skills each reviewer has, which
may introduce quality risks in developing the required
software [5]. A study in requirements engineering finds that
having unclear requirements early in the project is the major
cause of defects and higher costs [9].

C. Motivation for Al-Supported Review

Al techniques can support requirements review by
analyzing textual patterns, identifying ambiguity, and
highlighting potential risk indicators based on historical data
[8][9]. Instead of replacing human reviewers, Al can assist
them by flagging requirements that need further attention,
which helps improve efficiency and reduce the risk of
overlooked defects [2].

III. AI'IN REQUIREMENTS REVIEW

The integration of Al into the requirements review
workflow involves embedding supervised learning models
within key review stages. After the business analyst gathers
and drafts the requirements, the textual content is
preprocessed and transformed into numerical features using
TF-IDF representation. These features enable the
classification of requirements according to predefined clarity
and risk categories [6].

As shown in Table 2, during the initial review, the Logistic
Regression model classifies each requirement as “clear” or
“unclear”, while in the technical review, the model predicts
high-risk requirements based on patterns that the model learns
from past data examples [8]. Any missing acceptance criteria
are pointed out by the model during the quality review step.
These predictions direct the business analysts, developers and
QA teams to focus on a list of flagged sections instead of
manual line by line review.

TABLE IL. AI-ENHANCED SOFTWARE REQUIREMENTS REVIEW
PROCESS
Updated
Al Activity
Process Step | Input Data Algorithm Al Output (Al-
Oriented)
Raw Business
requirement analyst
1. Gather gathers
. text from -
Requirement . None. None requirements
meetings,
S . . manually.
client emails :
Al starts in
and notes.
step 2.
Documents
Draft SRS, Clean are written
2. Draft . in a clearer
. user stories, TF-IDF structured
Requirement o . structure to
and existing Vectorizer text ready for
s Document . . support Al
documents. classification .
prediction
model.
3. Initial Requirement LOngtlc. List of Business
. Regression analyst
Review text. . unclear or .
classifier reviews only
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Updated
Process Step | Input Data ﬁgori thm Al Output é:lt:wty
Oriented)
(clear vs. incomplete flagged
unclear) requirements | items
instead of
reading
every line in
detail.
Logistic Developers
Requirement | Regression S focus their
4. Technical s with classifier ngh. risk efforts on
Review technical (low risk requirement predicted
. . list. .
details. vs. high requirements
risk) as high risk.
QA team
Logistic strengthens
Regression | List of test
Acceptance classifier requirements | conditions
5. Test o . .
Review criteria (adeq}lat‘e with missing | and
sections. vs. missing | acceptance acceptance
acceptance criteria. criteria
criteria) earlier in the
project.
Faster
refinement
. cycles,
Updgted LOngtlc. Updated guided by
6. requirements | Regression .
. clarity and updated
Refinement and model (reclassifica | . L
predictions. tion) risk scores. predlctlons
instead of
full manual
rereads.
The Project
Manager
and
Business
Final SRS Clarity and Users
7. Final and Al risk None risk review the
Approval prediction ' summary Al-
summary. report. generated
report to
support their
approval
decision.

Once the business analyst refines the requirements, the

machine learning model classifies the revised text again and
updates the clarity and risk scores. The team can iterate the
refinement step faster [2]. In the final step, the model shows
its predictions in a report that is presented to the project
manager and business users to support their final approval
decision. Al implementation improves the workflow and
creates a review process that is more consistent, faster, and
less prone to human error [3]. Figure 1 illustrates the Al-
enhanced review process across seven steps, including the
iterative reclassification feedback loop during refinement.

Although the proposed solution reduces the effort needed
to review every requirement manually, human reviewers
remain central to the process. Business analysts and technical
reviewers examine the Al-generated predictions, refine
requirement wording when needed, and decide on necessary
corrective actions. The model supports decision-making
rather than replacing human judgment, and final approval
remains under the responsibility of the project team.
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Fig. 1 Al Enhanced Software Requirements Review Process

Iv. Al ROADMAP FOR REQUIREMENTS

REVIEW

An Al roadmap is proposed to support the Software
Development Department in improving the software
requirements review process and aligning the revised process
with organizational goals. The Al roadmap shows how data,
technology and skills support the proposed solution.

A. Key Use Case

The main use case is Al-enhanced requirements document
review. The TF-IDF and Logistic Regression model are used
to find unclear or high-risk requirements early in the
development cycle. This supports the aim of the organization
to improve the clarity of the requirements and reduce delays
resulting from incomplete documentation [1].

B. Roadmap Phases

1) Phase 1: Readiness and Data Preparation
This phase concentrates on preparing the department for
adopting AI. The team gathers requirement documents,
defines standards for data, sets up version control, and
prepares numerical features using TF-IDF under Scikit-learn.
This builds a clean database that helps train the model.

2) Phase 2: Model Development and Pilot Deployment

This phase focuses on building and testing Logistic
Regression classifiers by using Scikit-learn pipelines and
labeled requirements. During model training, requirement
statements are labeled based on predefined criteria. A
requirement is classified as clear if it is specific and testable,
and unclear if it contains vague or incomplete information.
Requirements are categorized as high-risk when they involve
technical uncertainty or dependency conflicts. To ensure
consistency, two reviewers independently annotate a subset of
requirements and resolve disagreements through discussion.
The model outputs clarity and risk scores and highlights
statements that require attention. The pilot release of the
model is tested within the review workflow before full
implementation. To reduce potential bias from historical data
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patterns or reviewer subjectivity, standardized labeling
guidelines are applied and classification results are
periodically reviewed.

3) Phase 3: Scaling and Improvement

The third phase concentrates on improving and preparing
the model for long-term use. The teams review the model’s
predictions and share feedback to update the wording, fix any
issues and improve the model’s accuracy. Also, the
department puts in place simple model monitoring and
retraining schedules and chooses whether to run the solution
on internal servers or to move it to cloud if more resources are
needed for capacity. Figure 2 illustrates the overall Al-
enhanced requirements review roadmap across the three
phases. Table 3 shows how the Al roadmap phases align with
Al-enabled process improvements and organizational
objectives.

Phase 1: Readiness and Data Preparation

| Requirements Input Data Preparation and
: Standardization
|
|
|
|

*Cleaning
* TF-IDF, Version Control

* SRS / User Stories
* Stakeholder needs

*Structured Dataset

/ Phase 3: Scaling and Improvement

Al Output

Human Review & Decision
Support

Monitoring & Continuous
Improvement

*Review Model Predictions

*Refine
Wording

*Provide Feedback for

Model Improvement

* Support Approval

Decisions

* Performance Monitoring

* Model Retraining Schedule

+ Feedback-Based Accuracy
Improvement

+Deployment Scaling
(Internal/ Cloud

«Clarity Scores

*Risk Scores

* Missing Acceptance
Criteria

*Flagged Requirements

Fig. 1 AI Roadmap Phases for Requirements Review

Clarity and Risk Score

TABLE IIL AIROADMAP PHASES AND ORGANIZATIONAL
OBJECTIVES
Al-Enabled Organizational
R Ph
oadmap Phase | | ovement (AIBP) | Objective

Phase 1: Standardized and clean

Readiness and
Data Preparation

requirements data
enabling automated
analysis

Improve requirements
quality, reduce rework

Phase 2: Model Early detection of unclear

Faster requirements

Development and high-risk . .
. . . analysis, on-time
and Pilot requirements using Al .
delivery
Deployment models

Phase 3: Scaling Continuous refinement of
and

Improvement

Cost reduction,
sustainable quality
improvement

Al predictions and review
consistency




C. Validation

To provide practical evidence for the proposed approach,
a simulated evaluation was conducted using a publicly
available software requirements dataset from Kaggle
containing 977 labeled requirements [10]. Categories related
to performance, availability, security, scalability, and
operational concerns were treated as higher-risk requirements.

A TF-IDF representation and Logistic Regression model
with class balancing were applied using five-fold cross-
validation. The model achieved a mean accuracy of 88.8% and
an Fl-score of 0.75. These results show that lightweight
machine learning techniques can reasonably identify higher-
risk requirements and support the Al-enhanced review
process. Although the evaluation is simulated, it provides
initial evidence of the feasibility of the proposed roadmap.

D. Strategy Alignment

The Al roadmap follows key elements: data, ethical
factors, technology, skills, implementation and change
management. The data strategy helps keep the requirement
files clean, well structured, safely saved and their versions are
controlled for tracking any changes [3][11]. Ethical factors
involve reducing bias by using one scoring method for all
requirements and making results easy to understand.

The strategy employs Python and Scikit-learn to run the
TF-IDF and Logistic Regression models on machines with a
standard CPU, with the option to use either internal servers or
cloud services. Implementation includes the pilot model
integration into the workflow and performance monitoring.
Change management focuses more on clear communication,
required training and support to help teams in adopting the
new process.

E. Expected Benefits

The Al roadmap lowers the manual work in the review
process, resulting in a faster process, clearer requirements and
better planning [1][3]. When it comes to organizational level,
the roadmap lowers the risks that the project may face, helps
deliver the project on time and with high quality [2][9].

V. FRAMEWORK EVALUATION AND
DISCUSSION

For the organization to shift to an Al-enhanced Software
Requirements Review Process, there is a need to evaluate the
existing Al implementation frameworks that are widely used
in the industry. Frameworks, such as Scikit-Learn, Keras and
TensorFlow provide production-ready environments for
developing machine learning models that classify text and
predict risk scores [12].

A. TensorFlow

TensorFlow is a widely adopted deep learning framework
designed for scalable and computationally intensive machine
learning tasks [13]. It supports neural network development,
GPU acceleration, and distributed training, making it suitable
for large and complex datasets [12][14]. However, for the
proposed solution, its architectural complexity and higher
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computational requirements may not be necessary for
moderate-sized requirements datasets typically found in
organizational environments.

B. Keras

Keras is a high-level neural network framework built on
top of TensorFlow that provides a simple interface for
developing and testing deep learning models [13]. It supports
rapid prototyping and reduces coding complexity, making it
suitable for teams seeking to experiment with neural
architectures [16]. However, for the proposed roadmayp, its
deep learning capabilities may not be necessary for
lightweight text classification tasks such as requirements
clarity and risk detection.

C. Scikit-learn

Scikit-learn is a common open-source framework for data
science and machine learning that is built on top of Python
libraries [12]. It is simple, lightweight and gives the needed
tools for data preparation, feature extraction, classifier training
and evaluation by the use of pipelines [16]. The main
advantages are its tools that are easy to use, quick training for
most models, and it has TF-IDF and machine learning
algorithms built in [13]. The implementation of Scikit-learn
needs the team to convert requirement text into TF-IDF
features, train a classifier, check its performance and integrate
this pipeline into the review process.

D. Comparison and Recommendations

Table 4 compares the three frameworks based on
complexity, features, cost, and compatibility, highlighting
their differences.

Deep learning approaches are well suited for complex
natural language tasks, particularly when substantial
computational resources and specialized model management
are available [15]. However, for organizational requirements
review processes that prioritize interpretability, ease of
maintenance, and practical deployment within existing
workflows, lightweight classical machine learning models
provide a more feasible solution [12].

TABLE IV. AI IMPLEMENTATION FRAMEWORKS COMPARISON
(adapted from [12], [13], [15], [16])
Framework Category Complexit | Key Cost Compatibility
y Feature

TensorFlow Deep High Deep Free Works on cloud,
learning learning, (open on premises,
framework scalable source) Python APIs.

model
training,
GPU
support.

Keras High level Medium Simple API | Free Runs on
deep for fast (open TensorFlow,
learning neural source) cross platform.
framework network

building,
supports
text layers.

Scikit-learn Classical ML | Low Classical Free Python-based,
implementati ML (open easy local or
on pipeline source) cloud
environment with TF- deployment.

IDF and
classifiers.




Based on the evaluation and comparison presented in Table 4,
Scikit-learn is recommended for enhancing the software
requirements review process, as it aligns directly with the
proposed TF-IDF and Logistic Regression solution [12][16].
In addition, Scikit-learn is easy to implement and maintain,
and it produces interpretable results that support decision-
making during the review process [12][13]. It provides the
necessary tools for text preprocessing and classification
without introducing the additional architectural complexity
associated with TensorFlow and Keras [12][15].

VL CONCLUSION

This paper evaluates the software requirements review
process and finds where Al can make the process faster and
more accurate. The use of TF-IDF and Logistic Regression
implemented under the Scikit-learn framework provides a
simple and effective way for the team to find risky and unclear
requirements and reduce any manual work.

Future work may focus on expanding the proposed Al
roadmap by evaluating machine learning techniques and
testing the framework on larger and more diverse
requirements datasets. In addition, secondary data such as
published case studies or industry reports may be used to
validate the effectiveness of the proposed roadmap and
evaluate its impact on requirements quality and review
efficiency in real-world software development environments.
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Abstract— The Metaverse is a revolutionary virtual
environment that brings together extended, augmented, and
virtual reality with immersive technologies such as multi-access
edge computing and digital twins. The combination thereof
enables innovation in experience creation but is fraught with
tremendous cybersecurity threats, especially to Intrusion
Detection Systems (IDS). Static and centralized IDS models do
not work well in the dynamic, real-time, and decentralized
nature of the Metaverse. This paper proposes a novel Al-
powered IDS tailored to fulfill the security requirements of the
Metaverse. The proposed solution is a hybrid deep network that
integrates Convolutional Neural Networks (CNN) for spatial
feature extraction, Long Short-Term Memory (LSTM)
networks for learning sequential patterns in time, and an
Attention Mechanism for focusing on significant features in
network traffic data. The model was trained and tested on the
CIC-IDS-2017 dataset, including varied real-world attack
patterns such as DDoS, Botnet, Brute Force, and Web Attacks.
The CNN-LSTM-Attention model achieved an overall test
accuracy of 99.06% with macro-averaged precision, recall, and
F1-score of 0.49, 0.50, and 0.49 respectively. However, class-wise
analysis reveals complete failure to detect minority attack
classes (Botnet, Brute Force, Web Attack) due to severe dataset
imbalance, resulting in 0% precision and recall for these critical
threats. This paper provides a critical examination of this
limitation and discusses necessary mitigation strategies
including resampling and cost-sensitive learning. The study
includes a comparative analysis with state-of-the-art models and
presents an end-to-end IDS proof of concept, establishing a
foundation for future work in Metaverse cybersecurity.

Keywords— Metaverse, IDS, Artificial Intelligence, Anomaly
Detection, LSTM, ML

L INTRODUCTION

The Metaverse is a combined physical/digital environment
where user interactions occur via Virtual Reality (VR),
Augmented Reality(AR), Mixed Reality (MR), and Extended
Reality (EX). As an interconnected virtual ecosystem merging
social, learning, transactional, and recreational contexts, the
Metaverse is driven by advancements in network technologies
like 6G and Multi-access Edge Computing (MEC). However,
this emerging environment also brings increased
cybersecurity risks and threats, necessitating robust protective
measures for user data and interactions. The diversification of
personal data and the increasing sophistication of cyber threats
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pose significant challenges that require improvements in
current security paradigms.

The metaverse [1] utilizes next-generation technologies to
enable seamless highspeed communication structures, such as
6G, intelligent sensing, multi-access edge computing (MEC),
and digital twins [2]. These developments present serious
cybersecurity challenges even as they improve connectivity
and immersive experiences. In such a dynamic ecosystem,
new methods of network protection are needed to ensure
strong security. Intrusion Detection Systems (IDS) are critical
to safeguarding digital spaces by monitoring network traffic
and system processes in realtime for any unusual behavior that
may indicate a security breach. IDS may alert administrators
when anomalies are detected, and responses can be
implemented quickly to negate the potential threat. Because
cyber threats in the Metaverse are complex and ever-changing,
it is critical that Al-based solutions are integrated into IDS.
This research suggests a novel intrusion detection model using
the integration of Convolutional Neural Networks (CNN) [3]
and Long Short- Term Memory (LSTM) networks with the
help of an Attention Mechanism. By leveraging CNN’s
feature extraction strengths and LSTM’s in handling
sequential data, this model aims to improve the accuracy and
efficiency of threat detection in the Metaverse. The proposed
solution is supposed to provide an intelligent and adaptive
security system that will make the virtual world more secure
and resilient [4].

The recent explosion of virtual ecosystems has altered how
individuals socialize, interact, and conduct business.
Metaverse, the fusion of virtual and real realities, is a
groundbreaking innovation of virtual environments [5].
However, with the growth of this virtual space, so does the
threat that accompanies it in the form of security breaches.
The networked and decentralized characteristic of the
Metaverse introduces novel vulnerabilities that expose
traditional security frameworks as being inadequate to
identify and respond to highly advanced cyber threats. IDS
are the solution to digital arena protection through the
detection of suspicious activity and nascent attacks.
Conventional IDS mechanisms [6], however, struggle to keep
pace with the nimble and advanced attacks being witnessed
in the Metaverse. Employing Artificial Intelligence (AI)
driven IDS, and particularly deep learning algorithms, can
enhance threat detection efficacy and effectiveness. This



research aims to develop an advanced IDS model based on
Convolutional Neural Networks (CNN) and Long Short-
Term Memory (LSTM) networks, with an added Attention
Mechanism, to improve intrusion detection in the Metaverse.
By combining CNN’s feature-extraction ability from network
traffic with LSTM’s sequential pattern-analysis power [7],
the model aims to deliver a more adaptive and intelligent
security system. Resolving the security problems in the
Metaverse is essential to providing a safe and trustworthy
online platform. This study contributes to the current
literature by exploring the possibility of Al-based IDS
solutions in bolstering cybersecurity measures in this
emerging virtual space [8].

The objective of this research is to determine the types and
characteristics of datasets necessary to train Al-based IDS
models, particularly CNNss, for effective cyber threat detection
in the Metaverse [9]. The researcher will define dataset
attributes essential for CNN-based IDS training in a
Metaverse context (e.g., data volume, modality, and diversity
of attack types). Assess existing datasets and identify gaps in
dataset availability or scope for robust IDS performance in
Metaverse applications. Also, it will identify practical
challenges and considerations in deploying CNN-based IDS
solutions in real-world Metaverse environments and develop
strategies to address these challenges [10]. Will investigate
technical, operational, and regulatory challenges related to
CNN-based IDS deployment in the Metaverse. Also, proposes
actionable solutions, such as scalability improvements,
integration practices, and compliance considerations, for
practical deployment of IDS models [11]. The third objective
is to compare the performance of various CNN architectures
(e.g., ResNet, Inception) in detecting complex attack patterns
specific to the Metaverse environment. We will assess the
strengths and limitations of different CNN architectures in
handling complex, high-dimensional attack data. Also, it will
identify the most suitable CNN variants for IDS applications
based on specific threat types and environmental requirements
in the Metaverse [12].

Decision-making through AI, more specifically, a
Convolutional Neural Network (CNN), is a strong proposition
for resolving the security issues of the Metaverse as
encompassed by IDS systems [13]. CNNs are especially
efficient in handling multi-modal data, which is a big plus for
the Metaverse since data encompasses images, audio, and text.
In this case, using CNN’s feature learning ability enhances
real- time threat detection and response while reducing false
alarms and detecting new attacks [14].This paper assumes that
adopting and implementing CNN-based models into the Al-
driven IDS systems can originate a highly evolved security
solution for the Metaverse. Unlike traditional IDSs that use
simple signatures, the models that are based on Al keep
updating themselves with new threats, thereby providing the
highest levels of dynamic protection for the ever-growing
Metaverse ecosystem [15]. Due to the complexity of security
in the Metaverse, this thesis seeks to answer some of the
following questions that will relate AI, IDS, and CNN to the
new world.
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RQ1: How up-to-date is the current research on advanced
Al algorithms, especially CNN or its variants, in Intrusion
Detection Systems (IDS) in the Metaverse?

RQ2: In what ways do CNN Models Integrate other Al
algorithms to enhance the effectiveness and Trustworthiness
of IDS in the Metaverse?

RQ3: How does the proposed hybrid CNN-LSTM-
Attention model compare to different variants of CNN?

This study aims to contribute to the field of Al-based IDS
in the Metaverse by:

. Present a synthesis of the current Al algorithms that
exist now, showing the efficiency of these models in
identifying intrusions in diverse scenarios.

*Defining the issues and threats existing in the metaverse
and establishing specific Al solutions for these threats [16[17].
*Exploiting the possibility of incorporating multi-modal
data processing paradigms to boost IDS and real-time

detection and analysis of threats, and use within complex
environments.

A fundamental challenge in intrusion detection research is
the severe class imbalance inherent in network traffic datasets,
where benign traffic vastly outnumbers attack instances, and
certain attack categories occur far less frequently than others.
In the CIC-IDS-2017 dataset used in this study, minority
attack classes (Botnet, Brute Force, Web Attack) represent
less than 0.5% of total samples. Without explicit mitigation
strategies, deep learning models tend to achieve high overall
accuracy by learning to predict the majority class while failing
to detect rare but often most critical threats. This paper
provides both a high-performance IDS architecture and a
critical analysis of this class imbalance challenge, establishing
a baseline for future work incorporating techniques such as
synthetic oversampling, cost-sensitive learning, and anomaly
detection frameworks.

II. METHODOLOGY

A. Introduction

The Metaverse is rapidly evolving as an expansive virtual
environment that allows users to interact, socialize, and
collaborate through immersive digital experiences. As its user
base grows, the Metaverse faces a significant increase in
potential security vulnerabilities. Within this digital universe,
individuals are represented primarily through avatars, which
are central to their interactions and identity. However, the
unauthorized acquisition of these digital representations by
cybercriminals poses a major security threat. Cyber attackers
can exploit various techniques, such as social engineering, to
manipulate users into disclosing sensitive information or
gaining unauthorized access to their accounts. As the
Metaverse continues to emerge as the next frontier of the
Internet, it becomes essential to address the security risks that



accompany this new virtual space. Traditional security
methods are often inadequate in the face of these novel
threats, making it necessary to adopt advanced Al-based
solutions for detection and prevention. This research
proposes an Artificial Intelligence- based Intrusion Detection
System (IDS) designed specifically for the Metaverse
platform. By utilizing Convolutional Neural Networks
(CNN), Long Short-Term Memory (LSTM) networks, and
Attention Mechanisms, this model aims to effectively
identify intrusions and security breaches within the
Metaverse, providing a robust solution to safeguard users and
their digital identities. Here, we explain the step-by-step
approach employed in the development of an Artificial
Intelligence-based Intrusion Detection System (IDS) for the
Metaverse platform. The primary objective is to provide a
comprehensive overview of the architecture, data processing,
model structure, and evaluation phases of this project. The
approach contains the following key components:

1. Architecture Diagram: A diagrammatic representation of
the CNN+LSTM model with attention.

2. Data Collection: Descriptive of the CIC-IDS-2017 dataset
and description of why the dataset has been chosen. Data
Preprocessing: Steps taken to prepare the data for model
training, including handling missing values, normalization,
feature selection, and label encoding.

3. Model Design & Training: Technical description about
CNN feature extraction, LSTM time-related pattern
understanding, attention layer, and training the model
process.

B. Data Collection

The CIC-IDS-2017 dataset was selected for this study as a
well- established benchmark for intrusion detection systems.
It provides comprehensive coverage of diverse attack types
(DDoS, Botnet, Brute Force, Web Attacks) across 2.5 million
records with 83 features, enabling rigorous evaluation of the
proposed architecture's detection capabilities.

for Dataset Selection: While the Metaverse
introduces novel traffic modalities such as 3D rendering

Rationale

streams, VR/AR sensor data, and real-time immersive
interaction flows the underlying network-layer attacks (e.g.,
DDoS, reconnaissance, brute force) remain relevant threat
vectors in virtual environments. Furthermore, the CIC-IDS-
2017 dataset's inclusion of encrypted traffic and varied attack
patterns provides a suitable foundation for validating the core
detection architecture before extending to Metaverse-specific
data. The architectural contributions (CNN-LSTM-
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Attention) are modality-agnostic; the model's ability to
process sequential, high-dimensional network flows
translates directly to Metaverse environments. Nevertheless,
Section III-D discusses the limitations of using conventional
datasets and outlines future work to incorporate Metaverse-
native traffic.

C. Data Processing

*Data Splitting: The data was split into training (60%) and
testing (40%) datasets using scikit-learn's train_test split
function with stratified sampling to preserve class

distribution.

*Class Imbalance Assessment: Analysis of class distribution
(Table II) revealed that benign traffic constitutes 78% of
samples, while minority classes such as Botnet (0.07%), Web
Attack (0.08%), and Brute Force (0.34%) represent extremely
small fractions. No resampling techniques were applied in
this initial implementation to establish a baseline for how
standard deep learning architectures perform under severe
class imbalance.

D. Model Design

The proposed IDS model combines CNN, LSTM, and
attention mechanisms to effectively detect intrusions in
network traffic data. The model architecture is designed to
leverage the strengths of each component, providing a robust
and accurate detection system. The CNN layer is responsible
for extracting spatial features from the input data. It consists
of a Convl1D layer followed by a MaxPooling1D layer. The
Convl1D layer applies a set of learnable filters to the input
data, capturing patterns The
MaxPooling1D layer then reduces the spatial dimensions of

local and features.
the output, retaining the most important features while
reducing computational complexity. The LSTM layer learns
temporal dependencies in the data. LSTMs are perfectly
suited for sequence data since they can remember information
long after it is experienced. The LSTM layer consumes the
output of the CNN layer, which identifies patterns that evolve
over time. The attention mechanism enhances the ability of
the model to focus on key components of the input sequence.
It assigns weights to different components of the input,
allowing the model to give greater attention to beneficial



features. It is particularly useful in the identification of not-
so-obvious anomalies.
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Fig. 1. CNN-LSTM with Attention Mechanism Architecture.

This diagram illustrates the architecture of a hybrid model
integrating Convolutional Neural Networks (CNNs), Long
Short-Term Memory networks (LSTMs), and an Attention
mechanism. The model is designed to process sequential data
efficiently, with CNNs extracting spatial features and LSTMs
handling temporal dependencies, while the Attention
mechanism focuses on the most relevant features for accurate
intrusion detection. As shown in Figure 1, the proposed
CNN-
structured to handle complex data patterns by combining the
strengths of CNN feature extraction and LSTM temporal
processing, enhanced by an attention mechanism to focus on

LSTM model with an attention mechanism is

critical data aspects. The categorization is accomplished with
the help of the fully connected layers (Dropout and Dense).
The Dense layer converts the output of the attention
mechanism to lower dimensions, and the Dropout layer
avoids overfitting by randomly dropping units during training
time.The provided model was merged with the Adam
optimizer, sparse categorical cross-entropy loss, and
accuracy metric, and then for 10 epochs at a batch size of 32.
The model performance was checked for convergence and
overfitting during the training period. Hyperparameter tuning
was done for best fine-tuning the model performance. The
epochs were fine- tuned to 10 on the basis that further epochs
were not adding enough to the model's performance and to
avoid overfitting. The batch size of 32 was used since it
helped to provide the optimum balance between training
efficiency and the use of memory. Other hyperparameters
such as the learning rate were kept at default values provided
by the Adam optimizer, which are typical in deep learning
models.
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I1I. RESULTS AND ANALYSIS

A. Performance Evaluation

The performance of the proposed IDS model was rigorously
tested by using a set of performance metrics like accuracy,
precision, recall, Fl-score, and specificity. Such metrics
provide a more comprehensive view of the model to detect
intrusions both effectively and efficiently.

Performance of the IDS prototype has been evaluated based
on the following key metrics:

*Accuracy: The proportion of correctly classified instances
(both true positives and true negatives) out of all the
instances.

*Precision: The ratio of true positive predictions out of all
positive predictions made by the model.

*Recall (Sensitivity): The ratio of true positive predictions out
of all actual positive instances in the data.

*F1-Score: The harmonic mean of precision and recall,
providing balanced performance.

*Specificity: A measure of true negative predictions out of all
negative instances in the dataset.

The performance metrics (Macro-Averaged) for the IDS
prototype are summarized in Table 1.

TABLE L IDS PROTOTYPE PERFORMANCE METRICS OVERVIEW (MACRO-
AVERAGED)

Metric Value
Accuracy 99.06%
Precision (Macro 49.82%
Avg)

Recall 50%
(Macro Avg)

Fl-score 49%
(Macro Avg)

Specificity 99.11%
(Macro Avg)

The performance metrics capture some key observations:

*Accuracy (99.06%): The model correctly identified the
majority of intrusions and benign activities, reflecting its
overall reliability in various scenarios.

*Precision (49% Macro Average): The model
demonstrated a moderate ability to minimize false positives
across all classes, with significant room for improvement.

*Recall (50% Macro Average): The model effectively
detected a substantial proportion of actual intrusions, although
some classes, like BOTNET and WEB ATTACK, were
completely missed.

*F1-Score (49% Macro Average): The F1-score indicates
a moderate balance between precision and recall across all
classes, suggesting the need for refinement in certain areas.



*Specificity (99.11% Macro Average): The model showed
excellent specificity, correctly identifying a high proportion of
non-intrusion related messages, with minimal false positives.

To further illustrate the model's performance over the
training process, two graphs are included depicting the
model's accuracy and loss at each epoch. This graph illustrates
the training and test accuracy of the model across ten epochs.
The relatively stable training accuracy compared to the
slightly increasing test accuracy suggests that the model
maintains a strong performance on unseen data, indicating
good generalization capabilities. As depicted in Figure 2, the
model accuracy chart shows how the training and test
accuracy evolve over epochs, highlighting the model's
generalization trend and its effectiveness in learning from the
training data.
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Fig. 2. Model Accuracy Chart.

Figure 3 shows the model loss chart, which tracks the
decrease in training loss and the slight variations in test loss
over epochs, suggesting effective learning with potential areas
for performance optimization.
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Fig. 3. Model Loss Chart.

The performance evaluation of the IDS prototype
demonstrates its potential as a viable network security tool.
The model has satisfactory proficiency in precision, recall,
and F1l- score for classes such as DOS and
RECONNAISSANCE, showing that it is efficient in intrusion

detection. Despite these limitations, accuracy and specificity
remain areas where it could improve performance to deliver
much better overall result in an IDS, particularly on classes
that presently perform very badly, such as BOTNET and
WEB_ATTACK. Here is Table 2 presenting the detailed
performance metrics, and Table 3 providing additional
performance details.

TABLE 1II. IDS PROTOTYPE DETAILED PERFORMANCE
METRICS.

Class Proportion| Precision Recall Fl-score Support
BENIGN 78.02% 1.00 1.00 1.00 837,530
BOTNET 0.07% 0.00 0.00 0.00 766
BRUTE_FORCE 0.34% 0.00 0.00 0.00 3,657
DOS 12.03% 0.96 0.99 0.98 129,130
RECONNAISSANCE 3.39% 0.99 1.00 0.99 36,361
WEB_ATTACK 0.08% 0.00 0.00 0.00 876

TABLE IIL. SUPPLEMENTARY IDS PERFORMANCE EVALUATION
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RESULTS OVERVIEW

Metric Value
Accuracy 99.06%
Precision 49.82%
Weighted avg 50%

A confusion matrix is a thorough examination of the
performance of a model on different classes. It provides
information on the number of true positives, true negatives,
false positives, and false negatives. For the envisioned model,
a confusion matrix presents high accuracy and minimal
misclassification rates.

Figure 4 displays the confusion matrix of the model, which is
a table used to describe the performance of a classification
model. It shows the number of correct and incorrect
predictions for each class, providing insight into the model's
accuracy and where it may be confused between classes.
Figure 4 presents the confusion matrix, which is a critical tool
for visualizing the classification performance of the model,
highlighting both the true positives and the misclassifications
across different threat categories.
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B. Comparison with Previous Work

To provide a thorough evaluation, we compare the
performance of our proposed model with several existing
approaches that have been used for intrusion detection in
industrial IoT networks.

In addition to models based on the CNN-+LSTM architecture,
we also include two alternative approaches— LSTM with
feature extraction, and a hybrid model combining Random
Forest and Multi-Layer Perceptron (MLP) to present a
broader perspective on model effectiveness. Table 4
summarizes the performance metrics of our model and two
previous papers:

TABLE 1IV. COMPARATIVE PERFORMANCE METRICS FOR IDS
MODELS.

Paper P;(f;ls Recall F1-score Accuracy
Paper A 0.98 0.99 0.99 98.90%
Paper B 0.99 0.99 0.99 99.36%
Paper C 0.99 0.99 0.99 99.31%
The Proposed Model 0.99 0.99 0.99 99.06%

Although some existing models such as Paper B and Paper C
exhibit slightly higher accuracy figures than the proposed
model, our CNN+LSTM+Attention approach still delivers
highly competitive performance while offering distinct
architectural advantages. The integration of the attention
mechanism allows the model to focus more effectively on the
most relevant parts of the input sequence, which enhances
interpretability and potential for real-time adaptability.
Additionally, our model maintains a consistent and balanced
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performance across all metrics (precision, recall, and F1-
score), indicating strong robustness in intrusion detection
scenarios. These results confirm that the proposed
architecture is not only reliable but also well suited for
complex and evolving industrial IoT environments.

C. Discussion

The findings and conclusions of this comprehensive study
offer an overall and complete evaluation of the CNN-LSTM
model enhanced with attention mechanisms for the task of
network intrusion detection. The in-depth analysis of this
state- of-the art model, which takes into consideration
essential performance metrics such as accuracy, precision,
recall, and F1- score, strongly indicates the high level of
efficiency the model achieves in effectively detecting and
classifying various types of network intrusions. The
extremely high accuracy rate of 99.06% demonstrates that the
model portrays a high level of effectiveness in correctly
classifying network traffic, effectively distinguishing
between benign and malicious behavior in the network
setting. The precision measure of 0.99 indicates that the
model represents a very low false positive rate, which in
essence implies that the model barely misclassifies benign
traffic as malicious. This property is of utmost importance to
avoid excessive false alarms and consequently ensure that the
alerts generated by the system are not only reliable but also
actionable for end-users. In addition, a precision measure of
0.99 also implies that the model is very good at correctly
classifying instances of actual malicious traffic as well as
being efficient at not missing any notable threats that can
prove to be menacing. The 0.99 F1-score is a telling indicator
that speaks volumes about the model's well-rounded
performance, denoting an effective trade-off between recall
and precision. The superior score thus qualifies the model as
a highly reliable solution to the critical issue of intrusion
detection, inspiring confidence in its capability to perform
optimally in Further, the
implementation of the attention mechanism is demonstrated

real-world  scenarios.
to be a significant factor in such outstanding performance
because it allows the model to selectively concentrate on the
most informative features when making a prediction. Such
capacity is most welcome, particularly in the complicated
scenario of network traffic analysis, where the very
magnitude and inherent complexity of the data often tend to
create challenges in developing meaningful and informative
patterns. The analysis undertaken with the confusion matrix
gives further information and reveals details on the
performance of the model for each class of network activity.
The analysis indicates that, although the model is very



accurate and efficient for the BENIGN class, there are still
some areas or classes where model performance can be
enhanced and improved. This is especially true for classes
such as WEB ATTACK, where the results indicate that
improvements can be made. This then suggests that there are
steps that can be undertaken to further improve the
performance capabilities of the model or that additional, more
representative data can be added to enhance the performance
of those classes currently underperforming.

D. Limitations and Future Directions: Metaverse-
Specific Validation

A key limitation of the current study is the use of the CIC-
IDS-2017 dataset, which, while robust for general network
intrusion detection, does not fully capture the unique traffic
characteristics of the Metaverse. Authentic Metaverse
environments generate multimodal data streams, including:

*3D rendering and geometry data transmitted via real-time
protocols

*VR/AR sensor streams (head tracking, hand tracking, eye
gaze)

*Blockchain and NFT transactions with distinct transaction
patterns

*Real-time interaction flows requiring ultra-low latency and
exhibiting bursty traffic behavior.

These traffic types may introduce attack surfaces not
represented in conventional datasets—such as avatar
spoofing, rendering injection attacks, or virtual asset theft—
that require specialized detection approaches. The proposed
architecture is theoretically capable of processing such
multimodal data, as CNNs can extract spatial features from
and LSTMs

sensor

rendered frames can model temporal

dependencies in streams. However, empirical
validation on Metaverse-native datasets is necessary to

substantiate these claims.
Future work will address this gap through:

*Collection of Metaverse-specific traffic traces from
platforms such as VRChat, Decentraland, or custom testbeds
*Development of attack scenarios tailored to virtual
environments

*Validation of the proposed model's performance on these
datasets, and

*Exploration of transfer learning techniques to adapt models

trained on conventional datasets to Metaverse domains.
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Iv. CONCLUSION

This paper presented a hybrid deep learning architecture
combining CNN, LSTM, and Attention Mechanism for
intrusion detection in Metaverse security contexts. The
proposed model achieved 99.06% overall accuracy on the
CIC-IDS-2017 benchmark, validating the architectural
design. However, class-wise analysis revealed complete
failure to detect minority attack classes (Botnet, Brute Force,
Web Attack), highlighting that high overall accuracy masks
critical vulnerabilities in imbalanced datasets. This study
contributes both a robust deep learning architecture and a
baseline for evaluating imbalance mitigation techniques.
Future work will incorporate cost-sensitive learning,
synthetic oversampling, and Metaverse-native datasets to
address these limitations and advance toward production-
ready IDS solutions for virtual environments.
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Abstract— Hospital readmissions within 30 days remain a
major operational and cost challenge in healthcare systems.
While many studies focus on improving predictive accuracy
using machine learning, limited attention is given to how
predictions can support real-world decision-making under
operational constraints. This study proposes a capacity-aware
enterprise framework that integrates predictive analytics with
workload-based prioritization and governance-oriented
evaluation. The framework aligns risk prediction with realistic
intervention capacity using Top-K prioritization and
incorporates calibration and subgroup analysis to support
reliability and transparency. Results demonstrate that even
moderately accurate models can support effective decision-
making when aligned with operational constraints. The study
contributes a practical approach for translating predictive
analytics into actionable and responsible clinical decision
support.

Keywords— Hospital readmission prediction, Machine
learning in healthcare, Capacity-aware decision support, Risk
stratification, Responsible Al

I.  INTRODUCTION

Hospital readmissions within 30 days remain a major
challenge for healthcare systems, with significant clinical and
operational implications. Reducing avoidable readmissions
has become a priority due to increasing demand, limited
resources, and pressure to improve care quality. Machine
learning (ML) models have been widely used to predict
readmission risk using electronic health records (EHRs).
Although these models achieve moderate predictive
performance, most studies focus on accuracy rather than how
predictions are used in real-world decision-making. In
practice, healthcare systems operate under constrained
resources, making it difficult to act on all predicted high-risk
patients. As a result, there is a need to align predictive outputs
with operational capacity and decision workflows.

This study adopts a Design Science Research (DSR)
approach to propose a capacity-aware enterprise framework
that integrates predictive analytics with decision-making. The
framework uses Top-K risk stratification to prioritize patients
based on available resources, enabling more practical and
actionable decision support.
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II. RELATED WORK

Hospital readmissions within 30 days are widely used as
indicators of healthcare quality, safety, and efficiency, and
they remain a major area of predictive modeling research.
Prior studies show that structured EHR data, including
demographics, comorbidities, utilization history, laboratory
results, and discharge-related variables, can support
readmission prediction across many clinical populations, but
performance is usually only moderate rather than exceptional
[2], [6], [8]. Comparative work further suggests that while
machine learning models such as random forests, gradient
boosting, and LightGBM may outperform logistic regression,
the gains are often modest and context dependent, with
calibration, feature quality, and data relevance often mattering
more than algorithmic complexity alone [5], [9], [10].

More advanced approaches, including deep learning,
embeddings, NLP, and multimodal models, have been
explored to capture temporal and contextual information that
structured data may miss. Although some studies report
improved discrimination, these gains are not always
consistent, and they often come at the cost of lower
interpretability, greater implementation complexity, and
weaker real-world deployability [1], [3], [7] At the same time,
interpretability and fairness have become central concerns in
healthcare Al, with recent work emphasizing explainability,
subgroup performance, and bias assessment as necessary for
trustworthy use in practice [4], [11], [12].

Overall, the literature suggests that the main challenge is
no longer whether readmission can be predicted, but how such
predictions can be integrated into operationally realistic and
responsibly governed clinical workflows. Most prior studies
focus on predictive accuracy, while giving less attention to
constrained intervention capacity, threshold selection,
monitoring, and decision integration. This study is positioned
within that gap by treating readmission prediction not as a
standalone technical task, but as part of a broader enterprise
framework that links predictive analytics with capacity-aware
decision-making, governance, and sustainable
implementation.

1. METHODOLOGY

This study adopts a Design Science Research (DSR)
methodology to develop and evaluate a capacity-aware



enterprise framework for hospital readmission management.
DSR is appropriate for this research as it focuses on the
creation of a practical artifact that addresses real-world
problems through the integration of theory and application.

The development of the proposed framework follows a
structured and traceable process consisting of three main
phases: problem identification, framework design, and
evaluation.

A. Problem Identification and Requirement
Definition:

The first phase involved identifying key limitations in
existing readmission prediction research through a structured
review of the literature. Prior studies demonstrate that
machine learning models can achieve moderate predictive
performance; however, they often fail to translate into real-
world impact due to limited integration with operational
workflows. In addition, critical factors such as capacity
constraints, decision prioritization, governance, and model
monitoring are frequently overlooked. These gaps informed
the need for a framework that connects predictive analytics
with practical decision-making in healthcare settings.

To further define requirements, the study considers typical
hospital operational constraints, including limited care-
management capacity, competing clinical priorities, and the
need for transparent and accountable decision processes.
These considerations guided the formulation of design
objectives focused on actionability, scalability, and alignment
with real-world workflows.

B. Framework Design and Development:

Based on the identified requirements, the framework was
developed as a layered architecture consisting of five
interrelated components: business alignment, Al capability,
governance, monitoring and MLOps, and business
intelligence (BI)-driven decision support. Each layer was
derived through a combination of literature synthesis and
domain-informed reasoning, and mapped to a practical
function within hospital operations, as discussed in the next
section. A key design principle of the framework is the use of
capacity-aligned Top-K prioritization, where patients are
ranked based on predicted risk and selected according to
available intervention capacity. This approach ensures that
predictive outputs are directly linked to actionable decisions
rather than abstract probability thresholds.

C. Demonstration and Evaluation.

The framework was instantiated using a real-world
healthcare dataset and evaluated through a combination of
predictive modeling and decision-level simulation. It is
important to distinguish between two levels of evaluation in
this study. First, the predictive models were evaluated using
standard performance metrics, including discrimination
(AUROC), calibration (expected -calibration error), and
capacity-aware Top-K performance. Second, the framework
itself was evaluated through a simulated decision-making
scenario that reflects realistic hospital constraints. In this
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scenario, patients were prioritized based on Top-K selection
under limited intervention capacity, enabling assessment of
how predictive outputs support resource allocation and
clinical decision-making.

In addition, governance-related aspects of the framework
were assessed through calibration analysis and subgroup
performance evaluation across demographic groups. This
ensures that the framework supports not only predictive
performance but also transparency and responsible Al use.

The models were implemented using Python with Scikit-
learn and XGBoost libraries. Data preprocessing included
median imputation for continuous variables and mode
imputation for categorical variables, followed by one-hot
encoding. The dataset was split into training (80%) and testing
(20%) sets using stratified sampling.

Hyperparameters were optimized using grid search with
cross-validation. For XGBoost, parameters such as learning
rate, maximum depth, and number of estimators were tuned.
Model evaluation was conducted using AUROC, expected
calibration error (ECE), and capacity-aware Top-K
performance metrics.

This DSR-based approach ensures that the proposed
framework is systematically developed, theoretically
grounded, and practically applicable within real healthcare
environments.

Iv. FRAMEWORK AND DECISION
WORKFLOW

The proposed framework conceptualizes hospital
readmission prediction as an integrated decision-support
system rather than a standalone predictive model. It is
designed to bridge the gap between predictive analytics and
real-world clinical decision-making by aligning model outputs
with operational constraints and healthcare workflows.

As illustrated in Fig. 1, the framework consists of five
interconnected layers: business alignment, Al capability,
governance, monitoring and MLOps, and business
intelligence (BI)—driven decision support. These layers were
derived through a structured synthesis of existing literature
and healthcare operational requirements, ensuring that each
component addresses a specific limitation identified in prior
studies.



+ KPIs
+ Capacity
» Value-based Care

Business Alignment
Layer

Al Capability Layer « Risk Scores
+ Top-K

+ Fairness + Calibration

Governance Layer * Bias Mitigation* Security

« Drift Detection
*+ Recalibration
L Model Cards

Monitoring &
MLOps Layer

7 ~
[ * ML Models (LR, RF, XGBoost)

+ Dashboards + SLAs
* Action Queues+ Audit Trails

[ Bl & Decision Layer

Fig. 1. Proposed Al-enabled enterprise framework for discharge and
readmission management

The business alignment layer defines organizational
objectives and operational constraints, such as reducing
readmission rates, improving patient outcomes, and managing
limited care-management capacity. This layer ensures that
predictive analytics are aligned with measurable healthcare
performance indicators and resource availability.

The Al capability layer implements machine learning
models to estimate patient-level readmission risk using
structured EHR data. The primary output of this layer is a
probabilistic risk score for each patient at discharge. Rather
than relying on fixed thresholds, the framework uses ranked
risk outputs to support prioritization.

The governance layer introduces mechanisms for ensuring
transparency, fairness, and reliability of model outputs. This
includes evaluation of calibration performance and subgroup
analysis across demographic variables. By embedding
governance within the framework, the approach supports
responsible Al use and enhances trust in predictive outputs.

The monitoring and MLOps layer addresses model
lifecycle management by enabling continuous performance
tracking and adaptation to changes in data or clinical practice.
Although not fully deployed in this study, this layer outlines
the requirements for sustaining long-term model reliability in
real-world environments.

The BI and decision support layer represents the interface
through which predictive outputs are translated into actionable
insights. This layer integrates risk predictions into clinical
workflows, such as discharge planning and care coordination,
through dashboards or prioritized patient lists.

These layers operate collectively to support decision-
making. The business alignment layer defines capacity
constraints, the Al capability layer generates risk predictions,
the governance layer ensures reliability and fairness, the
monitoring layer supports continuous evaluation, and the BI
layer enables actionable decision-making through integrated
clinical workflows.

A key contribution of the framework is the integration of
a capacity-aware decision workflow, which ensures that
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predictive outputs are actionable within real-world
constraints. The workflow follows a structured sequence:

Input — Model — Decision — Outcome

Input: Patient data extracted from EHR systems at the
point of discharge, including demographics, comorbidities,
and utilization history

Model: Machine learning models generate predicted
probabilities of 30-day readmission

Decision: Patients are ranked based on predicted risk, and
the top K% are selected according to available intervention

capacity

Outcome: Selected patients receive targeted interventions,
such as follow-up appointments, remote monitoring, or care
coordination

This workflow enables healthcare providers to allocate
limited resources more effectively by focusing on patients
with the highest predicted risk within feasible operational
limits. Unlike traditional approaches that apply fixed
probability thresholds, the Top-K prioritization strategy
dynamically adapts to capacity constraints. This ensures that
the number of patients selected for intervention remains
aligned with available resources, making the framework more
suitable for real-world implementation. To illustrate practical
application, consider a hospital discharge scenario where care
coordination teams must decide which patients to follow up
due to limited capacity. Using the proposed framework,
patients are ranked based on predicted risk, and only the top
10% are selected for intervention. This enables clinicians to
focus on high-risk patients while maintaining manageable
workloads.

Overall, the proposed framework transforms readmission
prediction from a purely analytical task into an operational
decision-support system that is aligned with real-world
healthcare constraints.

V. FRAMEWORK VALIDATION

This study distinguishes between two complementary
levels of validation: (1) predictive model validation and (2)
enterprise framework validation. This distinction ensures that
the evaluation reflects not only analytical performance but
also real-world applicability within healthcare decision-
making environments.

A. Predictive Model Validation

The predictive component of the framework was evaluated
using three supervised machine learning models: logistic
regression, random forest, and gradient boosting (XGBoost).
Model performance was assessed using discrimination
(AUROC =0.69), calibration (expected calibration error, ECE
< 0.01), and capacity-aware Top-K performance. Calibration
results indicate that predicted probabilities closely align with
observed outcomes, supporting their reliability for decision-
making. As illustrated in Table I, XGBoost achieved the best
calibration performance among the evaluated models.



TABLE I. CALIBRATION PERFORMANCE METRICS
READMISSION PREDICTION MODELS

FOR EVALUATED

. Calibration Calibration
Model ECE (10 bins) Slope Intercept
Logistic 0.00961 0.78930 ~0.41790
Regression
Random Forest | 0.00739 1.02193 0.12382
XGBoost 0.00563 1.06937 0.13044

To reflect realistic operational constraints, Top-K
evaluation was applied. As shown in Table II, XGBoost
demonstrated higher recall at comparable precision levels,
indicating improved identification of high-risk patients under
limited intervention capacity.

TABLE II. TOP-K OPERATING CHARACTERISTICS ACROSS PREDICTIVE
MODELS

can focus on high-risk patients within manageable workload
limits.

The Top-K prioritization approach reflects how healthcare
decisions are typically made under constrained resources,
where not all patients can be treated equally. This perspective
supports the practical applicability of the framework beyond
purely analytical evaluation.

D. Governance and Transparency Evaluation

Governance considerations were evaluated through
calibration reliability and subgroup performance analysis.
Subgroup analysis across age and gender (Tables III and IV)
showed no significant disparities in recall, with differences
remaining within approximately +5 percentage points. This
provides a transparency-oriented assessment of model
behavior across demographic groups.

TABLE III. AGE-STRATIFIED SUBGROUP CALIBRATION AND PERFORMANCE

Model K [n PPV@ | Recall@ | TP | FP METRICS
(%) | selected | Top-K | Top-K
.. 5 1,272 0.291 0.131 371 901 Age N Mean- Mean-obs | Recall@t | ECE-
]ﬁ‘e’gzts‘;on 10 | 2,544 0232 | 0.208 591 1,953 pred hr 10bins
20 5,088 0.196 0.352 998 4,090 [0-10] 37 0.0422 0.0000 0.0000 0.0422
5 1,272 0.315 0.141 401 871 [10-20] 175 0.0674 0.0400 0.4286 0.0293
Random 10 | 2,544 0257 | 0.231 655 1,889 [20-30] 417 | 0.1405 0.1295 0.7593 0.0393
Forest 20 | 5,088 0209 | 0374 1061 | 4,027 [30-40] | 916 | 0.1116 0.0993 0.4835 0.0181
5 1,272 0.351 0.157 446 826 [40-50] 2379 | 0.1107 0.1013 0.5104 0.0186
XGBoost 10 2,544 0.283 | 0.253 719 1,825 [50-60] 4329 | 0.1008 0.0894 0.3953 0.0153
20 5,088 0.225 0.404 1,147 | 3,941 [60-70] 5639 | 0.1096 0.1154 0.3825 0.0062
[70-80] 6558 | 0.1170 0.1192 0.3977 0.0030
B. Enterprise Framework Validation (Simulation- [80-90] 4290 | 0.1185 0.1259 0.3926 0.0093
Based [90-100] 702 0.1121 0.1225 0.2442 0.0152
ased)
To validate the framework at the decision level, a TABLE IV. GENDER-STRATIFIED ~SUBGROUP CALIBRATION ~ AND
simulated hospital scenario was conducted to reflect real- PERFORMANCE METRICS
world operational constraints. In this scenario, intervention Gender | N Mean- | Mean- | Recall@thr | ECE-
capacity was limited to 10% of discharged patients. Patients pred | obs 10bins
were ranked based on predicted readmission risk, and Top-K Female | 13667 | 0.11 0.114 | 0427 0.0099
prioritization was applied to identify candidates for Male 11775 | 0.11 | 0.108 | 0.3826 0.004

intervention.

The results demonstrate that high-risk patients were
effectively concentrated within the selected group, enabling
more targeted and efficient resource allocation. In addition,
the trade-off between workload and recall was clearly
observable, supporting informed decision-making under
constrained capacity. These findings confirm that the
framework enables actionable decision-making rather than
purely analytical prediction.

C. Expert Evaluation

To further validate the practical relevance of the
framework, an expert-informed evaluation perspective was
incorporated based on typical healthcare decision-making
roles.

From a clinical and operational standpoint, the framework
aligns with real-world hospital workflows. Clinicians can use
prioritized patient lists to identify individuals requiring early
intervention or follow-up. Hospital administrators can align
resource allocation with predicted demand, improving
operational efficiency. In addition, care coordination teams
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E.  Alignment with Framework Objectives

The evaluation demonstrates that the experimental design
is directly aligned with the objectives of the proposed
framework. Top-K prioritization ensures alignment between
predictive outputs and capacity constraints. Calibration
supports reliable and interpretable decision-making, while
subgroup analysis enhances transparency and governance.

Each framework layer is reflected in the evaluation.
Business alignment is represented through capacity-
constrained decision scenarios. The Al capability layer is
evaluated through predictive performance metrics.
Governance is addressed through calibration and subgroup
analysis. Monitoring considerations are reflected in
performance evaluation, while BI and decision support are
represented through the decision workflow simulation.

Overall, the framework is validated not only as a
predictive system but as an operational decision-support tool
that integrates analytics with real-world healthcare processes.



VL DISCUSSION

This study examined hospital readmission prediction from
an enterprise perspective, emphasizing the integration of
predictive analytics with operational decision-making.

The results show that predictive performance across
models is moderate, with only limited improvement from
more complex algorithms. This supports existing findings that
increasing model complexity does not necessarily translate
into better real-world outcomes.

More importantly, the study demonstrates that the
practical value of predictive models lies in how they are
operationalized. The wuse of capacity-aware Top-K
prioritization enables healthcare providers to translate
predictive outputs into actionable decisions under constrained
resources.

The framework also highlights the importance of
calibration and governance. Reliable probability estimates
support transparent decision-making, while subgroup analysis
provides initial insight into model behavior across different
patient populations.

Overall, the findings reinforce that effective healthcare Al
systems must be designed as integrated socio-technical
solutions, rather than standalone predictive models.

VIL

This study proposed a capacity-aware enterprise
framework for hospital readmission management that
integrates machine learning with real-world decision-making
processes. The results demonstrate that predictive models can
support operational decision-making when combined with
capacity-aware prioritization and governance considerations.
The use of Top-K selection enables efficient resource
allocation, while calibration and subgroup analysis enhance
transparency and reliability. By shifting the focus from model
accuracy to decision support, the proposed framework
provides a practical approach for implementing AI in
healthcare environments. Future work should explore real-
world deployment, integration with clinical workflows, and
evaluation of long-term clinical and operational outcomes.

CONCLUSION
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Abstract- Organizations are investing heavily in Artificial
Intelligence (AI), yet many struggle to articulate and measure
its true return on investment (ROI). Traditional ROI
approaches focus narrowly on cost reduction or automation
savings, often failing to capture the broader strategic and
operational value AI can deliver. This paper proposes a
practical, five-dimension framework for measuring AI ROI in
enterprise settings, grounded in delivery experience and
illustrated through a real-world application at a home
furnishing company in the Middle East. The initiative evaluated
was a custom-built Al-powered forecasting and planning
software based on the Claude AI engine, covering demand
sensing, production scheduling, and inventory allocation. The
framework spans operational efficiency, decision quality, speed
to action, risk reduction, and organizational capability uplift,
and uses a weighted scoring model with causal decomposition
logic to support aggregate investment decisions. Results show
how this broader lens changes evaluation outcomes and can
prevent premature cancellation of initiatives that deliver
strategic but non-obvious value.

Keywords: AI ROI; value measurement; decision quality; risk
reduction; enterprise Al management; generative Al

[. INTRODUCTION

Al has moved from experimentation to a board-level priority
across industries, including retail and manufacturing. Yet
many organizations still struggle with a basic question: what
value did we actually get for the money we spent? In practice,
ROI discussions often collapse into a single storyline—
automation and cost savings—because it is familiar and easy
to defend. That storyline is frequently incomplete for Al,
especially when Al is deployed to augment decisions rather
than fully automate work (Raisch & Krakowski, 2021). The
problem is particularly acute in planning-heavy business
environments—demand planning, inventory allocation,
production scheduling— where decision latency and forecast
uncertainty are major cost drivers. In these contexts, an Al
system that halves planning cycle time or meaningfully
improves forecast consistency can deliver more bottom-line
impact than one that reduces headcount, yet the former rarely
shows up in a traditional ROI model.

XXX-X-XXXX-XXXX-X/XX/$XX.00 ©20XX IEEE

This paper makes the case that Al value is multi-dimensional
and proposes a practical framework for capturing it. The
framework covers five dimensions: operational efficiency,
decision quality, speed to action, risk reduction, and
organizational capability uplift. It is designed for enterprise
leaders who need to prioritize Al investments, set realistic
success metrics, and communicate value through governance
and executive forums—without requiring a background in
data science or econometrics.

The framework is illustrated through an application at a home
furnishing company in the Middle East that deployed a
custom-built Al-powered forecasting and planning software
based on the Claude Al engine. The example shows how
reframing the evaluation using five dimensions changed the
investment decision and prevented an early cancellation.

II. BACKGROUND AND RELATED WORK

Three elements of work commonly appear in discussions on
Al value. First, productivity research emphasizes that value
from general-purpose technologies often arrives with a delay
and requires complementary investments such as process
redesign and change management (Brynjolfsson, Rock, &
Syverson, 2021). Second, practitioner research estimates
large productivity potential from generative Al while
emphasizing that realizing value depends on integration and
organizational change (McKinsey Global Institute, 2023).
Third, risk and trustworthiness frameworks stress that Al
outcomes depend on socio-technical context and that risk
management is part of value realization (NIST, 2023; OECD,
2024). Despite this guidance, many organizations report that
ROI remains elusive even as investment rises—suggesting a
measurement gap and, sometimes, a prioritization problem
(Deloitte, 2025). At the macro level, recent OECD work also
highlights growing interest in measuring Al investments and
improving transparency, reinforcing the need for consistent
measurement approaches (OECD, 2025).

This paper integrates these perspectives into a single,



manager-friendly measurement approach that supports both
investment decisions and post-implementation reviews.

III. METHODOLOGY

The framework was developed through a three-phase design-
oriented research process. In the first phase, recurring
measurement gaps were identified across enterprise Al
initiatives, particularly cases where Al decision-support tools
were being evaluated using automation ROI templates.
Common failure patterns included: evaluating planning Al on
headcount reduction alone, treating non-financial dimensions
as anecdotal evidence rather than measurable value, and
applying ROl  frameworks  retrospectively  after
implementation rather than designing measurement into the
business case upfront.

In the second phase, five ROI dimensions were
derived by mapping the types of value that planning-oriented
Al systems typically create. Each dimension was anchored to
observable outcome types, practical metrics already available
in most enterprise environments, and theoretical grounding in
the literature on technology value, decision science, and risk
management.

In the third phase, the framework was applied and
refined through a real-world initiative. The application was
conducted at a home furnishing company operating in the
Middle East, which had deployed a custom-built Al-powered
forecasting and planning software based on the Claude Al
engine. The system covers three core planning functions:
demand sensing, production scheduling optimization, and
inventory allocation across product categories and sales
channels. Rather than replacing planners, the software
provides Al-generated recommendations and scenario
comparisons that planning teams use to inform and accelerate
their decisions. All operational details have been generalized
to protect confidentiality while preserving the measurement

logic.

The framework is best suited to Al systems that augment
human  decision-making in  complex  operational
environments. It is less directly applicable to fully automated
back-office processes, where traditional cost-reduction ROI
models remain appropriate. Organizations should determine
the primary role of their Al system before selecting which

dimensions to emphasize.

IV. A MULTI-DIMENSIONAL FRAMEWORK FOR Al
ROI

The framework defines AI ROI across five complementary
dimensions. The central idea is to measure Al based on the
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type of value it is designed to produce, rather than forcing
every initiative into an automation-savings mold. Each
dimension captures a distinct mechanism through which Al
creates enterprise value, and together they provide a complete
picture of investment impact. Fig. 1 shows an illustrative
distribution of value across dimensions for the home
furnishing company application discussed in Section V.

A. Operational Efficiency

Efficiency remains a valid and important dimension, but in
Al-augmented planning environments it rarely manifests as
role elimination. Instead, efficiency gains typically show up
as reduced rework caused by late-stage forecast revisions,
fewer manual handoffs between commercial, supply, and
production teams, and less time spent reconciling conflicting
data across systems. In the context of the Claude Al-powered
planning software, efficiency is visible in how much faster
planners can prepare a consensus plan and how often that plan
needs to be revised after approval. These gains are real and
measurable, but they reflect capacity freed up for higher-value
work rather than workforce reduction.

B. Decision Quality

Al can improve decision quality by increasing consistency,
revealing non-obvious patterns, and enabling scenario
evaluation under uncertainty (Raisch & Krakowski, 2021). Al
systems like the Claude-based planning software can improve
decision quality by processing more variables than a planner
can hold in mind simultaneously, surfacing non-obvious
patterns in demand signals, and enabling rapid scenario
comparison under uncertainty. Practical measurement proxies
include: forecast error rates (e.g., Mean Absolute Percentage
Error, or MAPE), exception rates, decision reversal rates (the
proportion of approved plans subsequently revised before
execution), and post-decision outcome tracking such as fill-
rate impact in the weeks following a planning decision.

C. Speed to Action

In volatile environments, faster decision cycles can be more
valuable than marginal cost savings. Generative Al and
analytics can compress analysis and reporting time, allowing
teams to respond quickly to disruptions (McKinsey Global
Institute, 2023). For the home furnishing company, where
cross-border logistics and seasonal demand swings add
significant complexity, reduced decision latency was
consistently cited by management as one of the most tangible
operational advantages of the Claude Al-based system. This
dimension is measured through planning cycle time, time-to-
decision, and time-to-mitigation following a disruption event.

D. Risk Reduction

Risk reduction should be treated as a ROI contributor, not a
compliance  afterthought. Trustworthy Al  guidance
emphasizes managing risks across the Al lifecycle and
aligning controls with context (NIST, 2023). In operational
settings, an Al-powered planning system reduces risk by



identifying stock imbalances and supply bottlenecks earlier,
before they become service failures. It also reduces the
variance of planning outcomes, making performance more
predictable across demand cycles. Risk reduction is measured
through avoided incidents (such as stockout events for critical
product categories), changes in demand or supply variance,
and improvements in policy adherence. Where historical
disruption cost data is available, avoided incidents can be
partially translated into financial terms.

E. Organizational Capability Uplift

Al investments often create long-term value by building
capabilities: better data literacy, improved cross-functional
alignment, and a repeatable delivery and governance
playbook. Because these benefits are intangible,
organizations tend to ignore them—even though they
strongly influence scaling success (Brynjolfsson et al., 2021;
Deloitte, 2025). Yet because capability uplift is hard to assign
a dollar value, organizations routinely omit it from ROI
evaluations, even when it is the dimension most predictive of
long-term Al scaling success. It is measured through Al
adoption breadth and depth, time-to-launch for new use cases,
and reduction in external vendor dependency for analytics
and planning support.

Table I. Al ROI Dimensions and Practical Metrics
(Examples)

ROI What It|[Example Practical
Dimension Captures Metrics
Reduction in
. . .. ||Planner hours per
) planning friction
Operational cycle; %  rework;
. and rework rather
Efficiency manual handoffs; data
than role e
e reconciliation time
elimination
Improved Forecast accuracy
. consistency  and||bands; exception rate;
Decision . ..
. effectiveness  of||decision reversal rate;
Quality .. .. .
human decision-||post-decision service-
making level impact
Faster  response|[Planning cycle time;
. ||[from signal||time-to-decision;
Speed to Action . & . e
detection to|[time-to-mitigation;
operational action ||exception triage time
. . Lower.exposure OllStockout  incidents;
Risk Reduction opera'uor'lal .and disruption frequency;
supply disruptions|\.iance  reduction;
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ROI What It|Example Practical
Dimension Captures Metrics
compliance
exceptions
Al adoption rate;
L Long-term number of teams
Organizational ; .
- readiness to scale|jonboard; time to
Capability .
. and sustain Al|[launch new use cases;
Uplift .
adoption reduced vendor|
dependency

V. ROI Aggregation Logic

Combining five dimensions into a single investment
decision score introduces two risks that the framework is
specifically designed to prevent. The first is double-counting,
where the same underlying value improvement is credited to
more than one dimension. The second is dimension
dominance, where easily quantifiable dimensions—
particularly operational efficiency—crowd out harder-to-
measure dimensions regardless of their actual strategic
contribution.

A. Causal Decomposition

The framework uses causal decomposition to assign each
observable outcome to its primary dimension—the one where
the value is most directly caused. For example, a reduction in
stockout incidents may reflect both earlier risk detection and
faster response time. The framework requires analysts to
document the causal path before assignment: if the
improvement is primarily caused by earlier signal detection, it
is assigned to Risk Reduction; if it is primarily caused by
shorter decision cycles, it is assigned to Speed to Action.
Where outcomes genuinely cannot be cleanly separated, a
proportional contribution split is applied before summing,
adapted from causal decomposition methods used in
marketing attribution and operations value modeling.

B. Weighted Scoring Model

Once each dimension is measured and double counting is
controlled, dimensions are aggregated using a weighted
scoring model. Weights reflect organizational priorities and
must be set before evaluation begins, not after results are
known, to prevent post-hoc justification bias. The composite
ROI score S is defined as:

S =w*E + wy*D + w3*R + w4 *K + ws*C

Where E = Operational Efficiency, D = Decision Quality,
R = Speed to Action (Responsiveness), K = Risk Reduction,
and C = Capability Uplift. Weights w: through ws sum to 1.0.
Each dimension score is a normalized 0,,100 index derived
from percentage improvement over baseline, averaged across
the metrics selected for that dimension. A balanced default
profile assigns equal weight of 20% to each dimension.



Organizations should adjust these weights to reflect their
specific strategic context—for instance, assigning higher
weight to Risk Reduction in safety-sensitive environments, or
to Capability Uplift when the primary objective is building the
foundation for future Al scaling.

A. Causal Attribution

Isolating the causal contribution of an Al system from
concurrent organizational changes and market trends is a real
methodological challenge that the framework addresses
directly. Where feasible, randomized or quasi-experimental
designs are preferred: A/B testing or switchback experiments
assign comparable planning units to Al-assisted and non-
assisted conditions and compare outcomes. When full
randomization is not possible, difference-in-differences
analysis compares trends in Al-exposed units against
comparable non-exposed units before and after
implementation. In most enterprise deployments, a pre-post
comparison with documented controls is the practical starting
point. The framework requires the attribution method to be
disclosed, and directional improvements from pre-post
designs should be presented as “consistent with Al
contribution” rather than as proven causal effects.

VI. EXAMPLE APPLICATION AND DISCUSSION

The framework was applied to an Al planning
initiative at a home furnishing company operating in the
Middle East. The company’s supply chain spans sourcing,
warehousing, and retail distribution across product categories
ranging from upholstery to decorative accessories. Before the
Al initiative, planning processes were spreadsheet-based and
heavily manual, with weekly consensus meetings across
commercial, supply chain, and production teams involving
roughly 12 planners and coordinators. Late-stage forecast
revisions were common, planning cycles were slow, and
service-level consistency suffered during peak seasonal
demand periods.

The company deployed a custom-built Al-powered
forecasting and planning software based on the Claude Al
engine. The software integrates demand sensing, production
scheduling optimization, and inventory allocation into a
single planning environment. Planners interact with the
system through natural language interfaces and structured
scenario tools, receiving Al-generated recommendations that
they can accept, modify, or override. The implementation
covered a 9-month deployment period followed by a 3-month
stabilization phase before formal measurement began.

The original business case leaned heavily on
reducing manual planning effort, and early executive reviews
questioned ROI when headcount did not change. Using the
multi-dimensional framework, the evaluation was reframed.
Instead of asking whether the AI system had replaced
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planners, stakeholders assessed how it had influenced the
quality of planning decisions, the organization’s
responsiveness to market volatility, and its exposure to
operational risk. A 6-month pre-implementation baseline was
established using historical operational data; post-
implementation measurements were taken at the 6-month
mark following stabilization.

Fig. 1. Illustrative distribution of value across ROI
dimensions (example initiative).

Illustrative Al Value Profile for the Example Initiative
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Note: The chart is illustrative and intended to show how value
can distribute across multiple dimensions even when direct
cost savings are limited.

Dimension | Metric Baseli | Post- Change
ne implement
Value | ation value

Efficiency Planner ~48 ~31 hrs —35%

hours per | hrs

planning

cycle
Efficiency Late-stage | ~22% | ~11% —50%

forecast

rework

rate
Decision Forecast ~18% | ~14% —4pp
Quality MAPE (4-

week

horizon)
Decision Decision ~28% | ~17% —11pp
Quality reversal

rate
Speed  to | Planning ~4.5 ~1.8 days —60%
Action cycle days

duration

(signal to

approved

plan)




~3.2
days

Speed  to | Time-to- —56%

Action

~1.4 days
mitigation
after

disruption

Risk
Reduction

Stockout —38%
incidents
per quarter
(critical

SKUs)

Risk
Reduction

Demand 0.41 0.33 —20%
variance
(coefficie
nt of

variation)

Cross- 2 4 2%
functional

Capability
Uplift
teams
using
shared
planning
data

Time to | ~5 ~2 months —-60%
design and
launch a | s

new Al

Capability

Uplift month

use case

Applying the balanced weight profile (20% per dimension),
the composite ROI score was 61 out of 100, supporting a
recommendation to continue and expand the initiative.
Notably, Speed to Action and Capability Uplift were the two
highest-contributing dimensions. Neither would have
appeared in a traditional automation-focused evaluation.

The most significant finding for decision-making was
contextual: the initiative had nearly been cancelled in its third
month because headcount reduction had not materialized as
originally projected in the business case. Applying the multi-
dimensional framework reframed the conversation entirely.
Leadership could see that the Claude Al-powered planning
software was delivering meaningful value through planning
cycle compression, improved forecast consistency, and
organizational readiness to scale—mnone of which were
visible in the original ROI model. The initiative was not only
retained but subsequently expanded to additional product
categories.

Two broader observations emerged. First, the type of Al
system matters for measurement: because the Claude-based
software is designed to augment planner judgment rather than
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replace it, the most meaningful value shows up in decision
quality and responsiveness, not in labor cost reduction.
Forcing an augmentation system into an automation ROI
template guarantees an undercount of value. Second,
capability uplift proved to be a leading indicator of long-term
success. Teams that adopted the system more deeply also
launched follow-on use cases faster and reduced dependence
on external analytics vendors—a compounding return that is
entirely invisible in single-period ROI calculations.

Limitations of this evaluation should be acknowledged. This
is a single-site application and generalizability across other
industries or organizational contexts has not been tested.
Several dimension measurements rely on practitioner-
reported proxies rather than independently verified data. No
control group was used; the improvements reported are
directional indicators consistent with the Al initiative’s
contribution rather than causally isolated treatment effects.

VI. CONCLUSION AND FUTURE WORK

This paper proposed a practical framework for measuring Al
ROI beyond cost savings. By combining operational
efficiency, decision quality, speed to action, risk reduction,
and organizational capability uplift, the framework provides
a more realistic basis for evaluating Al investments in
complex enterprise settings.

The application to a custom-built Al-powered forecasting and
planning software based on the Claude Al engine at a home
furnishing company in the Middle East demonstrates the
framework’s practical utility. A composite score of 61 out of
100 supported continuation and expansion of an initiative that
a traditional automation-only evaluation would have
recommended cancelling. Speed to Action and Capability
Uplift were the most impactful dimensions—a result that only
becomes visible when the measurement framework is aligned
with  the role the Al system plays.
For leaders, the practical takeaway is to (1) match ROI

actual

metrics to the role Al is expected to play, (2) treat risk
reduction and decision responsiveness as value drivers, and
(3) explicitly account for complementary investments—data
work, change management, and governance—that enable
value to materialize over time (Brynjolfsson et al., 2021;
NIST, 2023).

Future work should validate the framework across additional
industries and deployment contexts, develop standardized
baselines for each dimension, and explore more rigorous
quasi-experimental attribution designs. There is also an



opportunity to formalize the framework’s integration with
enterprise Al governance programs, particularly as
organizations build repeatable processes for evaluating Al
portfolio performance.

REFERENCES

Brynjolfsson, E., Rock, D., & Syverson, C. (2021). The productivity
J-curve: How intangibles complement general purpose technologies.
American Economic Journal: Macroeconomics, 13(1), 333-372.
Davenport, T. H., & Ronanki, R. (2018). Artificial intelligence for the
real world. Harvard Business Review, 96(1), 108—116.

Deloitte. (2025, October 22). Al ROI: The paradox of rising
investment and elusive returns. Deloitte Insights.

McKinsey Global Institute. (2023, June 14). The economic potential
of generative Al: The next productivity frontier. McKinsey &
Company.

National Institute of Standards and Technology. (2023). Artificial
Intelligence Risk Management Framework (Al RMF 1.0) (NIST Al
100-1).

OECD. (2024, May). OECD AI Principles (updated May 2024).
OECD.AI Policy Observatory.

OECD. (2025). Advancing the measurement of investments in
artificial intelligence. OECD Publishing.

S. Raisch and S. Krakowski, “Artificial intelligence and management:
The automation-augmentation paradox,” Academy of Management
Review, vol. 46, no. 1, pp. 192-210, 2021.

E. Brynjolfsson, D. Rock, and C. Syverson, “The productivity J-
curve: How intangibles complement general purpose technologies,”
American Economic Journal: Macroeconomics, vol. 13, no. 1, pp.
333-372,2021.

39



Al-Assisted Player Selection: A Conceptual
Framework for Optimizing Matchday Decisions
Through Performance Analysis

Fatima k. Albusaeedi
Abu Dhabi School of Management (ADSM)
Abu Dhabi, UAE
Adsm-215340@adsm.ac.ae

Abstract—The professional football business is becoming
more data-driven, but the choice regarding matchday selection
of players can be fraught with hunch and scant statistical data.
This paper introduces an Artificial Intelligence (Al)-oriented
model of improving player selection in the UAE Pro League. The
framework combines performance analytics, machine learning,
contextual data, and explainable Al to help make transparent
and objective decisions. In a design-based, qualitative study, we
show that AI has the potential to enhance human expertise,
resulting in consistency, equity, and tactical expertise. There are
also ethical and practical considerations of Al in sports.

Keywords—artificial intelligence, data analysis, machine
learning, sport analytics

L INTRODUCTION

One of the most important aspects in professional
football is the process of player selection, which has a direct
influence on performance, risk of injury, team morale, and
future growth. Conventionally, subjective coach evaluation
and simple statistics had been the staples of this process. The
adoption of artificial intelligence (AI) into everyday
matchday selection is not a standard practice, even in the face
of a rapid technology change, despite being used to create a
wealth of performance data [1], wearable sensors and optical
tracking appear [1], and wearable sensors can monitor verbal
cues in local and open-air matches [1]. Contemporary
football sports produce enormous amounts of data on player
performance, such as technical, physical, tactical, and
physiological data, as well as contextual information such as
opponent style and fixture congestion [1]. This data can give
us a wide picture of match preparedness, but its
amalgamation into the decision-making process is hard [4].
Most clubs, the UAE Pro League included, fail to transform
data into a systematic selection policy, which could introduce
inefficiencies, inconsistency, and diminished accountability

[3].
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This research was designed to create a theoretical Al-based
framework in order to assist professionals in football

(PFL) in choosing who to select in the matchday squad, in
this case, the UAE Pro League. This study used a qualitative,
design-based methodology, which includes a systematic
literature review, consultations with experts, including
coaches and analysts, and a developmental framework
[2]. The research answers two research questions:

How can an Al-based system enhance the
uniformity of player selection? and what performance
metrics and contextual variables are most suited?

The main value of this work lies in an innovative,
context-specific framework that closes the divide between
high-technology sports analytics and the real context of
decision-making within a football club. It promotes research
through its explicit approach to merging the concepts of
Explainable Al (XAI) and multi-criteria decision analysis
(MCDA) to the field of sports selection and provides a
framework of ethical and open human-Al cooperation. It is a
flexible, systematic framework available to practitioners,
enabling clubs to audit and refine their selection procedures
to use data as an aid and not as a replacement for expert
coaching action.

II. LITERATURE REVIEW OVERVIEW

The development of the Al-driven selection system
would require the integration of the knowledge of a range of
related fields: the current level of Al in the field of sports
analytics, the complexity of football performance analysis,
and the principles of efficient decision-support systems
design. A critical review of  the latest
literature indicates significant developments and gaps.

The use of Al and ML in football has grown in
multiple dimensions. In their systematic review, Rico-
Gonzalez et al. (2023) emphasize the increased application of



ensemble models and deep learning in tasks, such as
predicting performance outcomes and estimating injury risk.
They mention that such techniques are very effective in
capturing non-linear relationships in large-scale sports data.
Their review, however, also shows a strong bias in the
literature towards post-hoc analysis and is based on elite
European contexts, with a lack of research aimed at
prescriptive, decision-oriented solutions to league systems at
other stages of development.

In addition to this, Enaganti and Pappas (2025)
show that ML can optimize sports problems, such as NFL
draft options, through the use of Random Forest classifiers
and simulation. Their article confirms the application of ML
to prioritize a variety of targets (e.g., player talent vs.
team need), which can be directly applied to matchday
selection. The permanence of a draft, however, is a stark
contrast to the dynamic, weekly rhythm of team formation,
which has to consider the variable conditions of players and
immediate tactical conditions.

It is as important to know what to analyze as it is to
know how. The seminal research by Carling et al. (2007)
confirms that player performance is multidimensional by
nature, and it involves technical, physical, tactical, and
psychological elements. Their assertion that no evaluation
can be complete without contextualization is very strong,
since the same statistical result can be interpreted in different
ways based on the match status, quality of opponent, and
location of pitch. This highlights a shortcoming of most early
Al sports models, which assumed that data existed in
isolation. In the meantime,

Zhang and Li (2021) provide a literature review on
how Al isbroadly usedin sports and the prospects of
improving fairness and accuracy. Nevertheless, they also
warn of the imperfection of the technology, such as
integration of hardware-software and the possibility of unjust
results in case systems are not properly handled, which leads
to a necessary debate on the ethics.

The moral aspect of Al in sport has already become
an urgent academic issue. A systematic scoping review
conducted by Kim et al. (2025) presents the primary ethical
issues into four categories, including fairness and bias,
transparency and explainability, privacy and data ethics, and
accountability. Their work finds that the most discussed
concerns are privacy, and the least developed are
accountability mechanisms. This is supported by
Ghorbani Asiabar et al. (2025), who state that in sensitive
fields such as injury prediction, explainability is absent
without strong data protection mechanisms since this aspect
will keep athletes trusting. The collective finding of these
reviews is that there is a gaping disconnect: most ethical
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practices are highly abstract, with limited articles offering a
specific and practical framework of ways to act upon these
issues in an operational unit, such as a selection tool.

Lastly, the emphasis on decision-support system
literature focuses on the philosophy of augmentation rather
than automation. Good systems are systems that work
together with human experts, give interpretable advice,
simulate scenarios, and allow sensitivity analysis. This is in
line with the argument of Ks (2020) in an exploratory study
on the use of Al in football around the world, when the
researcher notes that the highest value of the technology is
improving human decisions and competitiveness in teams,
rather than eliminating the human factor. The problem is then
to design a system not as a black box but as a glass box,
making its reasoning transparent. This necessity introduces
the concept of Explainable Al (XAI) to prominence as the
mandatory feature of any tool that should be used in high-
stakes and real-world applications in sports.

A. Maintaining the Integrity of the Specifications

The template is used to format your paper and style the
text. All margins, column widths, line spaces, and text fonts
are prescribed; please do not alter them. You may note
peculiarities. For example, the head margin in this template
measures proportionately more than is customary. This
measurement and others are deliberate, using specifications
that anticipate your paper as one part of the entire proceedings,
and not as an independent document. Please do not revise any
of the current designations.

I1I. THE AI-ENABLED FRAMEWORK

The proposed Al-Assisted Matchday Optimization

Framework is a multi-layered decision-support system
designed to structure the architecture, as visualized in the
graph below, and consists of four core components:
Data Aggregation Layer: This base layer absorbs and
standardizes different streams of data. It combines both
structured performance variables (e.g., physical load, tactical
positioning, technical actions) and unstructured context data
(e.g., opponent tactics, weather conditions, travel fatigue).
The layer generates a comprehensive, integrated portrait of
the match preparedness of every player.

Al Analytics Engine: This layer is at the centre of the
core and utilizes machine learning models, such as ensemble
approaches and predictive analytics, to process the
aggregated data. It delivers information like predicted
performance impact to a particular
opponent, individualised risk of injury briefs, and tactical
appropriateness ratings. The engine is what converts raw data
into actionable evidence-based indicators.



Recommendation and Optimization Layer: This layer
involves multi-criteria decision analysis (MCDA) to trade off
conflicting objectives, e.g., the maximum expected
performance versus the minimum injury risk or the maximum
fatigue in players. It produces ranked player selection
suggestions in various tactical formations, enabling coaches
to provide constraints and preferences depending on their
strategy.

Explanation Interface: This essential layer relies on
explainable artificial intelligence (XAI) to expose the
reasoning underlying the Al It also presents concise, user-
friendly visual representations of why a gamer is suggested
or red-flagged. The interface is collaborative, allowing
coaches to override, modify, or inquire about
recommendations, so that the system enhances but never
replaces human expertise.

IV. RESULTS

The results indicate that the proposed Al-based
player selection framework introduces substantial, promising
improvements to the traditional intuition-based player
selection framework. According to
evaluation, a reasonable amount of consistency and decreased
subjectivity inthe matchday decision-making

achieved by incorporating the performance information,

the professional
can be

situational conditions, and predictive analytics [1]. This
model combines technical, physical indicators, and tactics in
order to facilitate a broader analysis of player preparedness,
meeting the existing means of inspection of football
performance.

The participants underlined that the optimal value of
the framework would be viewed as a decision-support tool
instead of a decision-maker on its own. The coaches
considered  Al-generated  suggestions auxiliary

information, and they did not threaten professional judgment

as

and could not be substituted [2]. Such a mutual human-
artificial interaction is consistent with the best practice of
committed analytics, where the contribution of human
authors is imperative in contextualizing information-based
production.

In the discussion, the obstacles appearing in real life
are also demonstrated. The quality of the data, the
integration, and the analytical literacy of the staff were also
reported to be vital in a successful implementation. Such
beneficial results of Al-assisted selection can be reduced
without the internal preparations and the proper training [5].
The relevance of explicable Al mechanisms is also
preconditioned by such ethical concerns as transparency
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and accountability, because it is necessary to make the
process of selection explainable and conform to professional
responsibility.

V. CONCLUSIONS

The current paper has provided an in-depth explanation of a
Master's graduation project, the aim of which is to transfer Al-
based player selection to professional football. The study
illustrates how Al may be applied to help find solutions
and facilitate effective, transparent, and consistent decision-
making without necessarily following the human experience
through the creation of the Al-Assisted Matchday
Optimization framework. As football keeps evolving, making
it more difficult and more competition-based, the prospect of
Al appearing in operational decision-making is an attractive
strategic move. The theoretical frameworks, like AIMO, can
be used to indicate how Al can be used ethically and provide
high-performance printouts, corporate responsibility, and
competitiveness. Future research may add to and further this
paper by conducting empirical evaluation and
experimentation across various leagues to establish a corpus

of evidence on Al-based decisions in sports.

TABLE V. SUMMARY OF KEY LITERATURE
[Paper Source |Methods [Data Key Critical Gap
used [Used Results/Contribu |Relevance to  This
tions Study
Rico- Systematic|Literatur| ML models Focus is largely
Gonzalez et al| Review |e on ML| (ensemble, DL) |on predictive analytics in
(2023) in show high elite leagues; less on
football | predictive power | prescriptive decision-
for performance &| support for selection.
injury; highlights
need for context-
aware models.
Carling et al. |Handbook| Match | Establishes the Provides the
(2007) / analysis | multidimensional [ foundational what to
Conceptua| data (technical, measure, but not the how|
1 Analysis physical, tactical) to integrate it
and context- algorithmically into a
dependent nature selection process.
of football
performance.
Enaganti & | Machine | NFL [Demonstrates ML| Validates the MCDA
Pappas (2025)| Learning | draft |can optimize selec| approach but in a non-
(Random | player | tion (draft) by |dynamic context; confir
Forest, |attributes|balancing multiple| ms the utility of ML for
simulation| , team [criteria, improving| multi-objective sports
) needs | over traditional decisions.
methods.
Zhang & Li/Conceptua| General Surveys Al Highlights the practical
(2021) 1/ Al sports| advantages in | and ethical hurdles that
sports but notes | must be addressed for




Applicatio|applicati technical successful
n Analysis| ons imperfections, |implementation, beyond
fairness concerns, |just technical feasibility.
and integration
challenges.
(Ghorbani Asia|Systematic|Al injury| Identifies ethical | Directly informs the
bar et al| Review, |predictio risks (bias, ethical architecture and
(2025) Qualitative|n studies privacy) transparency
Analysis and advocates for | requirements of the
IXATI and strict data| proposed framework.
protocols in sports
medicine.
Kim et al|Systematic| 25 Categorizes core Provides a
(2025) Scoping | studies | ethical issues: comprehensive ethical
Review | on Al fairness/bias, checklist that must be
ethicsin| transparency, integrated into the
sport privacy, system design from the
accountability. outset.
Calls for tailored
frameworks.
Ks (2020) Explorator| Al Finds Al Supports the need for
y Study |applicati| beneficial for |practical, context-aware
onsin | competitiveness | frameworks that bridge
football | but underutilized; | the adoption gap in
notes developing football
technological markets.
immaturity and
unexplored
limitations.

Performance metrics, contextual

data, injury reports.

Interface: HAT, visual insights,

coach overrides.

Machine learning, performanca

prediction, injury risk.

MCDA, linsup ranking, fatizne

balancing.

The Al-enabled Matchday Optimization FrameworkF
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Abstract — The rapid proliferation of artificial intelligence
(AI) tools across industries has increased interest in
understanding global adoption patterns. However, existing
research often focuses on specific tools, sectors, or regions,
leaving a gap in large-scale empirical analyses. This study
provides a data-driven examination of Al tool adoption using a
dataset of 500 aggregated usage records representing millions of
interactions across regions, industries, user types, and Al
categories. Loosely guided by the Technology Acceptance
Model, Diffusion of Innovations, and the Resource-Based View,
the analysis employs descriptive statistics, clustering,
correlation analysis, and time-series forecasting. Results reveal
significant variability in tool usage, strong engagement with
generative and text-to-image tools, weak correlations between
contextual factors and usage levels, and identifiable seasonal
patterns in Al adoption.

Keywords — Al adoption, global usage analysis, generative Al,
seasonal patterns, regional Al trends

I. INTRODUCTION

Recent years have witnessed exponential growth in the
deployment of artificial intelligence (AI) tools across diverse
sectors and regions worldwide. Despite this proliferation,
research on Al tool adoption has often been fragmented,
limited to regional case studies, sector-specific accounts, or
isolated technologies leaving a critical gap in our
understanding of global, cross-sectoral usage patterns and
their driving forces. Theoretical literature in technology
adoption and innovation diffusion [18] suggests that factors
such as geographic context, industrial sector, and user
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typology play pivotal roles in technology uptake. However, it
remains empirically unclear whether these classical
determinants hold in the rapidly evolving domain of Al,
where tools are both highly modular and adaptable. Existing
studies have rarely, if ever, operationalized a multi-
dimensional, comparative lens on real-world Al tool usage at
scale. It is important to note that several studies do indeed
examine the capabilities of individual tools. For example, [6]
delve into BERT's architecture and performance in NLP
tasks, while Ramesh et al. [17] describe the generative
capacities of DALL-E. While organizations such as
UNESCO [22] and OECD [14] have expressed the
importance and urgency of equity in Al and global
accessibility, there is a lack of data-driven studies that show
how different regions and industries are actually engaging
with Al tools [13].

II. THEORETICAL FRAMEWORK

This study explains global AI tool usage through a
multilevel framework that connects theory, measurement,
and methods while keeping people at the center of the
inquiry. The empirical analysis in this study is based on a
structured dataset of Al tool usage compiled from the
publicly available Global Al Tool Usage Dataset hosted on
Kaggle. The dataset contains 500 individual usage records
from 2023, each representing aggregated usage observations
for a specific Al tool across contextual dimensions including
region, industry sector, user type, category, and over time.
Although the dataset consists of 500 records, each record



represents aggregated counts of tool interactions rather than
individual user sessions. As a result, aggregated usage values
can reach into the millions when totals are computed across
regions, industries, and user groups. This aggregation
explains how a dataset containing 500 rows can produce
usage exceeding million
interactions across tools and categories.

cumulative counts several

To investigate Al tool adoption patterns across contextual
dimensions, this study employs a multi-stage analytical
framework combining descriptive statistics, clustering
techniques, correlation analysis, and predictive modeling.
The goal is to understand why different tools are adopted
across regions, industries, and user groups, and to do so with
a structure that is testable using the variables available in the
dataset.

TABLE I: ANALYSIS VARIABLES

Variable Definition

Type

Tool Name Categorical Al system being
analyzed (e.g., BERT,

ChatGPT)

Functional
classification of the Al tool
(NLP, Generative Al,
Text-to-Image)

Category Categorical

Region Categorical Geographic region

where usage was recorded

Sector in which the
tool is applied

Industry Categorical

Categorical Type of user:
enterprise, individual, or

SMB

User Type

Month Temporal Month in which usage

occurred

Usage Count Numerical Aggregated number of
recorded interactions with

the tool

While the dataset captures usage patterns across several
major regions, industries, and tool categories, it should be
interpreted as an exploratory empirical dataset rather than a
complete representation of global Al activity. The purpose of
the dataset is to identify structural patterns of Al tool usage
across contextual dimensions, rather than to measure precise
worldwide adoption levels. This dataset is an appropriate
choice as it covers multiple fields and regions without bias,
allowing for a more holistic representation of Al usage and
potential trend indicators.

The framework integrates three lenses that operate at
different levels. At the micro level, the Technology
Acceptance Model explains how perceived usefulness and
perceived ease of use shape individual decisions [5]. At the
meso level, the Resource Based View explains how
organizational capabilities and complementary assets
condition adoption and value creation (Cuthbertson &
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Furseth, 2022). At the macro level, Diffusion of Innovations
explains how technologies spread across populations over
time and space [18]. Because the dataset does not include
direct perceptual or firm-level measures, theoretical
constructs are approximated through observable usage
indicators. Within TAM, perceived usefulness is
operationalized through the alignment between Category and
Industry, reflecting task to technology fit, while perceived
ease of use and accessibility are proxied by tool availability
characteristics and higher usage among Individuals and
SMBs. Within RBV, organizational resources and capabilities
are approximated through the User Type variable (Enterprise,
SMB, Individual), which reflects differing levels of technical
and financial capacity to adopt AI tools. Within DOI,
diffusion context and adoption dynamics are represented by
Region and Month, while Usage Count reflects the
observable intensity of adoption across these environments.
These mappings allow the empirical variables to serve as
proxy indicators for the theoretical mechanisms guiding Al
tool adoption.

The dataset used in this study records tool usage by tool
name, category, user type, industry, region, and month.
However, it does not contain direct measures of individual
beliefs or firm resources. Perceived ease of use and access are
assessed by whether a tool is open source or closed, by
whether licensing permits local usage without proprietary
subscriptions when such information is available, and by
whether tools are known to have broad localization or simple
interfaces. Perceived usefulness is measured by category to
task fit, which is encoded as interactions between tool
categories and industries. Examples include Text-to-Image
with Education because of content creation workflows, and
Natural Language Processing with Healthcare and Finance
because of document heavy tasks.

A. Hypotheses

From these mechanisms, the study derives three
hypotheses that can be evaluated within the empirical
strategy. Hypothesis 1 states that open-source tools are
associated with higher usage among individuals and SMBs
relative to purchased tools after controlling for other factors.
The expectation is that lower access barriers and greater
modifiability support broader participation. Hypothesis 2 sets
competing expectations for regional effects. Classical
diffusion suggests that region remains a strong predictor due
to social and institutional differences. Hypothesis 3 states that
usage exhibits seasonality that aligns with academic and
organizational cycles, which implies predictable monthly



patterns that should be recoverable by models with seasonal
components.
B. Limitations

Because the dataset aggregates data from multiple
secondary sources, it should be interpreted as indicative of
usage trends rather than fully representative of global Al
adoption. Boundary conditions are explicit. The study does
not observe individual perceptions; therefore, TAM constructs
were evaluated through proxies rather than survey measures
(Wang et al., 2021). The study does not observe firm level
resources; therefore, RBV is approximated by user type and
by tool affordances that lower integration costs. The study
does not reconstruct social network ties. Because the study
doesn’t track individual social connections, it looks at overall
adoption trends to infer how usage spreads, rather than
following the exact paths of influence between specific users
or firms. These limits do not invalidate the framework, but
they require careful interpretation where findings are
described as consistent with theoretical expectations rather
than definitive tests of latent beliefs (Norris, 2021).

This study seeks to address the gaps in literature by
providing, to our knowledge, the first integrated, global, and
data-driven analysis of Al tool adoption across key regions,
industries, user types, and technology categories. Our
approach combines advanced clustering and correlation
analysis with state-of-the-art time series forecasting to
illuminate not only current adoption landscapes but also
future trends and uncertainties. We examine whether the
assumed drivers of Al adoption, such as region or sector,
meaningfully predict usage levels in practice. Our findings
challenge common understanding by revealing surprisingly
weak relationships between these variables and actual tool
uptake, thereby calling for a fundamental reexamination of
prevailing theoretical models in the context of modern Al
diffusion.

III. ANALYSIS AND RESULTS

This section presents a comprehensive, data-driven
exploration of global AI tool wusage, offering both
retrospective insights and forward-looking projections.
Through eight interconnected analyses, it investigates how
Al tools are adopted, distributed, and utilized across different
dimensions ranging from regional and industry specific
trends to user behaviors and category preferences. A
comparative and ranking analysis identifies the leading tools
and categories in terms of performance and popularity [23].
This is complemented by behavioral and category level
insights, which will show how well different Al applications
perform under varying conditions [7]. The analysis then
progresses to segmented clustering, uncovering hidden usage
patterns and correlations that group tools and users with
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similar behavior profiles. Finally, a suite of trend and
predictive models will offer projections and strategic
foresight into the future of AI tool engagement across
regions, industries, and user types. Together, these layers of
analysis provide a rich, multidimensional view of the
evolving Al landscape, supporting informed decisions for
stakeholders, researchers, and technology providers alike.

A. Descriptive Analysis

The first stage involved computing summary statistics to
understand the overall distribution of Al tool usage. The
average (mean) usage count per Al tool is approximately
19,739, suggesting that on average, Al tools enjoy a
moderate to high level of engagement globally [20].
However, the relatively high standard deviation of 8,834
indicates considerable dispersion around the mean, pointing
to substantial variability in tool popularity [3]. Some Al
tools are adopted at a significantly higher rate than others,
likely reflecting differences in functionality, accessibility,
and industry-specific demand. Additionally, the minimum
recorded usage count is 5,102, while the maximum usage
reaches 34,910, further emphasizing the presence of both
niche and highly dominant tools. The median usage count
(50th percentile) stands at 19,208.5, closely aligning with the
mean, suggesting a relatively balanced distribution without
extreme skewness. However, the spread between the 25th
percentile (11,287) and the 75th percentile (27,040.5)
confirms a wide interquartile range, indicating that while
many tools fall within a mid-usage band, a significant
number either greatly outperform or underperform relative
to the average. These statistics reveal a significant variability
in overall Al tool usage and utilization across industries,
regions, and user types.

B. Analysis of User Type Distribution

The user type distribution across major Al tools provides
valuable insight into how different user segments (enterprise,
individual, and small and medium businesses (SMBs) engage
with specific technologies. The data reveals distinct usage
patterns that reflect the functional strengths of each tool and
the differing needs of user categories. This distribution
suggests that BERT’s text processing capabilities are
particularly accessible and useful for independent developers
and smaller organizations, likely due to its broad open source
availability and utility in various natural language processing
tasks [6]. This supports our first hypothesis linking open-
source availability to higher individual usage. ChatGPT, in
contrast, has its largest user base in the enterprise segment,
with 941,314 interactions, which indicates strong interest in
conversational Al and customer service automation among



larger organizations [15]. DALL-E, a text-to-image
generative tool, shows a balanced distribution among the
different user types. Stable Diffusion also displays a
relatively even spread, with the highest use among SMBs
(821,915), followed by individuals (780,618), and enterprises
(660,328). As hypothesized, the open and customizable
nature of Stable Diffusion likely contributes to its popularity
among smaller businesses and independent users seeking
affordable and flexible creative Al solutions.

User Type Distribution Across Toals

25 - mrerpnse
ndividual
sMB

20

Stable Diff

Fig. 1. User type distribution

C. Analysis of Top Tools by Region

To address our second hypothesis, we looked at specific
trends in each region. The data suggests that while all four
tools have global presence, regional preferences are shaped
by local contexts [12]. North America and Europe lean
toward visual content creation, while Asia balances between
generative and analytical tools. Africa and South America
exhibit strong engagement across categories, with notable
peaks in ChatGPT and BERT usage, respectively. These
patterns provide useful indicators for regional strategy
alignment, localization of AI solutions, and targeted
investment in Al infrastructure. In Asia, Stable Diffusion
holds the highest usage (665,257), followed by BERT
(603,063). This reflects a strong engagement with both visual
generation and deep language models, likely driven by the
region’s active developer and research communities [6] [12].
In Europe, DALL-E is the most used tool (573,752),
showcasing a strong preference for creative Al applications.
In North America, DALL-E again leads with 619,838 uses,
reinforcing the region’s demand for content generation and
design support [17]. South America presents a unique trend,
with BERT topping the list (633,176). This suggests an
academic or developer-driven focus on language modeling.
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Fig. 2. Top tools per region

D. Analysis of Tool Usage by Industry

In the Education sector, Stable Diffusion leads with
622,658 recorded uses, followed by DALLE (560,315) and
BERT (515,607). This suggests that image generation and
natural language understanding tools are widely used for
educational content creation, e-learning applications, and
classroom support materials. ChatGPT, while still
significantly used (454,022), ranks fourth, possibly indicating
that conversational Al is more supplementary than central in
educational workflows [15]. In Entertainment, ChatGPT is
the most used tool with 623,475 interactions, underscoring
the demand for conversational Al in interactive content,
virtual assistants, and audience engagement (ibid, 2023).
BERT follows with 575,732 uses, reflecting its role in
language-driven content analysis and recommendation
engines. DALL-E and Stable Diffusion show lower, but still
usage (473,143 and 394,805 respectively),
pointing to strong but slightly less dominant roles in creative

substantial,

image generation. The Finance sector shows a clear
preference for DALL-E (635,133) and BERT (592,694),
indicating a heavy reliance on data representation and
language modeling for document analysis, compliance
automation, and report generation.

ChatGPT trails at 380,785, with Stable Diffusion having
the lowest usage in this sector (338,279), likely due to the
relatively limited use of visual generation in finance-specific
applications. In Healthcare, BERT takes the lead with
530,659 uses, followed by DALL-E (469,364), ChatGPT
(447,263), and Stable Diffusion (431,343). The prominence
of BERT aligns with its effectiveness in processing medical
literature, clinical notes, and patient data.
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Fig. 3. Tool usage by industry

E. Analysis of Monthly Trends in Al Tool Usage

The monthly usage data was used to test the third
hypothesis, and the pattern reveals distinct fluctuations in Al
tool adoption throughout the calendar year, suggesting both
cyclical engagement and seasonal trends. December records
the highest usage count at 1,038,744, indicating a significant
spike in activity, potentially due to end-of-year reporting,
academic deadlines, or increased experimentation during
holiday downtime [1]. This peak is followed by high usage
in February (947,814), March (934,442), and July (931,327),
suggesting consistent engagement during the early and mid-
year periods. Conversely, May (570,580) and October
(591,812) show the lowest activity, marking them as periods
of reduced usage. These dips could correspond to academic
transitions, mid-year breaks, or organizational cycles where
Al tool engagement temporarily slows down [16]. The
moderate decline during August (700,688) aligns with global
vacation periods, while the rebound in September (818,641)
supports the idea of a renewed focus in early fall [8]. These
data show that usage does exhibit seasonality and is
influenced by seasonal patterns.

Manthly Trends in Al Tool Usage

al
~

Fig. 4. Monthly trends

F. Analysis of Tool Evaluation Over the Year

To further explore hypothesis 3’s assumptions, specific
spikes were noted. For instance, BERT shows a significant
spike in usage in March (381,727), nearly doubling its usage
compared to most other months. This could reflect its role in
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language, heavy tasks such as academic, legal, or financial
reporting during Q1. Additionally, all Al models see a rise in
September, which further supports the idea that academia
heavily impacts usage — from both student and faculty usage.
[4]. Following this peak, usage declines but remains
relatively stable, with another moderate rise in December
(270,539), likely aligning with end-of-year analysis and
document-heavy tasks. ChatGPT maintains strong
performance throughout the year, peaking in February
(278,502) and again in July (258,616). Its consistency
suggests it is widely used for interactive and conversational
tasks regardless of season, though dips in October (107,133)
and May (114,715) suggest periods of lower demand,
possibly linked to exam cycles or organizational slowdowns.
DALL-E, a generative visual model, sees a clear usage rise
mid- year, with its highest values in June (271,111) and April
(269,692), suggesting a preference for creative applications
during spring and summer periods. This further supports the
hypothesis of predictable seasonal patterns in Al tool usage.

Tool Usage Evolution Over the Year
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Fig. 5. Tool evaluation over year

G. Analysis of Tool Preferences by User Type

The distribution of AI tool usage across user types,
Enterprise, Individual, and SMB (Small and Medium
Businesses), reveals clear distinctions in how different
segments engage with Al technologies based on their needs,
scale, and resources. Enterprises show the highest usage of
DALL-E (1,007,777). This suggests a strong preference for
generative visual and conversational tools, likely used for
branding, automation, and customer applications [9].
Individual users exhibit the highest overall usage of BERT
(1,030,877), pointing to widespread adoption of language
models in educational, research, and personal projects [15].
SMBs demonstrate balanced engagement across all tools,
with particularly strong usage of DALL-E (865,393) and
Stable Diffusion (821,915). These tools likely appeal to
SMBs for marketing, design, and low-cost content creation.
This analysis further supports our hypothesis that open-



source tools are associated with higher usage among
individuals and SMBs relative to purchased tools.

Tool Preferences by User Type
BERT

Fig. 6. Tool preference by user type

H. Analysis of Category Preferences by User Type

While further exploring hypothesis one, the distribution
of Al tool usage across categories, Generative Al, NLP
(Natural Language Processing), and Text- to-Image, for
different user types reveals distinct usage priorities aligned
with organizational goals, resource availability, and creative
needs [12] [20]. Enterprises show almost equal engagement
with Generative Al (1,171,966) and Text-to-Image tools
(1,164,078), highlighting a strong emphasis on scalable
content generation and visual communication. SMBs (Small
and Medium Businesses) prioritize Text-to-Image tools
(1,338,483). Generative Al tools (1,092,833) are also widely
used, reflecting SMBs' need for cost-effective,
multifunctional AI solutions. NLP tools (818,012) see
comparatively lower use, potentially due to limited in-house
resources or lower demand for complex language-based
automation [13]. Cost here plays a role in selection, with free
open-source tools being favored.

Category Preferences by User Type

Fig. 7. Category preference by user type
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I. Analysis of Tool Usage by Category

BERT, which is an open-source tool, demonstrates
consistently high usage across all three categories,
Generative Al, NLP, and Text-to-Image, In the Generative
Al category, BERT leads with a usage count of 889,981,
followed closely by DALL-E at 859,933 and Stable Diffusion
at 772,946. ChatGPT, while widely recognized, ranks fourth
in this group with 671,099 uses. This suggests that despite
ChatGPT’s conversational strengths, tools like BERT and
DALL-E may offer more value in generative applications
involving structured outputs or visual generation. Within the
NLP category, DALL-E surprisingly leads with 851,861
uses, possibly due to multi-category overlap where it supports
tasks involving text and images. ChatGPT (662,613) and
BERT (629,197) also show strong presence, consistent with
their core capabilities in language modeling and
comprehension. In the Text-to-Image category, BERT has the
highest usage overall with 1,116,439, a surprising result that
may indicate repurposing or classification overlap.

Consolidated Tool Comparison

Fig. 8. Top tools by category

IV. SEGMENTED ANALYSIS: TOOL CLUSTERING
AND BEHAVIOURAL INSIGHTS

detailed
understanding of Al tool usage by uncovering behavioral

Segmented analysis enables a more
patterns across different regions, industries, and categories
[11]. This section presents two core methods: clustering
analysis to group tools by similar usage profiles, and
correlation analysis to examine how factors like region,

industry, and category influence tool adoption.

A. Clustering Analysis: Grouping Tools by Usage Behavior

A K-means clustering algorithm was applied to group
tools based on their usage distribution across regions,
industries, and Al categories. The goal was to identify
natural clusters that represent distinct behavioral and
adoption trends. The algorithm grouped tools into three
clusters (see table ii):



. Cluster 0: ChatGPT
° Cluster 1: DALL-E and Stable Diffusion
° Cluster 2: BERT

ChatGPT demonstrates balanced usage across all
examined regions, with particularly high activity in South
America and Asia. It is widely adopted in the finance sector
and is used extensively across all major Al categories,
Generative Al, NLP, and Text-to-Image, highlighting its
adaptability and broad functionality. Cluster 1 represents
tools designed for high-impact creative Al applications.
These tools, DALL-E and Stable Diffusion, show nearly
identical patterns, being heavily favored for visual tasks in
the Text-to-Image and Generative Al categories. They are
most popular in Asia and North America and are primarily
used in the Finance and Healthcare sectors. Lastly, BERT is
traditionally an NLP-focused tool, however, it shows strong
usage in Text-to-Image applications in this dataset. It is most
heavily used in South America and shows high adoption in
Finance and Entertainment. Its behavior pattern is unique,
setting it apart from the other tools.

TABLE II: CLUSTER-BASED INSIGHTS

Cluste | Tool Name Strqngest Top Industries Dommaflt
Region Categories
South Finance,
2 BERT America Entertainment Text-to-Image
South Generative Al,
0 ChatGPT America, Finance NLP,
Asia Text-to-Image
North .
) . Finance, Text-to-Image,
! DALL-E Amerlca, Healthcare Generative Al
Asia
1 Stable I/\\I?nrgrlica Finance, Text-to-Image,
Diffusion Asia > Healthcare Generative Al

A. Correlation Analysis: Region, Industry, Category &

Usage

To complement the segmented clustering, a correlation
matrix analysis was conducted to examine the relationships
between region, industry, category, and usage count. The
relationship between Region and Usage Count shows a very
slight positive correlation of 0.03, indicating that geographic
location has minimal impact on overall Al tool usage in this
dataset. Category shows the highest correlation with Usage
Count at 0.035, suggesting that the type of Al tool, such as
NLP or Text-to-Image, has a slightly greater, though still
marginal, influence on usage levels. In contrast, Industry
shows an almost negligible correlation of 0.007 with usage,
implying that the sector in which the tool is applied does not
significantly affect its adoption. Additionally, the few
negative correlations observed, such as between Category
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and Industry, analysis reveals that no single factor, be it
region, industry, or category, shows a strong correlation with
usage count, indicating that AI tool adoption is broadly
distributed and likely shaped by a combination of variables
rather than any one dominant influence.

TABLE III: CORRELATION MATRIX

Variable [Region Industry Category Usage Count
Region 1.000000 0.008855 -0.000712 0.029910
Industry 0.008855 1.000000 -0.024872 0.006913
Category  [-0.000712 -0.024872 1.000000 0.034758
Usage 0.029910  [0.006913  [0.034758 1.000000
Count

V. TREND AND PREDICTIVE ANALYSIS

This section focuses on uncovering future trends and
potential developments in global Al tool usage through
predictive analytics. By leveraging advanced modeling
techniques, we analyze historical usage data to project
future demand and seasonality patterns [10] [19]. The three
techniques used were as follow:

e ARIMA: a Time-Series Regression Model that
accounts for autoregressive trends and moving
averages [2] [19]

e Exponential Smoothing: a method that smooths the
trend over time by giving more weight to recent
data.

e Prophet: a flexible additive model designed to
handle seasonality and holidays [21]. It also
provides confidence intervals for its predictions

[21].
This analysis helps to identify emerging adoption
patterns and highlights areas, particularly

underrepresented regions or industries, where Al tool
usage may experience significant growth. Together, these
predictive approaches support informed decision-making,
targeted development, and resource allocation in the
evolving Al landscape.

A. Time Series Forecasting

To project future usage trends, we applied three well-
established forecasting models: Exponential Smoothing,
ARIMA, and Prophet. These models use historical monthly
usage data to estimate future counts and identify underlying
seasonal patterns or momentum. Exponential smoothing

trends, ARIMA
time dependence,

modeled
and Prophet

captured  short-term
autocorrelation and
decomposed the series into trend and seasonal components.



Forecast accuracy was evaluated using mean absolute error
(MAE) and root mean squared error (RMSE) Exponential
Smoothing (see Glossary) anticipates a slow and steady
decline, potentially reflecting seasonal drops or market
saturation. ARIMA projects a more optimistic scenario,
suggesting continued interest in Al tool usage, albeit with
mild decline over time. Prophet offers a conservative
estimate with relatively wide confidence bounds, indicating
moderate uncertainty in future adoption patterns. Prophet,
on the other hand, offers a conservative estimate with
relatively wide confidence bounds, indicating moderate
uncertainty in future adoption patterns. Collectively, these
models highlight both the resilience and the volatility in Al
tool adoption trends, underlining the importance of
continued monitoring and adaptive planning as the
landscape evolves. These findings therefore support
Hypothesis 3, indicating that Al tool adoption follows
predictable seasonal rhythms which allow for forecasting of
use.

106 Exponential Smoothing Forecast
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Fig. 9. Exponential Smoothing

le6 ARIMA Forecast

Fig. 10. ARIMA Forecasting

le6 Prophet Forecast
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Fig. 11. Prophet Forecasting
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VI. DISCUSSION

This study embarked on a comprehensive analysis of
global Al tool usage, aiming to bridge critical gaps in the
existing literature by providing a multidimensional, data-
driven perspective on adoption patterns across regions,
industries, user types, and technology categories. The
analysis focused on testing whether: 1) geographic region
significantly predicts usage levels, 2) industry sector
influences adoption patterns, and 3) tool category contributes
to variation in usage counts.

Our findings, while constrained by data limitations as
discussed previously, offer several insights that challenge
conventional wisdom and contribute to the evolving
discourse on Al diffusion and acceptance. Our descriptive
analyses revealed significant variability in Al tool adoption,
with certain tools like BERT, DALL-E, and ChatGPT
demonstrating widespread engagement. Notably, text-to-
image tools emerged as a dominant category, particularly
among Small and Medium Businesses (SMBs) and individual
users, underscoring a strong market demand for visual
content generation. Geographically, Asia and North America
exhibited high overall usage, while specific regional
preferences for tools like BERT in South America and
DALL-E in Europe highlighted the influence of local
contexts and priorities. Perhaps the most striking and counter-
intuitive finding was the surprisingly weak linear correlation
between traditional drivers such as region, industry, and
overall Al tool usage. This suggests that the diffusion of Al
tools may not adhere strictly to established patterns observed
in previous technological adoptions, implying a more
pervasive and less geographically or sector-bound integration

Furthermore, our findings also show that Al tool usage is
not uniform across the year; rather, it follows identifiable
seasonal and functional peaks. Understanding these trends is
crucial for resource planning, platform optimization, and
designing time sensitive outreach or feature rollouts aligned
with periods of high user engagement.

Correlation analysis and regression models were used to
assess these relationships. The results indicate that individual
contextual variables exhibit weak statistical relationships
with overall usage, suggesting that Al adoption patterns are
shaped by multi-factor dynamics rather than single structural
predictors.

A. Implications for Education and Artificial Intelligence

This study carries significant implications for both the
education sector and the broader field of artificial
intelligence development and policy. For Education, the



high usage of Al tools, particularly text-to-image and NLP,
underscores their growing integration into learning and
teaching processes. Educators and curriculum designers
must recognize the pervasive nature of these tools and adapt
pedagogical strategies to leverage their potential effectively.
The observed seasonal usage patterns suggest opportunities
for targeted training and resource allocation during peak
periods. Furthermore, the strong engagement of SMBs and
individuals in education highlights the need for accessible,
cost-effective Al solutions that cater to diverse educational
settings, from small institutions to independent learners. The
findings also imply that educational policies around Al
adoption should focus less on broad regional or industrial
mandates and more on fostering an environment where the
perceived usefulness and  ease of use of specific Al tools
can drive organic integration into educational practices.

VII. CONCLUSION

This study provided a foundational, multi-dimensional
analysis of global Al tool usage, offering insights into
adoption patterns across various regions, industries, user
types, and technology categories. Despite the inherent
limitations of the dataset, our findings challenge the
conventional understanding that Al tool diffusion is strongly
predicted by traditional factors such as geographic location or
industrial sector. Instead, the data suggests a more complex
landscape where tool-specific utility, user accessibility, and
emergent applications play a significant role in shaping
adoption dynamics. The observed dominance of text-to-
image tools, the surprising versatility of models like BERT
across diverse categories, and the identifiable seasonal usage
patterns collectively underscore the need for a more nuanced
understanding of Al integration into daily practices. Our
work contributes to the literature by highlighting the critical
research gap in comprehensive, global, usage-based analyses
of Al tools. By
encompassing Diffusion of
Acceptance Model, and the Resource- Based View, we have

applying a multi-theoretical lens

Innovation, Technology

provided a preliminary framework for interpreting these
complex adoption behaviors.
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Abstract—Agentic Al systems—large language model-based
agents capable of autonomous reasoning, planning, and tool
use—are entering enterprise workflows at an accelerating pace.
This study combines a systematic review of 47 academic papers
and 12 industry reports (2023-2025) with an original cross-
sectional survey of 136 IT professionals across 14 industries. The
review identifies six dominant architectural patterns and a
persistent gap between vendor-reported and independently
verified outcomes. The survey reveals that 73% of respondents
consider organizational readiness—not technical capability—
the primary barrier to agentic Al adoption. Based on both
evidence streams, we propose and empirically ground the
Enterprise Agentic AI Maturity Model (EAAMM), a five-level
framework integrating technical autonomy with organizational
readiness.
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models, enterprise automation, systematic review, practitioner
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L INTRODUCTION

Large language models have evolved from conversational
tools into agents that pursue goals through multi-step
reasoning, tool invocation, and coordinated problem-solving
[1], [2]. What distinguishes an agentic system is its capacity
for iterative, goal-directed behavior: the agent perceives its
environment, formulates a plan, selects tools, executes
actions, and revises its approach based on feedback [3]. The
ReAct framework, which interleaves reasoning traces with
action steps, has become the architectural template for most
enterprise deployments [1].

Adoption figures reflect this shift. McKinsey’s 2025
global survey (n=1,993) found 88% of organizations using Al
regularly, 62% experimenting with Al agents, and 23% having
scaled agentic Al in at least one function [4]. Industry
estimates project compound annual growth rates above 40%
through 2030, with Gartner forecasting that 33% of enterprise
software will embed agentic Al by 2028 [5], [6]. Yet Gartner
also projects that over 40% of agentic Al projects will be
canceled by late 2027 owing to cost overruns and insufficient
risk controls [6]. Reported adoption varies by sector: financial
services and technology lead at 35-40%, while healthcare and
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manufacturing lag at 15-20%, though these figures rely
primarily on vendor-commissioned surveys [4], [14]. IDC
projects significant growth in Al agent deployment through
2029 [13].

This paradox—strong investment momentum coupled
with high failure rates—motivates our study. Existing
literature offers either technical architectural surveys [1]-[3]
or vendor-commissioned adoption reports [4]-[6], but lacks
empirical practitioner perspectives on readiness barriers. This
paper addresses the gap through three contributions: (1) a
systematic review mapping the agentic Al landscape, (2) an
original practitioner survey (n=136) identifying adoption
barriers and self-assessed maturity levels, and (3) the
Enterprise Agentic Al Maturity Model (EAAMM),
empirically grounded through both evidence streams.

IL. METHODOLOGY

A. Systematic Review Protocol

The review followed PRISMA-ScR guidelines [9].
Searches spanned IEEE Xplore, ACM Digital Library, arXiv,
Scopus, and Google Scholar using the query: (agentic Al OR
Al agents OR autonomous agents OR LLM agents) AND
(enterprise OR business process OR workflow OR
automation), limited to January 2023 through December 2025.
The initial search returned 312 candidates; title and abstract
screening narrowed this to 127, and full-text review yielded
47 academic papers and 12 industry reports from Gartner,
McKinsey, Deloitte, Forrester, IDC, and Capgemini. Data
extraction separated peer-reviewed academic findings from
vendor-commissioned and consulting reports, flagging
vendor-reported figures distinctly from independently
validated results to address persistent reporting bias in
enterprise Al literature.

B. Practitioner Survey Design

To complement the literature review with primary
empirical data, a cross-sectional online survey was conducted
in January 2026 using a structured questionnaire distributed
via convenience sampling through LinkedIn professional
groups, Telegram communities, and direct outreach to
enterprise technology teams. The instrument comprised 22



items across four sections: (1) organizational demographics,
(2) current Al adoption status and self-assessed maturity level,
(3) perceived barriers to agentic Al deployment ranked on a
five-point Likert scale, and (4) governance readiness
indicators. Of 198 responses received, 136 met inclusion
criteria (respondents with direct involvement in Al strategy or
implementation at organizations with 50+ employees). The
sample spans 14 industry sectors and 9 countries, with
technology (27%), financial services (19%), manufacturing
(14%), and retail (11%) as the largest cohorts. Respondent
roles include product managers (26%), engineering leads
(22%), CTOs and VPs of technology (17%), AI/ML engineers
(16%), and business analysts (12%). Company size
distribution: under 500 employees (29%), 500-5,000 (34%),
and over 5,000 (37%). The inclusion rate was 68.7% (136 of
198). The sample is geographically concentrated, with
Russian respondents comprising 35.3%; however, cross-
tabulation shows that Russian response patterns do not differ
significantly from the overall sample on key variables
(governance status, barrier rankings). Internal consistency was
verified with Cronbach’s alpha of 0.81 for the barrier
perception scale [26].

III. PRELIMINARY RESULTS

A. Architectural Patterns

Since 2023, the architectural landscape has coalesced
around well-defined patterns. ReAct [1] remains the standard
for single-agent systems, and Reflexion extends it through
verbal self-critique [25]. For complex processes, multi-agent
architectures dominate [8]: AutoGen [7] uses conversation-
based protocols, MetaGPT [10] assigns software-engineering
roles, and CrewAl organizes hierarchical teams. Six
orchestration patterns recur: sequential chaining, parallel fan-
out, routing-based delegation, hierarchical manager—worker
coordination, peer-to-peer negotiation, and evaluator—
optimizer feedback loops [11], [12]. Our analysis indicates
that roughly 80% of current enterprise installations rely on
workflow-based orchestration rather than full autonomy [11],
[14]. A critical architectural consideration is memory and
context management: long-term memory mechanisms
including retrieval-augmented generation (RAG) and vector
databases enable agents to maintain state across sessions [20],
[21], but also introduce failure modes such as stale context,

hallucinated recollections, and privacy risks from
accumulated data [3], [8].

B. Enterprise Adoption Evidence

Data from major industry surveys reveal broad

experimentation paired with limited production rollout [4]—
[6], [13], [14]. Between 60% and 88% of enterprises use Al,
yet only 2—14% have deployed agentic Al at production scale.
Capgemini’s 2025 survey finds 2% full-scale deployment,
12% partial, 23% active pilots, and 61% still exploring [14]; a
separate 2024 study found 82% plan agentic Al integration
within one to three years [22]. Deloitte’s 2026 edition notes
that 74% intend to deploy agents within two years, but only
21% have the governance infrastructure to support it [5].
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Vendor case studies present impressive figures: Salesforce
reported 84% autonomous resolution across 380,000 customer
support conversations [15]; Klarna’s Al assistant handled 2.3
million chats in its first month [16]. However, these narratives
face contradictory independent evidence. An observational
study of approximately 800 developers found no throughput
gains and 41% more bugs with Al coding assistants [23],
while a randomized trial with 16 developers found Al tools
made them 19% slower [24]. Across independent surveys,
only 15% of AI decision-makers report EBITDA
improvement [18], and merely 6% qualify as Al high
performers [4]. The customer service domain offers a
particularly instructive pattern: initial deployments achieve
high automation rates on straightforward inquiries, but as
coverage expands to ambiguous cases, resolution quality
declines and human escalation rates rise—a trajectory visible
in Klarna’s pivot to a hybrid model in 2025 and consistent
with Gartner’s prediction of widespread project cancellations
[6], [16].

C. Practitioner Survey Findings

The survey produced five key findings that extend and
contextualize the literature evidence.

First, self-assessed maturity levels reveal an early-stage
landscape. When asked to classify their organization against
the EAAMM framework, 41% placed themselves at L1
(Assistive), 32% at L2 (Collaborative), 19% at L3
(Consultative), 6% at L4 (Supervisory), and 2% at L5
(Autonomous). This distribution aligns with the 2-14%
production deployment range found in the literature review,
but provides finer granularity: most organizations are not
merely “exploring” but are stuck at specific maturity
transitions.

Second, organizational readiness dominates as the
perceived primary barrier. When asked to identify the single
greatest obstacle to advancing agentic Al maturity, 73% of
respondents selected organizational factors—governance
gaps (31%), data quality and infrastructure (22%), workforce
skills (12%), and risk management concerns (8%)—versus
27% citing technical limitations such as model accuracy
(15%), integration complexity (8%), or cost (4%). This
finding is consistent with the hypothesis derived from the
literature review that organizational readiness, not technical
capability, constitutes the primary perceived constraint.

Third, a pronounced governance deficit was identified.
Only 18% of respondents reported having formal Al
governance frameworks in place, 35% had partial
frameworks, and 48% had none. Cross-tabulation reveals a
strong association between governance maturity and self-
assessed EAAMM level: 89% of L3+ organizations have at
least partial governance, compared to only 38% of L1
organizations (y* =27.4, p <0.001, Cramér’s V = 0.45). This
pattern is consistent with the EAAMM’s gating mechanism,
which posits that governance infrastructure is needed before
advancing beyond L2.

Fourth, expected adoption timelines reveal cautious
optimism. Among respondents not yet at L3, 14% expect to



reach L3 within one year, 39% within one to two years, 31%
within two to three years, and 16% consider it unlikely within
three years. Notably, respondents from organizations with
established governance frameworks projected shorter
timelines (mean 1.6 years) than those without (mean 2.8 years,
t(98)=3.42, p < 0.01, Cohen’s d=0.69), suggesting an
association between governance readiness and shorter
projected timelines. As this is cross-sectional data, the
direction of causality cannot be established.

Fifth, formal ROI measurement remains rare. Only 21% of
respondents have established frameworks for tracking agentic
Al return on investment, while 44% rely on informal or
anecdotal assessment and 35% perform no ROI tracking at all.
This measurement deficit partially explains the disconnect
between vendor-reported impact figures and independently
observed outcomes: without systematic measurement,
organizations lack the data to distinguish genuine productivity
gains from displaced costs or reporting artifacts [17], [18].

TABLE 1. PRACTITIONER SURVEY: KEY FINDINGS (N=136)

Metric Result
Self-assessed at L1-L2 73%
Organizational barrier as primary 73%

No formal Al governance 48%
Governance — faster timeline 1.6 vs 2.8 years
Formal ROI tracking in place 21%

IV. PROPOSED EAAMM FRAMEWORK

TABLE II. ENTERPRISE AGENTIC Al MATURITY MODEL (EAAMM)

Level Human Role | Key Characteristics

L1 Assistive Operator Explicit prompts; basic governance

L2 Collaborative Collaborator Suggests‘acnons, human approves;
data quality protocols

L3 Consultative Consultant Autonomous on rout.me tasks;
formal governance required

L4 Supervisory Approver Independent operation; mature risk
management

L5 Autonomous Observer Full. autonomy within boundaries;
audit trails

The EAAMM integrates technical autonomy levels from
Feng et al. [19]—Operator, Collaborator, Consultant,
Approver, Observer—with four organizational readiness
dimensions: (1) governance infrastructure, (2) data
architecture, (3) workforce adaptation, and (4) risk
management. Twelve existing frameworks were reviewed [3],
[6], [11], [12], [14], [19], [20]; none adequately bridges both
technical autonomy and organizational readiness. The
EAAMM fills this gap with a technology-agnostic, cross-
industry model designed as a diagnostic tool rather than a
linear progression: an organization may operate at L3 for
customer service while remaining at L1 for financial decision
support. Each maturity level prescribes specific prerequisites
before advancement. For instance, progressing from L2
(Collaborative) to L3 (Consultative) requires established data
quality protocols, formal escalation procedures, and
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demonstrated reliability metrics on routine tasks. This gating
mechanism prevents organizations from deploying
autonomous agents without adequate governance—a failure
mode that Gartner identifies as a primary driver of project
cancellations [6]. The model’s four readiness dimensions can
be calibrated to industry-specific regulatory requirements: in
financial services the risk management dimension may carry
elevated weight, whereas for technology companies data
architecture and workforce adaptation become priorities.

The survey data provide empirical support for the
EAAMM’s core premise. The strong association between
governance maturity and self-assessed EAAMM level (x> =
274, p < 0.001, Cramér’s V = 0.45) suggests that the four
readiness dimensions correspond to observable organizational
differences. As an empirically informed diagnostic framework
rather than a statistically validated predictive model, the
EAAMM relies on self-reported maturity assessments that

may reflect organizational perception rather than
independently verified capability. Future research should
validate the model longitudinally through repeated

measurement and independent capability assessment.

V. DISCUSSION OF FINDINGS

Three cross-cutting insights emerge from the combined
evidence. First, agentic Al suffers from a pronounced
evidence gap: academic work concentrates on architectural
innovation, while business impact evidence rests on vendor-
funded metrics that are frequently methodologically opaque.
The contradictions between vendor-reported outcomes and
independent evaluations [23], [24] illustrate why standardized
third-party assessment methodologies are urgently needed.

Second, the survey data confirm and extend the literature
finding that organizational readiness is the binding constraint.
The 73% figure for organizational barriers as primary closely
mirrors Deloitte’s finding that 74% plan agent deployment but
only 21% have governance infrastructure [5]. This
convergence across independent evidence sources—industry
reports, academic reviews, and our practitioner survey—
strengthens the finding’s reliability and supports EAAMM’s
emphasis on organizational prerequisites.

Third, an emerging pattern across both literature and
survey data is the convergence toward human-in-the-loop
architectures as the pragmatic default for enterprise
deployment. Even the most successful vendor
implementations maintain human oversight for edge cases,
and 73% of surveyed organizations self-assess at L1-L2. This
suggests the industry is implicitly settling at L2—L3 rather than
pursuing full L5 autonomy—a finding with direct
implications for technology investment prioritization and
organizational change management strategies.

VL CONCLUSION

This study combines a systematic review of 47 academic
papers and 12 industry reports with an original practitioner
survey (n=136) to provide a multi-method assessment of
agentic Al in enterprise settings. Three findings emerge. First,



while technical foundations are increasingly solid with well-
established architectural patterns, only 2-14% of
organizations have reached production scale, and 73% of
surveyed practitioners remain at L1-L2 maturity. Second,
organizational readiness—not technical capability—is the
binding constraint: 73% of respondents identified
organizational barriers as primary, and the governance deficit
(48% with no formal Al governance) represents the most acute
bottleneck. Third, governance readiness is associated with
shorter projected adoption timelines, with governed
organizations reporting estimates 43% shorter than
ungoverned peers (Cohen’s d=0.69).

The EAAMM provides a structured assessment tool
integrating technical autonomy with organizational readiness
across five deployment stages, empirically grounded through
both literature synthesis and survey validation. For
practitioners, the study suggests three recommendations:
begin with workflow-based orchestration (L2—L3) rather than
pursuing full autonomy; invest in governance infrastructure
before scaling deployments; and establish independent
measurement frameworks beyond vendor-supplied metrics.
Limitations include the cross-sectional design, which supports
associations but not causal claims; convenience sampling
through professional networks; and geographic concentration
(35.3% Russian respondents), although subgroup analysis
indicates that Russian response patterns align with the overall
sample on governance and barrier variables. Future research
should prioritize longitudinal EAAMM validation through
repeated measurement and independent capability audits,
integration of regulatory compliance dimensions such as the
EU AI Act, and replication across diverse cultural contexts.
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Appendix A. Practitioner Survey Instrument

The following questionnaire was administered online in January 2026 to
IT professionals involved in Al strategy or implementation. The instrument
comprises 22 items across four sections. Inclusion criteria: direct involvement
in Al strategy or implementation at organizations with 50+ employees. Of 198
responses received, 136 met inclusion criteria. Internal consistency:
Cronbach’s o= 0.81 for the barrier perception scale (Section 3).

Section 1: Organizational Demographics (Q1-06)

Q1. In which industry does your organization primarily operate? /Single
choice, 14 options]

Q2. How many employees does your organization have? /Single choice:
<500/ 500-5,000/>5,000]

Q3. In which country is your organization headquartered? /Open text]

Q4. What is your current role? /Single choice: Product Manager /
Engineering Lead / CTO or VP of Technology / AI-ML Engineer / Business
Analyst / Data Scientist / Other]

Q5. How many years of experience do you have in Al/technology roles?
[Numeric]

Q6. Are you directly involved in Al strategy or implementation decisions
at your organization? /Yes/No (filter question)]

Section 2: AI Adoption Status and Maturity (Q7-Q11)

Q7. Does your organization currently use Al (including traditional ML,
generative Al, or agentic Al) in any business process? /[Yes, regularly / Yes,
experimenting / No, but planning / NoJ

Q8. What is the current status of agentic Al deployment at your
organization? /Single choice: Full-scale production / Partial production /
Active pilot(s) / Exploring or evaluating / Not considering

Q9. Based on the following EAAMM framework descriptions, at which
level would you classify your organization’s most advanced agentic Al
deployment?  /Single choice: LI Assistive / L2 Collaborative / L3
Consultative / L4 Supervisory / LS Autonomous]

L1 Assistive: Al responds to explicit prompts; human operates and
controls all actions. L2 Collaborative: Al suggests actions and drafts; human
reviews and approves. L3 Consultative: Al handles routine tasks
autonomously; human consulted on exceptions. L4 Supervisory: Al
operates independently on complex tasks; human approves critical decisions.
L5 Autonomous: Al operates with full autonomy within defined boundaries;
human monitors.

Q10. What are the primary use cases for agentic Al at your organization?
(Select all that apply) /Multi-choice: Customer service / Sofiware
development / Data analysis / Document processing / Sales and marketing /
Supply chain / HR and recruitment / Financial operations / Other]

Q11. How many distinct agentic Al projects or initiatives does your
organization currently have? /Numeric: 0/ 1-2/3-5/6-10/>10]

Section 3: Perceived Barriers to Agentic AI Deployment (Q12—-Q19)

Before rating each barrier individually, please indicate: Which of the
following do you consider the single greatest barrier to advancing agentic Al
maturity at your organization?

[Single choice: Governance gaps / Data quality and infrastructure /
Workforce skills and training / Risk management concerns / Model accuracy
and reliability / Integration complexity / Cost constraints / Regulatory
compliance]

For each of the following factors, please rate the extent to which it
represents a barrier to advancing agentic Al maturity at your organization.

Response scale: 1 = Not a barrier at all; 2 = Minor barrier; 3 =
Moderate barrier; 4 = Significant barrier; 5 = Critical barrier

57

Q12. Governance gaps (lack of formal policies, oversight structures,
accountability frameworks for Al agents) /Likert 1-5]

Q13. Data quality and infrastructure (insufficient data pipelines, poor
data quality, inadequate integration architecture) /Likert 1-5]

Q14. Workforce skills and training (shortage of qualified Al talent,
insufficient training programs) /Likert 1-5]

Q15. Risk management concerns (security vulnerabilities, liability
uncertainties, unpredictable agent behavior) /Likert 1-5]

Q16. Model accuracy and reliability (hallucinations, inconsistent outputs,
insufficient reasoning capabilities) /Likert 1-5]

Q17. Integration complexity (difficulty integrating with existing systems,
APIs, and workflows) /Likert 1-5]

Q18. Cost constraints (high compute costs, unclear ROI, budget
limitations) /Likert 1--5]

Q19. Regulatory compliance (existing or anticipated regulations,
industry-specific requirements) /Likert 1-5]
Section 4: Governance Readiness and Outlook (020-022)

Q20. What is the current status of Al governance at your organization?
[Single choice: Formal AI governance framework in place / Partial

framework (some policies but not comprehensive) / No formal governance
framework]

Q21. How does your organization measure the return on investment
(ROI) of agentic Al initiatives? /Single choice: Formal ROI tracking

framework / Informal or anecdotal assessment / No ROI tracking

Q22. How soon do you expect your organization to reach L3
(Consultative) maturity or above? (If already at L3+, select ‘Already
achieved’) [Single choice: Already achieved / Within 1 year / 1-2 years / 2—
3 years / Unlikely within 3 years]



Appendix B. Detailed Sample Characteristics > 5,000 employees 50 36.8

This appendix provides the full demographic profile of the Total 136 ‘ 100.0
survey sample (N = 136). All respondents met the inclusion
criteria: direct involvement in Al strategy or implementation TABLE VI. GEOGRAPHIC DISTRIBUTION (N = 136)
at organizations with 50 or more employees.
Country n %
TABLE III. DISTRIBUTION BY INDUSTRY SECTOR (N = 136)
Russia 48 353
Industry Sector n %
United States 20 14.7
Technology 37 27.2 ; :
United Kingdom 14 10.3
Financial Services 26 19.1
Germany 11 8.1
Manufacturi 19 14.0
ranactiine India 11 8.1
Retail & E-commerce 15 1.0 United Arab Emirates 8 5.9
Healthcare & 7 5.1 Netherlands 7 51
Pharmaceuticals Singapore 7 5.1
Telecommunications 6 44 Brazil 10 74
Energy & Utilities 5 3.7 Total 136 ‘ 100.0
Education 5 37
TABLE VII. SELF-ASSESSED EAAMM MATURITY LEVEL (N =
Government & Public 4 2.9 136)
Sector
EAAMM Level n %
Professional Services & 4 29
Consulting ..
L1 — Assistive 56 41.2
Transportation & 3 22
Logistics L2 — Collaborative 43 31.6
Media & Entertainment 2 1.5 L3 — Consultative 26 19.1
L4 — Supervisory 8 59
Real Estate & 2 1.5
Construction L5 — Autonomous 3 22
Other 1 0.7 Total 136 100.0
Total 136 100.0

TABLE VIII. Al GOVERNANCE FRAMEWORK STATUS (N = 136)
TABLE IV. DISTRIBUTION BY RESPONDENT ROLE (N = 136)

Governance Status n %
Role n %
Formal Al governance 24 17.6
Product Manager 35 25.7 framework
Engineering Lead / 30 22.1 Partial framework 47 34.6
Team Lead No framework 65 47.8
CTO/ VP of 23 16.9
Technology Total 136 100.0
AI/ML Engineer 22 16.2
Business Analyst 16 11.8
Data Scientist 5 3.7
Other (IT Director, 5 3.7
Architect, etc.)

Total \ 136 100.0

TABLE V. DISTRIBUTION BY ORGANIZATION SIZE (N = 136)

Organization Size n %
<500 employees 40 29.4
500-5,000 employees 46 33.8
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ABSTRACT— The study examines how transformational
leadership can contribute to the innovation and agility of
employees and organizations in UAE smart government
institutions. Even though a lot of money has been spent on the
digital infrastructure most government departments have not
been able to develop innovative organizational cultures that can
harness all the technological abilities. Using a quantitative
survey that was conducted with 150 government employees that
work in three large entities in the UAE, this paper was able to
investigate the effects of transformational leadership in
enhancing the innovative behaviors of employees and
responsiveness of organizations. The results indicate that
transformational leadership has a strong influence on the
worker innovation (B = 0.68, p < 0.001) and organizational
nimbleness (f = 0.72, p < 0.001). The main suggestions are to
create the leadership programs based on transformational
skills, develop the innovation systems, develop the cross-
functional digital teams, and introduce the performance
measurements in accordance with the innovation outcomes. The
present study would be relevant to the comprehension of
leadership-powered digital transformation in the government
setting and offer practical suggestions to UAE policymakers that
are working on the Digital Government Strategy 2025.

Keywords—Transformational = Leadership, = Employee
Innovation, Organizational Agility

I.  INTRODUCTION

The UAE has placed itself among top world leaders in digital
transformation of the government due to the UAE Digital
Government Strategy 2025. The overall framework is new to bring
about full digitization of the government services with the focus
being to reach 90% federal services completed end to end digitally.
The plan focuses on digital by design, data-centric strategies, being
proactive and delivering services to people in a user-centric manner
with a goal of training 10,000 federal government workforces on the
use of artificial intelligence, blockchain and Internet of Things
technologies.

Nevertheless, even with the significant investment in technology
a significant disparity exists between the digital infrastructure
implementation and the innovation capabilities of organizations. The
challenge is that many of the UAE government departments have
sophisticated digital resources but cannot create an organizational
culture that is creative enough to utilize them to the fullest. It is no
longer a technological infrastructure that is needed in the digital
transformation process but leadership strategies that ensure
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employees are creative, take calculated risks, and respond to
changing needs of citizens quickly.

The UAE smart government organizations are in a paradox situation
wherein massive digital infrastructure investments have not been
proportionately transferred to the creation of innovative
organizational behaviors and responsive operations. Digital
technologies are usually implemented by government departments in
a reactive manner when a particular tool is used to replicate an
already-existing process instead of entirely reinventing the service
delivery paradigm. Workers can have access to a sophisticated
system without the psychological safety, motivation, and leadership
that support experimenting with new ways of doing things
respectively trying out old ones.

Moreover, organizational agility the ability to feel environmental
shifts and react quickly by reconfiguring resources and processes
has not been well developed in most government organizations. The
nature of traditional public sector such as risk aversion, rigidity of
procedures and hierarchical decision-making systems prevents the
ability to take flexible and adaptive behaviors that are imperative in
governance in digital age.

The proposed research is expected to investigate the application of
the transformational leadership concept in improving employee
innovation and organizational agility in smart government
organizations in the UAE. The purpose of the specific objectives is
to: (1) understand the exercise of current transformational leadership
practices and scope of gaps impeding innovation; (2) assess the
relationship between transformational leadership actions and
employee behaviors indicating innovative work to the organization;
(3) determine the influence of transformational leadership on
organizational agility; (4) identify the mediator variables e.g.
organizational culture which has been facilitating or restricting the
effects of transformational leaders; as well as (5) develop actionable
recommendations to government leaders and policymakers.



II. LITERATURE REVIEW

A. Transformational Leadership Theory

Transformational leadership: Transformational leadership was
developed by Bass and Avolio as a paradigm in which leaders
inspire followers to be more motivated, morally uplifted, and
working more effectively by their ability to articulate a vision and
through inspirational communications and providing a good
example. The model considers four dimensions which include the
idealized influence (role modelling), inspirational motivation
stimulation

(communication of strong visions), intellectual

(fostering creativity and challenging assumptions), and an
individualized consideration (attention to development needs)
dimension. Studies prove that the ability of transformational
leadership to create innovation-fearing conditions through the
development of psychological safety allows employees to suggest
innovative ideas without the fear of being penalized (Afsar and

Umrani, 2020).

B. Employee Innovation in Digital Transformation

The innovative behavior of employees includes identifying the
problem, developing innovative ideas, promoting, and putting new
ideas to practice. In digital transformation situations, innovation
means not just technology adoption, but process redesigning, service
model innovation and cooperation with a focus on harnessing the
digital potential. The studies conducted in the framework of the
UAE public sector confirm that HRM practices, innovation climate,
and the productivity of the employees proved to be highly
interrelated (AlDhaheri et al.,, 2023). Research indicated that
difficult appraisal-framing digital transformation as an opportunity
and not a threat and organizational culture support play a very
important role as critical mediators between digital transformation
initiatives and innovative behaviors of employees.

C. Organizational Agility and Digital Transformation

Organizational agility is the ability to perceive the changes in
the environment, make fast decisions and respond to changes by
reconfiguring resources and adapting processes. It has been shown
that organizational agility is a mediator variable that plays a critical
role in linking digital transformational leadership and desirable
results of digital transformation (AlNuaimi et al., 2022). Research
structural

based on equation modeling shows that digital

transformational leadership is a significant contributor of
organizational agility that contribute to digital transformation
success. This relationship under mediation suggests that leadership
will have effects on digital transformation results in the form of
creating organizational abilities to adapt quickly, as opposed to

technological intervention.

D. UAE Smart Government Context

The Digital Government Strategy 2025 of the UAE lays up an
elaborate set of structures which include digital enablers such as
unified digital identity schemes, national digital wallets, and
national online signature. Nevertheless, studies that analyze the
topic of UAE government digital transformation indicate that certain
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challenges are still present. In the research conducted by Al Qudah
(2024) on 223 government employees, digital transformation
adoption has challenges that have to be overcome with prudent
leadership methods that focus on the quality of decisions, the
effectiveness of communication, and ethical issues. The research
examining the smart government effectiveness in the UAE public
organizations illustrates that internal government efficiency and
infrastructure to implement the smart government services are
significant predictors of smart government success (Abdulqader and
Al Marri, 2020). Based on the existing literature, this paper presents
a theoretical framework that examines the connections between
leadership, employee  innovation, and
organizational agility in smart government organizations in the
UAE. Transformational leadership should enhance innovation
among the employees through intellectual stimulation and
psychological empowerment. Moreover, it is bound to have a direct

transformational

influence on the level of organizational agility as it facilitates
quicker decision-making and responsive actions. Organizational
agility is also expected to improve through employee innovation that
would facilitate the execution of emerging ideas and responsive
practices. Based on that, the current study develop its hypothesis and
conceptual model:

HI1: Transformational leadership has a positive impact on
innovation by employees.

H 2: Transformational leadership has positive effects on
organizational agility.

H3: Organizational agility is positively affected by employee
innovation.

Figure 1: conceptual model
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III. DATA METHODOLOGY

A. Research Design

Using a quantitative approach, the proposed research involves
the use of a structured questionnaire survey as a study instrument to
identify correlation between transformational leadership, employee
innovation, and organizational agility. The cross-sectional survey
design will allow the systematic measurement of leadership
behaviors, the perceptions of employees and organizational




outcomes as well as the statistical analysis of relationships strength
and pattern.

B. Sample and Data Collection

The target market will include employees of the federal and
emirate government agencies located in the UAE who are currently
involved in smart government programs. A purposive sampling
method was used to identify government organizations that have
prepared digital transformation programs. The sample contained
workers in three large state organizations who were representing
various functional areas. One hundred and fifty complete responses
were received in online surveys distribution in a four week time
period, a response rate of 62 percent.

C. Measurement Instruments

Transformational leadership was assessed with the help of the
modified Multifactor Leadership Questionnaire which was based on
four dimensions. The innovative behavior of employees was
evaluated using items assessing the idea generation behavior,
promotion behavior, and implementation behaviors that concerned
the nature of digital transformations. The measurement of
organizational agility was made through the items that evaluated the
sensing abilities, speed, and flexibility of decisions, and
implementation. The scoring scales were all Likert five-point scales.
The demographic questions included in the questionnaire gathered
information on age, sex, education, tenure in the organization and
level of position.

D. Data Analysis

Data screening, followed by calculating descriptive statistics,
reliability, and correlation analyses were performed to examine
bivariate relationships and determine primary hypotheses of the
research taking into account the demographics. Further discussion
involved possible mediating variables through  which
transformational leadership can have an influence.

E. Measurement Model Assessment

The constructs were tested with the help of Confirmatory Factor
Analysis (CFA) to determine the validity and reliability of the
measures. Measurement model was found to have acceptable fit
indices, with the indices being greater than recommended values
(CFI > 0.90, TLI > 0.90, RMSEA < 0.08, SRMR < 0.08).
Convergent validity was achieved since all the loading factors were
significant and greater than 0.60. Also, the all constructs values of
AVE were greater than 0.50 and the values of Composite Reliability
(CR) were greater than 0.70; these values were satisfactory internal
consistency values.

F. Ethical Considerations and Limitations

The study was conducted according to ethical principles such as
informed consent, protection of confidentiality and voluntary
participation. Permission to conduct the surveys was received by the
organizations in advance. Limitations involve that cross-sectional
design did not allow attributing definite causality, the possible risk
of self-report bias due to the use of self-report questions, purposive
sampling, and possible generalizability as it was narrow to UAE
contexts, and the possibility that there was a limit in the scope of
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transferability to other contexts due to the cultural circumstances of
the UAE. Due to the self-reported information, a single factor test of
Harman was performed to determine whether common method bias
was present. These findings were that there is no one factor that
explained the most variance (less than 50%), which means that the
common method bias is not a major issue in this research.

IV. FINDINGS, ANALYSIS, AND DISCUSSION

A. Sample Characteristics

The population sample so formed was 150 government
employees containing 58 and 42 per cent males and females
respectively. The age range was 23% at the age of 25-30, 31%
in the age range of 31-35 years, 28% in the 36-40 years age
range, and 18% above 40 years. The level of education was
found to be highly qualified with 67% having bachelor
degrees, 28% with master degrees while 5% had doctoral
qualifications. The position levels were 41 percent frontline,
43 percent supervisory staff as well as 16 percent middle
management.

B. Descriptive Statistics and Reliability

Transformational leadership had a mean rating of 3.62 (SD
= (.74) on the five-point scale, employee innovative behavior
had a mean of 3.48 (SD = 0.68), and organizational agility had
amean of 3.71 (SD = 0.62). Internal consistency was found to
be acceptable according to the reliability analysis: the
transformational leadership had a Cronbach alpha of 0.89,
employee innovative behavior of 0.86 and organizational
agility of 0.88.

Table 1: Descriptive Statistics and Reliability Coefficients

Variable Mean SD Cronbach o
Transformational 3.62 0.74 0.89
Leadership
Employee 3.48 0.68 0.86
Innovative Behavior
Organizational 3.71 0.62 0.88
Agility

C. Correlation Analysis

The Pearson correlation analysis showed that there were
significant positive correlations between the primary study
variables. Transformational leadership showed a good
positive relationship with employee innovative behavior (r =
0.65, p < 0.001) and organizational agility (r = 0.69, p <
0.001). Innovative behavior among the employees and agility
of an organization were highly correlated (r =0.58, p <0.001).
Looking at transformational leadership dimensions in
isolation, intellectual stimulation was found to be having the
highest correlations with both the innovative behavior (r =
0.71, p < 0.001) and the organizational agility (r = 0.68, p <
0.001).

Table 3: Correlation Matrix (*** p <0.001)



Variable TL EIB OA
Transformation 1.00 - -
al Leadership (TL)
Employee 0.65%* 1.00 -
Innovative *
Behavior (EIB)
Organizational 0.69** 0.58#* 1.0
Agility (OA) * * 0
D. Regression Analysis
Various regression analysis on the effect of

transformational leadership on employee innovative behavior
was statistically significant (F = 45.23, p < 0.001) with a
variance explained amounting to 48 (R =0.48). The strongest
predictor (B = 0.68, t = 934, p < 0.001) was the
transformational leadership. Education level is the only
demographic control that had a significant relationship with
innovative behavior (B= 0.18, p < 0.05). Additional result
showed that when all the dimensions were simultaneously
tested, intellectual stimulation (f = 0.52, p < 0.001) and
individualized consideration (B = 0.31, p < 0.01) were
significant to predict innovative behavior.

Table 3: Regression Analysis Results (¥** p < 0.001, * p <
0.05, ns = not significant)

Predictor Employee Organizational
Innovation B = Agility p

Transformational 0.68%** 0.72%%*

Leadership

Education Level 0.18* 0.12 ns

R? 0.48 0.53

Regression analysis of the organizational agility was
statistically significant (F = 52.18, p = 0.001) and explained
53 percent of variance (R*> = 0.53). Transformational
leadership was found to be a strong predictor of agility in
organizations (B = 0.72, t = 10.67, p < 0.001). The impact of
demographic variables on organizational agility perceptions
was low. Idealized influence (b = 0.38, p under 0.01) and the
intellectual stimulation (B = 0.45, p under 0.001) were the
strongest predictors in simultaneous regression.

Figure 1: Transformational Leadership and Employee
Innovative Behavior

62

Transformational Leadership and Employee Innovative Behavior

45
.
e ° '
40 .'o . . o *
£ A A [
g L L] L]
@ 3 . ‘: :. ...‘.. : ':
£ Y a* ™.
: AP 3
2 w, g ﬁ.l‘
£ 304 * s e }’. L T
» : LA .’- - [ ]
= [ L 2 b
?EL e ® . ] (™
was »
L]
2.0 .
2.5 3.0 35 4.0 4.5
Transformational Leadership
Figure 2: Transformational Leadership and
Organizational Agility
Transformational Leadership and Organizational Agility
®
4.5 4 -
. . ..
L .
40 * ‘ ol %et yoe
.
& ¢t im0t
g o« A P2
] . ‘ * ﬁ
£
%35 .‘-! \’ .Q. ’... .
& se®o 8 "ol &, a
& e ® o% e ®
B . o ?
° 3.0 L g %ene L BT
-..c ®
.. [ ]
] ]
2.5
- ]
2.5 3.0 3.5 4.0 4.5
Transformational Leadership
E. Key Survey Findings

Survey responses provided additional nuanced insights.
Most of the respondents (68 percent) were of the opinion that
their leaders do push them to look beyond the old frameworks,
but only half of the respondents thought that their leaders
actively solicit their ideas on how to do services better. To
measure innovative behaviors, 71 percent of the respondents
claimed to be frequently able to find willingness to enhance
service delivery with digital tools, however, 43 percent
commonly use innovative ideas. This is an implementation
gap that focuses on an obstacle between the responsiveness of
the idea and its execution. Also, a third of them were worried
of the negative implications of failed innovation efforts
indicating that risk aversion is still a major innovation barring
factor.

Mixed perceptions were found with organizational agility
items. Whereas 67% considered that their organizations are
responsive when it comes to responding to the feedback of the
citizens, 49% of the respondents felt that their organizations
were quick to embrace emerging new technologies whenever
they came across such opportunities. In addition, half
expressed that bureaucracy is an issue that slows down
implementation and forty two percent believed the process of
decision making was too centralized.



F. DISCUSSION

The results offer solid empirical evidence in support of the
transformational leadership importance in promoting
employee innovation and organizational agility in entities of
smart government in the UAE. The positive close
relationships that were observed are consistent with
theoretical propositions and complement the body of current
knowledge as they indicate that these relationships are
relevant in the context of digital transformation in the public
sector of UAE. The fact that intellectual stimulation has such
a potent effect on all the outcomes deserves a mention, and the
focus on preventing simplistic assumptions that is inherent in
this dimension seems particularly appropriate in the context of
digital transformation that demands reconsidering the core
processes.

The lag between idea generation and implementation
points to a serious issue that needs particular consideration.
Whereas transformational leaders are effective in generating
creative thinking, structural and systemic obstacles hinder the
translation of ideas into solution implemented. It implies that
wholesome digital transformation should be taken up
concurrently whereby leadership development, organizational
structure redesign, resource allocation schemes, and
performance evaluation systems that reward innovation
efforts irrespective of the short-term results are concerned.
Besides the identified direct relationships, the findings support
the theoretical assumption that leadership behaviors are
central  to  supporting  innovation-driven  agility.
Transformational leadership, especially via intellectual
stimulation, seems to establish a climate of experimentation
and adaptability of thought. This is particularly important in
the field of digital government, where technology evolves
quickly, necessitating constant learning and responsiveness.

V. RECOMMENDATIONS

A. Leadership Development Initiatives

The UAE government agencies would need to institute
rigorous transformational leadership development initiatives
focused on the leadership of all organizational levels in terms
of intellectual stimulation and personalized consideration
skills. The training modules can incorporate real-life activities
of getting to challenge assumptions, conducting creative
problem-solving workshops, and offer individual coaching.
The introduction of digital transformation-specific content on
the issues of application of the transformational behaviors in
the environment of the fast change of technology should be
introduced into the leadership development. Having
mentoring programs in which experienced transformational
leaders are paired with the emerging leaders can be used to
transfer skills practically.

B. Innovation Infrastructure and Support Systems

To overcome the implementation gap, the state actors are
supposed to have formal innovation infrastructure that helps
in idea pushing through idea conception stages to
implementation. This infrastructure must have specific
innovation teams that review employee proposals, rapid
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prototyping capabilities that can be used to run tests quickly,
and simplified processes that can help facilitate innovation
pilot. The mechanisms used to allocate resources should be
rigorous in the integration of innovation support, whereby
resources available to employees in terms of time, funding and
technical support are known. Success and failure Performance
appraisal systems need to be reformulated to reward any
innovation efforts which should be explicit that not all
innovations would be successful.

C. Organizational Structure and Process Redesign

Government agencies need to establish and remove
procedural processes that are now redundant in digital
operation space in terms of critical control and accountability
roles. Decisions relating to the company also ought to be
delegated to the relevant levels such that frontline employees
and the supervisors make swift decisions without having a
long approval chain. The digital transformation teams that
cross-functional team comprised of employees representing
various departments would increase the levels of agility and
innovation through knowledge sharing and silos reduction as
well as ensuring a quicker response to mobilize the
capabilities that existed across organizational boundaries.

D. Culture Change and Performance Metrics

The root cause of continuing risk aversion must be tackled
through culturally planned efforts to stress that risk-taking
based on calculations and experience-based learning are
important elements that should be appreciated. Top
management members must repeatedly convey the idea that
innovation is a risk and that companies know what to do when
the initiative fails. Government agencies are advised to put in
place elaborate measures that monitor the innovation efforts,
performance agility and transformational leadership practice.
Continuous review and reporting of such metrics to the top
management keeps the priorities of innovation and nimbleness
on the strategic agenda with other conventional performance
and compliance indexes.

According to the empirical data, a number of specific
recommendations can be suggested:

First, due to the high positive relationship between
transformational leadership and employee innovation (b =
0.68), leadership development interventions in government
organizations in the UAE should focus on the intellectual
stimulation and individualized consideration competencies.
These dimensions proved to be the most predictive and are
important in encouraging innovative behaviors amongst the
employees.

Second, given that the concept of transformational
leadership and that of organizational agility are strongly
interrelated (b = 0.72), the organizations are supposed to make
institutional leadership practices that favor decentralized
decision-making and flexible governance systems. This will
increase responsiveness and decrease delays of bureaucracies.

Third, the fact that employee innovation and
organizational agility have a positive relationship (r = 0.58)
demonstrates the necessity to reinforce the innovation
implementation mechanisms. The governmental



organizations are to introduce the systematic pipelines of
innovation (i.e., idea screening, rapid prototyping, cross-
functional collaboration platforms).

Lastly, to bridge the perceived gap between the idea
generation and implementation, the performance management
systems are to be restructured to incentivize the innovation
efforts, even failed efforts to prevent risk aversion and
promote constant experimentations.

VL CONCLUSION

Empirical data on transformational leadership revealed in
this research indicates that such leadership is of paramount
importance in promoting innovation and agility of employees
in smart government organizations in the UAE. Even though
the investment in digital infrastructure is significant, to
achieve all the potential of transformation it is important to
find leadership styles that are particularly used in developing
new behaviors of employees and responsiveness of
organizations. Intellectual stimulation and one-on-one
consideration dimensions of transformational leadership are
influential in forecasting employee innovative working
behaviors and perceptions of agility in an organization among
employees working within the UAE government.

Results show that although UAE government agencies
have realized some advancement in digital transformation,
there are a series of challenges such as risk aversion,
implementation barriers, and structural constriction of agility
that still restrain the realization of innovations. The following
issues should be systematically addressed by means of
leadership development efforts, establishment of an
innovation infrastructure, the redesign of the organization,
culture change efforts, and the proper performance
measurement. Effective digital change does not merely consist
of the deployment of technology but poses inherent
requirements of the human and organizational capacity
development.

The process of full achievement of smart government in
the UAE will be defined not only by the level of technological
development but also leadership, organizational flexibility,
and innovation potential of employees. Transformational
leadership is an established method of driving the human and
cultural change required to support digital initiatives to reach
their scalp in improving citizen services, efficiency in
operations, and competitive advantage on the national level.
Transformational leadership development should be among
the key strategic investments by the government leaders and
policymakers in the exploration of agile returns in the long
term in the form of innovation, agility, and eventually, the
fulfilment of digital government visions.

This research paper will add value to the body of existing
literature by empirically confirming the connections between
transformational leadership, employee innovation, and
organizational agility in the framework of UAE smart
government organizations. It builds on the previous studies by
illustrating that the influence of behavioral aspects of
leadership is fundamental in the transformation of digital
infrastructure investments into concrete innovation and agility
results.
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This study has a number of limitations despite its
contribution. The cross-sectional design does not allow causal
inference, and future research should consider longitudinal
approaches which provide a better capture of dynamic
relationship in the course of time. Also, it is recommended that
future researchers should use structural equation modeling to
better test mediation effects and increase the rigor of analysis.
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Abstract (Preparing a drilling program is a critical stage in oil
and gas well delivery, where engineers must define operational
parameters, anticipate geological conditions, and establish
appropriate risk control measures before drilling operations
begin. Traditionally, this process relies heavily on manual
analysis of offset wells, historical reports, and individual
engineering experience. While effective, such practices are time-
consuming and may lead to inconsistencies in planning quality,
incomplete knowledge transfer from previous wells, and
repeated operational issues such as non-productive time (NPT),
fluid losses, or stuck pipe incidents.

This research proposes an Al-enabled conceptual

framework for drilling program preparation that transforms
conventional manual workflows into a structured, data-driven
planning process. The framework integrates hierarchical offset
well selection, machine learning analysis, and rules-based
engineering governance to support systematic extraction of
historical drilling parameters and operational risks. Relevant
offset wells are automatically identified based on reservoir
similarity and spatial proximity, after which key planning
parameters and historical drilling events are analysed using
machine learning models to generate predictive insights and
recommended operational envelopes. A rules-based governance
layer ensures compliance with engineering standards,
regulatory constraints, and safety requirements while
maintaining traceability of decision logic.
The proposed framework functions as a decision-support system
designed to assist drilling engineers in developing consistent,
risk-aware drilling programs while preserving human oversight
and professional judgment. The study contributes to advancing
digital well planning by demonstrating how artificial
intelligence can enhance efficiency, knowledge transfer, and
planning reliability in complex drilling environments.)

Keywords: Artificial Intelligence in Drilling, AI-Driven
Well Planning, Offset Well Analysis, Machine Learning
Optimization, Rules-Based Governance, Risk-Aware Drilling
Programs.

L INTRODUCTION

Preparation of a drilling program is a preparative step in well
delivery (Al-Mudhafar, 2023), which entails engineers or
deciding on parameters of action, formation behavior and
defining risk controls before action. This practically relies
heavily on the review of the historical data on drilling,
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engineering guidelines and technical judgment. As the
drilling effect increases in both mature and complex
reservoirs so does the quantity of available well data that
complicates the extraction of key learning in a rapid and
reliable fashion. Most of the planning processes nowadays
are supplemented by hand search in the historic wells, report
analysis and adapting the learning to new objectives. This,
though efficient, method consumes time and is based on
personal experience which predisposes various QA/QC
procedures with the aim of eliminating any variation in the
quality of the programs. An organised way of storing the
experience of the past and presenting it in the form that can
be reused would improve the uniformity in the planning and
assist the engineer to apply the best practice in wells that
share  similar  geological and
(Mohammadinia, et al. 2025).

operating  history

The increasing capabilities of digital technology and data-
driven techniques provide an occasion to improve the early
stage well planning by structuring and interpreting historical
drilling data in a uniform way. It will allow engineers to gain
access to pertinent insight into operations more effectively,
enhancing the quality of the decisions and minimizing the
chances of overlooking essential risks.

IL. PROBLEM STATEMENT

The construction of drilling programs is still an art based on
reading the offset wells and relying on the interpretation of
the engineer resulting in uneven plans and repetitive lack of
lessons learned on the neighboring wells (Petrofac, 2024).
None of the systems will automatically identify the
appropriate offset wells regarding positions and reservoir will
recover the planning logic and document the issues like
losses, fractures or stuck pipe and generate a drilling program
that displays such findings (Amani, et al., 2024). As such,
known risks become re-discovered, instead of being avoided
and planning quality is built more on the experience of the
individual engineer on the experience of earlier wells.



11II. AIM, OBJECTIVES AND SCOPE
Aim

The thesis aims to develop conceptual framework and test an
Al based drilling program preparation that systematically
uses past data on offset wells, machine learning expertise and
rule based governance to increase consistency, traceability
and risk awareness during the stage of planning the delivery
of oil and gas wells.

Objectives

To achieve this aim, the thesis will attempt to achieve the
following objectives:

1. To study the structure of the preparation of the drilling
programs and the existing industry practice. It entails the
examination of the existing approaches to determining the
offset wells, extract planning parameters, and transferring the
historical risks, which are now determined by drilling
engineers, and checking the existing digital and Al-supported
planning approaches in literature and practice.

2. To understand and identify the key factors that need to
be incorporated in an Al-based drilling planning model:
Evaluate current Al- technology which can be streamlined in
the drilling planning system.

These elements are hierarchical offset-well selection logic,
historical parameter and risk extraction mechanisms,
appropriate machine-learning model roles (prediction and
optimization), and rule-based elements of governance that are
required to meet safety, standardization, and traceability.

3. To prepare a conceptual framework of the drilling
program preparation:The framework brings together the
proposed elements as an end-to-end planning process that
depicts the interaction of the offset-well data, AI models, and
engineering rules to create a consistent and risk-aware
drilling program and retain human control.

4. To test the framework created with expert review and
qualitative validation: The clarity, practicability,
completeness and the capability of the framework to improve
the quality of the planning are assessed by structured
feedbacks of drilling and well-planning professionals in
comparison with the traditional manual approaches.

Scope

The study is only limited to the well planning stage of drilling
operations and does not include real time optimization of
drilling, automated control and field implementation. It is an

67

abstract and procedural structure, it defines the logic of the
workflow, relations of data and model functions, yet it does
not include software code or field implementation.

The analysis assumes that the records of the historical offset-
wells of the same reservoir or a particular radius of space are
available and the company standards, regulatory and safety
restrictions are assumed to be the hard determinants that are
required to be incorporated in the model. It is aimed at aiding
and standardisation of the engineering decision-making
process, not to exclude professional judgment and to hold
people responsible.

Iv. METHODOLOGY

The chapter gives the research procedure that will be applied
in the preparation and testing of the proposed Al conceptual
framework of drilling program preparation. This chapter was
to address the research design, the procedure of data
collection and data analysis procedures. This research is a
theoretical research which does not presuppose the creation
of software and the introduction of field systems, hence, the
methodology is developed to extract the knowledge existing
in the literature and verify the framework suggested by the
researcher in the process of systematic cooperation with the
experts. The other ethical concern, which is considered in the
chapter, is the ethical considerations that are directed to
inform the research process ensuring that all professional
contributions are handled in a responsible and professional
way that meets the needs of the institution and industry.

The overall approach is a qualitative research paradigm,
which is appropriate in a study that emphasises exploration,
interpolation, and explanation of a complex phenomenon but
not quantifying and measuring it (Creswell and Creswell,
2018). Of interest to the context of the present research is the
way drilling engineers develop well programs basing on
historic data about offset wells and to what extent a
systematic, Al-aided framework is able to contribute to the
uniformity, traceability and risk awareness of the process. It
adopts a secondary research method as the key means of data
collection and the thematic analysis using NVivo figure4
software is taken. Such a combination allows the scholar to
conduct a systematic contribution according to the content of
the existing academic and industry literature, outline common
patterns and themes, and implement the findings on the
formation of the conceptual framework.



Systematic Literature Search

Figure 3 The PRISMA-guided literature selection procedure is represented
in the left bracket and the amount of exclusion at each phase. Colour coding
separates the research design (dark navy), data collection (blue) and
thematic analysis (green), the comparative

A. Ethics in Research

The importance of ethics in any research work is also
important in a study on human subject directly or on
secondary literature. Ethical consent has also been taken in
this study and agreed upon prior to the involvement of any
industry practitioners or taking any form of feedback. The
step will ensure that the research satisfies both the
institutional ethical standard and an interest to carry out
research in a responsible manner (Bryman, 2016).

Although the primary data collection in the specified research
will primarily rely on the secondary one, encompassing
journal articles, conference papers, and industry reports
published, the wvalidation stage of the framework will
presuppose the structured interview with the drilling and
well-planning specialists. During this stage, the suggested
framework will be presented to the participants in order to
provide feedback on its clarity, feasibility, and relevance to
the real process of planning. To protect the rights and the
interests of such participants, there are different ethical in
place. One, it is entirely voluntary and the participants may
leave any time without one stating the reason. Second, they
receive informed consent before any set of feedback is given
and the aim of the study is made clear, the data is being used
is also made clear and measures to guarantee the
confidentiality of the information are made (Saunders, Lewis,
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and Thornhill, 2019). Third, no personal data, proprietary
well identifiers and commercially sensitive data are obtained
during the consultation. The interaction is strictly confined to
the framework, reason, and viability of the proposed
framework against a specific operational data of a company
or an individual.

Other than guarding the participants, the study is also ethical
in regard to conscionable use of second-hand information. All
sources that were used in the literature review have been cited
and referred to as per the academic standards. All the
information is neither produced nor modified to support the
results and the evaluation is conducted in an open manner that
allows having an independent verification. Besides, the
proposed framework is presented as a decision-support
system, but not a decision-making system. This
distinctiveness is very important in that it ensures that the
professional responsibility and engineering judgment will not
be delegated to the framework and any automated process but
the human engineers. This is a moral stand that is maintained
throughout the process of conducting the research and all the
interaction processes captured in the documentation.

B. The Methodology

1.) Description of research Design

The research design used in the study is the qualitative and
exploratory research design. Exploratory design is applicable
in the case when the research objective is to explore the issue,
which is not completely covered in the literature and define a
new meaning or a model based on the available evidence
(Saunders, M., Lewis, P., and Thornhill, A. (2019)).
However, based on what is established in the literature
review, much of the aspects of machine learning to predict
the parameters of drilling, offset well analysis and rule-based
governance have been considered in isolation, but no current
literature has offered a systematic end-to-end process of
implementing all these in a single process of planning. This
ambiguity justifies an exploratory methodology that tries to
create such a framework at its fundamental basis basing on
the trends and findings suggested in the published works.

The research is based on both secondary and primary data.
The secondary data is provided by academic journals,
conference papers, and industry reports that are published.
The primary data is collected amongst drilling and digital
professionals through structured interviews and questionnaire
survey. The combination of the two kinds of data makes the
study more solid, since the secondary data give the theoretical
background, whereas the primary data help to verify the



practicality and usefulness of the framework in actual
operations (Creswell, J. W., and Creswell, J. D.). (2018)).

2.) Data Collection Methods
Secondary Data

The information utilized in this study is collected on the form
of systematic and structured review of the available scholarly
and industrial literature. The search strategy is based on the
PRISMA framework that offers a clear and repeatable way of
finding, filtering, and choosing the sufficient studies (Page,
M. J,, et al. (2021)). The databases utilized are the Scopus,
IEEE Xplore, the OnePetro and the ScienceDirect databases
which are the most notable databases to conduct research in
engineering and technology within the oil and gas industry.
Some of the search terms include the Al in well planning,
digital well planning, offset well analysis, machine learning
drilling parameters, Bayesian optimisation drilling, drilling
risk transfer and rules-based systems engineering, which are
the key word phrases.

The query on these databases gave out about 450 records.
After deleting 30 of the records that were noted to be
duplicates, the rest of the records of 420 were narrowed down
in regards to their titles and abstracts in order to ascertain the
relevance of the records to the research questions. Such
screening allowed cutting the 300 records to 100 that were
further narrowed down through reading their contents more
closely. The last category of the primary synthesis is a total
number of 26 studies that formed the foundation of evidence
of'the literature review and the development of the conceptual
framework (Vishnumolakala, N. (2022)).

The collection of the data was achieved by examining the
industry reports, the technical guidelines and white papers of
the large oil and gas operators and service companies besides
the journal articles and the conference articles. These sources
were rather convenient in providing the practical background
and real life examples to the academic literature and in
ensuring that the framework under consideration is grounded
in the practical reality rather than theoretical literature
(Petrofac.). (2024)).

Primary Data: Expert Interviews

The proposed conceptual framework was to be proven by
conducting structured interviews with industry professionals.
The sample population included the drilling engineers and
digital or Al professionals who were directly engaged in the
planning of wells and in making the operational decisions.
The interviews were structured i.e. all the interviewees were
asked the same set of questions and in the same order. The
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responses can be compared to the participants and the
strategy is similar (Bryman, A.). (2016)).

The interviews were also focused: they had to obtain the
expert feedback on the proposed Al-based drilling
framework. The participants were taken through the
framework diagram and requested to comment on the design,
logic and usefulness in practice. Two sets of professionals
were identified in order to find out the rationale behind the
decision of offsets, risk transfer procedure, and planning
output are pragmatic, reflect the actual operational needs and
digital or Al professionals, to find out whether the Al
components, including machine learning models and rules
engine, were sound in nature and well-built.

The interview questions were designed based on six key areas
namely, the logic of making the choice of the offset well,
automatic extraction of risks in line with daily reports on
drilling, preliminary recommendations of the parameters,
according to the Al, the rules-based governance engine, the
overall balance between automation and human control, and
the greatest risks or unaddressed aspects of the framework.
The purpose of the study was explained to all the participants
prior to the interview. Participants were volunteers and
anonymous. No proprietary information existed on the well
or company specific operation statistics of the company that
was sought which was well within the ethical considerations
in Section 3.2.

Primary Data Survey Questionnaire

In addition to the expert interviews, a structured survey was
dispatched to drilling engineers as a method of getting wider
feedback on the framework relevance in practice. The
questionnaire was developed to investigate their opinions
regarding ten key points in the suggested framework using
the five-point Likert scale of Strongly Disagree, Strongly
Agree. Drilling engineers who are familiar with well program
preparation also formed the target population.

This survey was administered online using Google Forms and
the target population was to get at least 25 drilling
professionals to respond to the survey. The acceptable
responses obtained were 22 which is considered reasonable
in such conceptual validation study. The responses are
analysed and presented in Chapter 4. The fact that both the
interview and survey methodology are combined ensures that
the framework is not merely tested in terms of the theoretical
standards, but also what the engineers that would be using it
would want it to be like (Saunders, M., Lewis, P., and
Thornhill, A. (2019)).



3.) Data Analysis Techniques
Thematic Analysis (Secondary Data)

The thematic analysis is a relatively trendy method of
qualitative research that encompasses recognition, coding
and elucidation of sense patterns in a data set through the
assistance of the information embodied in the literature
review (Braun, V., & Clarke, V. (2006)). The thematic
analysis is the most appropriate to the situation because it
does not permit the researcher to summarise the individual
researches but in the real sense, to develop the underlying
themes and the relationship between different pieces of
evidence that are intertwined. This is required to create a
conceptual framework since the framework must possess the
ability to synthesize the data of different disciplines in a
model of reasoning and system.

The thematic analysis that is used in the research is based on
the six-phase model by Braun, V., and Clarke, V. (2006). The
former is the familiarisation of the data by the researcher as
he reads and reads the documents he/she selected to have a
complete picture of the subject matter of the research. The
second one is that of formulation of initial codes that are short
names that reflect significant concepts or ideas in the data.
The third one is theme-hunting that involves clustering the
similar codes into higher-order themes. The fourth step
involves a revision and adjustment of the themes so that it is
consistent and can be used in the data. The fifth and sixth
steps involve defining and writing up of findings
respectively. Thematically analysis is conducted under
NVivo qualitative data analysis software (figure4) which
helps in the rigour and efficiency of thematic analysis
(Bazeley, P., and Jackson, K. (2013)).

Qualitative Content Analysis (Expert Interview)

The analysis of the responses of the expert interviews was
conducted using qualitative content analysis. All the answers
were read and coded based on the critical areas of the
interview questions. Where there was an agreement of the
professionals or similar issues were raised, that was pooled as
a common discovery. In cases where the specialists held
special or incongruent views, these were highlighted as
important nuances. The results of the interview are presented
in Chapter 6.

Descriptive Statistical Analysis (Survey)

Simple descriptive statistics are applied to analyse the survey
data. The figures and percentage of respondents who
provided each of the options as Strongly Disagree, Strongly

70

Agree etc. are ascertained and summarised against each
question. The overall tendency in the answers is used to find
out the agreement of the drilling engineers with the idea, that
the proposed framework is a solution to the real problems in
their current working process. This plan is in line with a
common use of survey information in engineering studies
where conceptual models are to be verified (Creswell, J. W.,
and Creswell, J. D. (2018)).

3.3.4 Interview Protocol, NVivo Validation, and Survey
Mapping

Interview Protocol

The interview protocol was designed to ensure that expert
feedback was directly connected to the proposed drilling
program framework rather than general views on artificial
intelligence. Each participant was first introduced to the
framework diagram and its main components, after which the
discussion was guided using structured questions focused on
key areas such as offset well selection, extraction of historical
risks, parameter recommendations, and the role of safety
rules. This approach allowed the researcher to evaluate each
part of the framework individually while maintaining a clear
link to the overall system. Two groups of experts were
involved, including drilling engineers and digital or Al
specialists, to capture both operational experience and
technical feasibility. All interviews were conducted face-to-
face, which enabled clarification during the discussion and
helped generate more detailed, experience-based insights.
This method ensured that the feedback was practical and
directly relevant to the development and refinement of the
proposed framework.

NVivo Validation

The interview responses and selected literature were analyzed
using thematic analysis supported by NVivo software figure
4. The coding process began by identifying key ideas related
to the research objectives, including data challenges, risk
identification, model application, and governance. These
codes were then reviewed and grouped into broader themes
that reflect the structure of the proposed framework. To
iimprove the reliability of the analysis, the coding process
was repeated and compared across different data sources,
including literature and expert feedback. Differences in
expert opinions were retained and considered as meaningful
findings rather than removed, as they highlight practical
challenges and limitations. This approach ensured that the
final themes were not only consistent but also grounded in
both theory and practice, providing a strong basis for the



framework design (Braun & Clarke, 2006; Bazeley &
Jackson, 2013).

Survey Mapping

The survey was developed to support the qualitative findings
by collecting feedback from a wider group of drilling
engineers. Each survey question was linked to a specific
component of the framework, such as challenges in offset
selection, difficulty in identifying historical risks, acceptance
of Al-generated recommendations, and the importance of
safety validation. This structured mapping ensured that the
survey results could be directly used to evaluate the relevance
and practicality of each framework module. By aligning the
survey design with the research objectives and framework
structure the responses provided targeted evidence rather than
general opinions.This strengthened the overall analysis by
confirming whether proposed framework addresses real
operational challenges identified by practitioners (Creswell
& Creswell, 2018).

C. Comparative Analysis

To further justify the methodology, comparative analysis is
added to the research design. Such methodology will be used
so as to make comparisons between the traditional, manual
approach to the drilling program development and the
proposed Al model. By the comparative analysis of these two
approaches, the study demonstrates that there are some areas
where the conceptual framework would add some value
particularly on areas of time efficiency, data consistency and
risk reduction.

The comparative analysis is made on the basis of three
criteria:

1. Process Consistency: When compared to a manual
interpretation by individual engineers, examination
of the variability of the manual interpretation is a
comparison with less heterogenecous output of a
rules-based Al selection.

2. Knowledge Transfer: Compared to the manual
process of locating the offset reports, the automated
collection of previous signal history (Amount of
mud loss in such a section, what type of BHA).

3. Auditability: Measuring the ease of the traditional
and proposed digital workflow with respect to the
capability of tracking the decisions applied to the
planning process to source data.

The logical rationale of the creation of the framework is
provided through this comparative strategy. It assists in
ensuring that the proposed solution does not transform into
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an easy technological supplement to the existing manual
procedures that are cited to be ineffective. The outcomes of
this comparison are the background of the validation stage in
Chapter 5.

V. ANALYSIS

This chapter interprets the evidence gathered for the study
and shows how that evidence answers the two research
questions. The conceptual findings in Sections 4.2 to 4.4
come mainly from Chapter 2, especially the themes on digital
well planning, hierarchical offset selection, machine learning
for drilling parameterand rules-based governance. The survey
findings in Section 4.5 come from the primary data process
described in Chapter3 where the questionnaire design,
respondents, and descriptive statistical approach were
explained. Chapter 4 therefore links
foundation in Chapter 2 the research process in Chapter 3,

the theoretical

and the framework developed in Chapter 5.The analysis
indicates that the proposed framework is not centred on
automation alone. It addresses a practical planning difficulty:
drilling engineers often spend valuable time searching for
offset wells, reviewing old reports, and trying to recover
lessons that already exist but are not organised for quick
reuse. The findings point to three needs: better offset
selection logic, better data structure, and stronger governance
over Al-generated outputs. In addition, qualitative insights
from the literature and survey responses were supported
through thematic structuring using NVivo, which assisted in
identifying recurriing patterns related to offset selection, data

challenges, and governance requirements.

Figure 4 Word Cloud

A. The Industrial Need and Conceptual Foundation

The analysis of the research codes revealed that industrial
demand was too much on the need to move towards the
"Smart Oilfield." The statistics show that much is already
being wasted within the industry by wasting invisible time,
lack of data of experts. According to Williams (2022), the
inability to identify high-quality labeled datasets is also the



initial impediment to improving the application of Al to
engineering design as discussed in chapter 2. In addition,
according to the research by Adjei (2025) and Sircar (2021),
discussed in chapter 2. Manual planning is no longer
sufficient in the depth of the contemporary reservoirs.
According to the statistics, even such giant players in the
market as Shell and Chevron have already achieved
efficiency gains of up to 130 percent through the
implementation of Al-enhanced optimization models. The
most interesting outcome of this analysis is also the role of
the professional that is also changing, as defined by Koroteev
(2021) as the transformation of the engineer. The data refer
to the fact that Al does not replace the engineer but rather
only alters his or her work to the extent where he/she can now
be an Al manager and be capable of focusing on making the
high-level decisions, rather than data searching with a great
deal of effort chapter 5.

B. Data Integration and Hierarchical Connectedness

To provide answers to the first research question on how
offset wells are systematically utilized, data identification and
processing had been analyzed. This information verifies that
scientifically most reasonable procedure to select hierarchy
offset is the one, which is unable to discriminate the similarity
of reservoirs and subsequently the provisions of spatial
radius. It is essential to mention that to execute an Al
structure, Williams (2022) indicates that the historical report
must be transformed into machine-readable forms and
standard forms of metadata as discussed in chapter 2. Without
this transformation, Al systems cannot effectively analyze
historical failure of operations (stuck pipes or circulation
losses). The other notable finding of the analysis was that
there was an urgent need of what is referred to as a cyber-
physical pathway. This programming fibre links the planning
document with the actual real-life rig protocols and hardware
interfaces. Khan (2025) explains that the adherence to
technical standards like the WITSML and OPC-UA would be
a viable solution in ensuring that the parameters that were
employed during the planning phase would be compatible
with the physical rig equipment at the wellsite.

C. Artificial Intelligence Regulations of Governance
and Modeling

To respond to the second research question that is regarding
consistency and quality the analysis took into account
interaction between machine learning and engineering rules.
The facts point to the fact that the combination strategy is
superior to the application of single algorithms.
Mohammadinia (2025) states that Gradient Boosted Trees are
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highly fruitful in the role of learning models to predict the
speed of penetration, whereas on the one hand, reinforcement
learning and Bayesian Optimization is required to keep these
parameters within the harmless work ranges as discussed in
chapter 2. A critical implication is that Al cannot be
implemented to manage safety related operations in the oil
and gas sector by itself. It demonstrates that a rules-based
engine of governance must be considered the last gatekeeper,
as demonstrated by Mertiri (2025) and Gao and Sun (2023).
This engine applies corporate safety standards and regulatory
limits that provide the traceability and structural
completeness that a manual program may not provide.
Besides, the threat of algorithmic bias and conceptual drift is
also detected in the process of analyzing Povooas (2025),
hence the need to monitor the model at all times to maintain
the model structure as both ethical and technically sound over
an extended period.

Table 1Comparative synthesis of literature findings and implications for the
proposed framework

Theme Evidence drawn | Main limitation | Implication for
from Chapter 2 in prior studies Chapter 5
framework
Digital ~ well | The review linked | Most studies | The framework
planning Al adoption to | describe  digital | should be
efficiency, reduced | progress broadly | presented as a
NPT, and better use | but do not convert | practical planning
of historical | it into a full | system,notonlya
knowledge. planning technical idea.
workflow.
Offset Relevant  studies | Manual selection | Offset wells
selection supported reservoir- | remains subjective | should be ranked
based relevance | and many studies | by reservoir first
before simple | stop at analogue | and distance
proximity. identification. second before
downstream
analysis begins.
Prediction and | The literature | Most models | Al modules
optimisation justified the use of | address one task at | should support
predictive ML | a time and are not | parameter
together with | connected to the | estimation and
optimisation under | final planning | optimisation, but
constraints. document. as part of one
linked workflow.
Rules-based Several studies | Governance is | A rules engine
governance argued that safety- | often  discussed | should
criticaldrilling conceptually and | checkrecommend
decisions  require | not embedded into | ations against
explicit engineering | model outputs. standards before
rules. engineer review.

D. Comparative Synthesis:

The comparative logic outlined in Chapter 3 explains why
this matters in practice. Manual planning can still produce
strong results, but quality depends heavily on who performs
the work, how much time is available, and whether historical
lessons are located and interpreted consistently. A governed



Al-supported workflow does not remove engineering
responsibility, but it reduces variation in selection, extraction,
and checking.

E. Survey Results

A survey was developed to supplement the secondary
literature analysis by interviewing drilling engineers on their
perception of the problem of the existing manual planning
process and whether the proposed Al framework would solve
the problems. The questionnaire had ten items with a five-
point Likert scale. Professionals in drilling were surveyed and
gave 22 answers. Below, the findings will be summarized
into three themes, namely, the current issues in manual
planning, the practicality of particular features of framework,
and the general worth of the framework.

1) Existing Problems with Manual Planning

Question 1: Minutes spent in searching data manually

The respondents were required to answer questions on
whether they take a lot of time manually searching and
examining historical offset well data. The results showed that
8 respondents Agreed and 8 Strongly Agreed bringing the
total agreement to 72.7 percent. Strongly Disagreed and
Disagreed only 4 and 1 respectively. This is in support of a
direct and consistent literature conclusion: data hunting
becomes a factual load and a time-consuming cost to the
drilling engineers.

- Strongly Disagree
- Disagree

- Neutral

- Agree

- Strongly Agree

Figure 5 Searching data manually
Question 2: The subjectivity of the selection of offset wells.

Responding to the question of whether not or whether or not
the selection of offset wells is subjective and may vary among
the engineers when selecting the same new well, 11
respondents Agreed and 4 Strongly Agreed and gives an
agreement rate of 68.2. There were only 6 Disagreed and 1
was Neutral. This is to advance the argument that there is
inconsistency in the current manual process, and that there
exists a need to have some form of structured selection
hierarchy. This is an observation that is consistent with the
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problems raised in the literature where manual planning is
extremely reliant on individual experience and judgment.

- Strongly Disagree
- Disagree

- Neutral

- Agree

- Strongly Agree

Figure 6 s=Selection of offset wells
Question 3: Difficult to get historical risks

The respondents were questioned on whether it is difficult to
systematically draw out major risks like stuck pipe or
circulation losses that were reported in the past in a new plan.
This was the highest rate of consensus of all questions to be
challenged: 11 Agreed and 7 Strongly Agreed with the
overall agreement rate being 81.8%. The number of
Disagreed and Neutral was only 3 and 1 respectively. This
result directly confirms one of the main issues that this study
will address, and coincides with the literature finding that the
risks that have been identified are rediscovered rather than
avoided during the planning stage.

- Strongly Disagree
- Disagree

= Neutral

- Agree

- Strongly Agree

Figure 7 Historical Risks

2) Applicability of the Specific Frameworks Features

Question 5: Automatic risk flagging on the daily drilling
reports

The participants were asked to answer questions regarding
usefulness of the automatic flagging of historical risks
involved in daily report work at various depths of a new plan.
10 Agree and 8 Strongly agree, with 81.8% total agreement.
4 Discords and no one was a Neutral type i.e. there was no
gray zone between the two extremes i.e. respondents either
agreed or disagreed on this feature. This is a strong result that
supports the value of the NLP founded risk extraction
component of the framework.
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- Disagree

- Neutral

- Agree

- Strongly Agree

Figure 8 Automatic Risk Flagging

Question 8 Liberating engineers to concentrate on judgment
and not data

Since the respondents were inquired about whether an
integrated workflow would allow them to spend more time
on engineering judgement and less on data hunting, 9
Strongly Agreed and 8 Agreed, which amounts to 77.3% of
the respondents agree. 4 dissented and 1 was Neutral. The
observation would align with the thesis statement that Al
should be used to assist, but not replace, the engineer and
represents the overall trend in the industry as described in the
literature of human-Al planning, and not full automation.

- Strongly Disagree
- Disagree
- Neutral

40.9%

- Agree
- Strongly Agree

Figure 9 Liberating engineers to concentrate on judgment
and not data

Table 3 Summary of Survey Findings

% Agree
or

Strongly
Agree
1 Time spent on manual data hunting | 72.7%

Subjectivity in offset selection 68.2%

Difficulty extracting historical | 81.8%
risks
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4 Hierarchical offset ranking tool 77.3%
Auto-flagging historical risks 81.8%
Al-generated parameter | 81.8%
recommendations

7 Auto-verification against safety | 81.8%
rules

8 Focus shift to engineering | 77.3%
judgment

9 Traceable outputs for audit 77.3%

10 Overall improvement in planning | 81.8%
quality

VL PROPOSAL FOR AN AI-ENABLED
FRAMEWORK

Even though, the proposed framework is hypothetically
developed to be inclusive of all the twelve technical areas
required by a drilling program- this study narrows down to

three key areas of high impact. The specific modules are
selected to provide the study with a direction and ensure that
the research approach becomes narrowed down and can be
measured and qualified in line with the available manual
provisions.

The area of central focus in this study is:

e Automated Offset Well Selection: Replacing
manual searches (that are subjective) with a
hierarchical and multi-criteria similarity analysis.

e NPT and Risk Extraction of Daily Operations
Reports: Replacing active planning (reading past
programs) with a proactive step, which is reading
daily operational reports and learning what past
problems (e.g. stuck pipes, losses) actually happen
that will not be reflected by the planned programs.

e Optimized Casing and Mud Program Design:
Bayesian Optimization and Machine Learning to the
two most significant technical elements of the
project to ensure that they are coordinated and safe,
which are now highly diverse between the engineer-
to-engineer.

These three areas will enable the study to quantify the
benefits on time savings, consistency on the basis of the data
and the risk awareness compared to the more traditional
manual-based practices with the highest degree of accuracy.



A. Framework Development

Al Back-End Multi-stage Processing Workflow

By the framework architecture of the AI back-end, it is
processed on a multi-stage processing pipeline with structure.
One stage is fed on some input data and the output data feeds
on other stages and downstream planning modules. The
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Figure 1 Framework

workflow is as follows:
Input Stage: Data Ingestion:

The engineer feeds the target well position figures (latitude,
longitude), significant reservoir factors like porosity (P),
temperature (T) and depth (D) and a search radius about the
target (e.g. 500 metres). The Al back-end is triggered by the
inputs that are entered into the system.

Stage 1: Geological Algorithm and Offset Well Selection:

The algorithm is hierarchical reservoir-matching algorithm
that initially consults wells within the identical geological
structures and reservoir characteristics and the spatial radius
filter ranks the offset wells based on their distance. This will
form a geologically and operationally most relevant
standardised list of the offset wells (AWE -Automated Well
Evaluation Preparation).

Stage 2: Data Extraction and Calculation of parameter:

Depending on the offset wells, which will be picked, the
system will retrieve the past drilling parameters that include
casing logs, completion logs, formation tops and performance
indicators of the undertakings. Systematic calculations that
give the most important calculations (count of returns, casing
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setting depths, and pressure gradients) are made on the basis
of extracted data.Stage Stage 3: Mud Weight Inquiry and
Well Control Test:

The framework questions the historical mud programmes of
the similar offset wells, retrieves the mud systems, which
were most performing, and cross verifies mud weight
propositions against pore pressure forecasts and fracture
gradient forecasts to ensure that there are adequate well
control margins.

Stage 4: Comparison and Check of Completeness and
Planning Sheet Generation:

All the parameters that have been extracted and optimised are
summarised into one planning sheet. It carries out a
completeness check of the twelve required sections of a
standard drilling programme and where the information is
insufficient or where there is need to apply engineering
judgment is denoted. The result is a Decision Report that
internalizes the Al suggestions and historical evidence of the
suggestions.

B.  Problem Implementation and Simulation Step
DDR-Based

Parallel to the multi-stage pipeline, the framework also
executes another special Daily Drilling Report (DDR)
analysis module. This module is linked with the historical
database of DDRs of the selected offset wells and applies the
algorithms of Natural Language Processing (NLP) to the
identified issues that had been registered, the NPT events, and
the operational problems on specific depths and formations.

The problems mentioned are classified and ranked by type
(stuck pipe, losses, kicks, equipment failure), depth interval,
and formation and overlaid onto the new-created well plan as
automated risk flags. This is the Simulation Stage of the
framework because the Al models the potential problem
areas, by superimposing the data of the past occurrences over
the intended well path.

Feedback Loop Mechanism

The feedback loop is extremely important element of the
framework as shown in the architectural design. When
drilling programe is implemented and actual drilling of the
well is in progress, the real data of operation: the final Daily
Drilling Reports, the actual costs and the time it took to
complete, the number of the NPT events incurred is inputted
into the database of the historical data. This feedback
enhances the data to be employed in the future in an offset
well query so that the Al models can evolve to the current



operational outcomes and continue to enhance the
accurateness of the predictions and recommendations to the
future wells of the identical field or formation.

C. 5.3 Offset Well Selection

Manual Practice: The engineers search through databases of
historical wells records, manually, finding the offset well in
terms of personal knowledge, position and available records.
It is also time-consuming and fails to provide similar results
among engineers hence reference wells selection to the same
planned site is not uniform.

Al Conversion: The structure will entail automated and
hierarchical well offset well selection module where queries
of initially wells in the same reservoir and then followed by a
determined spatial range is sought and interrogated in case
the wells are not located in the determined spatial range. It
will also ensure that the individual requirement is never
adopted to determine the most geologically and operationally
viable wells (Feng and Han, 2015). The engineer puts in the
target well coordinates and a search radius (e.g. 500 metres)
and the Al back-end Stage 1 algorithm delivers a ranked list
of offset wells filtered by reservoir match and spatial
proximity which is directly inputted to all downstream
planning modules.

D. Casing Design Parameters

Manual Practice: Engineers can determine the casing setting
depths, size, grade, and design loads by manual calculation to
burst, collapse, and tension basing their decision on the
calculated profiles of the expected pressure and the
anticipated downhole condition. Various safety factors or
design assumptions can be used by every engineer.

Al Conversion: The model input is the parameters of casing
design of successful offset wells under the same pressure and
geological setting, and it applies Bayesian Optimisation to
determine optimal casing designs within safe operating space
provided by company and

guidelines. The rules

specifications regulatory
engine uses minimum design
requirements and complete structure checks to provide
recommendations to the engineer (Teixeira and Secchi,

2019).

E. Drilling Mud Program

Manual Practice: The engineer determines the requirements
made by the mud weight, the fluid that will be employed,
specifications of the treatment and even compatibility with
the equipment by examining the formation properties, the
anticipated pressures, and having a previous experience with
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similar formations. The choice is normally determined by the
personal preference and a prescribed understanding of the
application of particular mud systems.

Al Conversion: The systematically accessed mud program
data of the offset wells, which drilled in the same formations,
which mud system had the highest success according to the
hole stability and effectiveness of drilling, and suggests the
most desirable mud properties, according to the machine
learning models. The governing rules are such that rules of
the recommended mud weight ensure that there is an
adequate well control margin without fractured formation
strength (Al-Rubaii et al., 2023). The module relates to Stage
3 of the AI back-end pipeline where the queries of mud
weight are compared with the pressure prediction queries of
Stage 2.

F. 5.6 Bit Selection and Hydraulics

e Manual Practice: The choice of the bit is made
according to the performance record of the
neighboring wells, formation drillability, mud
system compatibility and directional requirements.
The computation of hydraulics of annular velocity,
Bit horse power hydraulic and jet impact is
performed manually.

e Al Conversion: The model is anchored on the
historical record of bit performance on offset wells
and is used to predict the type of bit most suitable
and each section of the hole hydraulics. The Rate of
Penetration of different combinations of bits and
parameters is estimated with the help of Gradient
Boosted Trees and the maximisation of the number
of parameters leading to the safe drilling operation
is determined through the application of Bayesian
Optimisation (Mohammadinia et al., 2025).

G. NPT Prevention and Risk Identification

e Manual Practice: At present engineers primarily
examine the completed " Drilling Programs of past
wells to identify risks. But these programs do not
portray what happened but what should have
happened. In case an issue such as a clogged pipe
arose, it could be buried in a mountain of thousands
of pages of handwritten or typed Daily Drilling
Reports (DDRs). This is Active Planning--it adheres
to a plan but it usually lacks real life challenges that
are encountered by the former crew.

o Al Conversion: Natural Language Processing (NLP)
is used to convert the framework to Proactive



Planning. NLP is an intelligent technology based on
Al that is capable of reading and comprehending
thousands of Daily Drilling Reports within several
seconds. The AI does not examine the old plan but
scans the real-life comments of past engineers on a
daily basis to determine where and why Non-
Productive Time (NPT) occurred.

When these lessons learned are discovered based on real
world information on a daily basis, the system automatically
recognizes threats like specific depths in which the company
incurred a loss and immediately inserts them into the new
program. This would ensure that the engineer would be made
aware of the actual facts of history and not optimal plans and
the new well would be much safer (Salem et al., 2022). This
module is based on the DDR historical database and supplies
its results to the Simulation Stage where the NPT patterns
identified are overlaid on the planned well path as depth-
specific and formation-specific risk indicators.

H. 5.8
Governance

Human controls and Regulatory

The most critical thing about the proposed framework is that
all outputs obtained by an Al are processed by a rules-based
governance engine, which is presented to the drilling
engineer. Such an engine will also make sure that the
company drilling standards, regulatory requirements, and
safety constraints are followed. It also does structural
completeness to determine that all the required areas of
drilling program are addressed. The framework does not give
final rulings and does not pursue any business. All the outputs
should have their recommendations revised, approved or
modified by qualified engineers who shall be fully
accountable of the professional responsibility in the final
drilling program. This is the extent of governance by the
proposed framework, as compared to the full autonomy
systems, and ensures that the benefits of Al are realized in a
regulated and auditable engineering scenario (Arinze et al.,
2024).

I. 5.9 Problem Solution Workflow and Decision
Report

The framework leads to a Decision Report that is the
compilation of all Al-generated recommendations, historical
data, and risk flags into a report that is now ready to review
by the drilling engineer. The Decision Report will include:

e Ranking of offset well locations on justification
statistics (reservoir match score, distance)
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e Past confidence intervals of the expected drilling
variables.

e NPT risks that were identified were used on the
depths and formation of the planned well.

e The recommended solutions to the mentioned
problems are pegged on the successful mitigation
procedures articulated in the historical DDRs of the
same offset wells.

e KPI projections like days to complete projections,
cost forecasts which were compared against offset
wells actuals.

The engineer will discuss the Decision Report, make a
professional  decision approve /
recommendations and sign the final drilling programme. Any

and amend the
alterations as may be made by the engineer are documented
to allow the engineer to trace them and are sent back into the
system to feed the later suggestions.

VII. DISCUSSION AND THEORETICAL
IMPLICATIONS

A. From Fragmented Al Point Solutions to

Integrated Rule-Based Governance

This paper shows that there is a need to be developed in terms
of the application of digital technology in the drilling sector.
Historical artificial intelligence and machine learning in
drilling have been considered point solutions, meaning, one
specific task, i.e. the rate of penetration, or when a pipe is
stuck. Even though these tools are very helpful, they are at
times isolated and the engineers have to fill the gap between
the various results manually. This conceptual framework
created in this study is dynamic and thus changes this by
providing an umbrella design due to which these individual
tools are co-ordinated. The validation phase discussion with
the industry authorities confirmed that the true value of Al
should not be limited to its predictive capacity, but should
have the capacity to organize and present the past in such a
format which can be acted upon by an engineer in the
planning capacity in an immediate manner.

One of the most important lessons that were made during this
work is the importance of the hierarchical offset selection
logic. The existing analog planning theories suggest that
proximity is the major consideration to be made when
choosing offset wells. Yet this framework was developed and
constructed and indicated that the geological relevance,
which is the connectivity of reservoirs, must be viewed as the



priority of what simple geographic distance can provide. This
provides a twist into the traditional neighbor proximity
strategy. Paying attention to the wells that lead to the same
reservoir, the Al framework will be capable of making the
parameters proposed by the Al framework, such as the mud
weights and depths of the casing reliant on the most relevant
physical conditions, rather than on the closest values
available. It was found that this hierarchy reduces the noise
of irrelevant data that is a common problem in mature fields
where hundreds of wells can be located within a small area.

Besides, a rules-based engine of governance also addresses a
key theoretical gap in Al-based studies. Majority of machine
learning models have been criticized as black boxes where
the logic behind a prediction can be not seen. A black-box
solution is not accepted by the top management in such a
high-stakes situation as the oil and gas drilling, when one
misstep can lead to the environmental disaster or the loss of
money on a massive scale. This is replaced by the structure
discussed herein, which has an open rules engine as the final
filter. This causes any Al-generated suggestion to be checked
against a predetermined safety standard and regulation. It has
a two-layered model that is rooted in machine learning to
optimize and rules to be safe; it is new and trustworthy. It is
also aligned with the idea of human-in-the-loop Al in which
the technology will act as a complement to the expert, rather
than replace him or her.

To further support the discussion quantified estimation of the
expected performance improvements of the proposed
framework is presented. Based on survey findings and expert
feedback, the framework is expected to reduce drilling
program preparation time by approximately 30% to 50%.
This is mainly due to automation of offset well selection and
structured extraction of historical data which addresses
inefficiencies commonly associated with manual data
searching and report review (Rahman et al., 2023; Petrofac,
2024). In addition the framework is expected to improve
planning completeness and consistency by approximately
20% to 30% as the rules based governance layer ensures that
all required elements of the drilling program are
systematically validated rather than depending on individual
experience (Gao & Sun, 2023; Arinze et al., 2024).

From a risk management perspective the integration of
automated extraction of historical events from Daily Drilling
Reports is expected to increase early stage risk identification
by approximately 40% to 60%, particularly for non
productive time events such as stuck pipe and losses. This is
consistent with previous findings that highlight the lack of
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systematic risk transfer in conventional planning workflows
(Amani et al., 2024; Salem et al., 2022). In a simulated
planning context, this would lead to a higher probability of
identifying known failure zones before execution, reducing
the likelihood of repeated operational issues. Although these
values are based on conceptual estimation rather than field
implementation, they provide a realistic indication of the
framework’s expected impact on efficiency, quality, and risk
awareness.

To further demonstrate the alignment between the research
problem, objectives, and research questions Table4 provides
a structured mapping of how each element has been
addressed throughout the thesis.

B. 6.3 Reflection on Research Questions

The initial research question was how the use of the offset
wells in a typical reservoir or a certain radius could be
concerned in the planning parameter and risk determination
in a systematic manner. The paper found that the most
appropriate of this is by a hierarchical selection process. The
framework is able to automatically create casing points, mud
weight envelopes and historical non-productive time events
first of all, by filtering on the basis of the reservoir and
secondly by filtering on the basis of spatial proximity. The
study has shown that the omission of lessons present in the
manual planning is avoided by the planned extraction. The Al
can also make all of the historical events visible and offer
them as a risk annotation, which would not happen in case an
engineer would not look at a report that was written five years
ago. It is an answer to the first question because it provides
an automated logic of transferring data.

The second research question was what was the degree to
which a structured framework is more superior to manual
preparation in terms of consistency, traceability and quality.
The comparative analysis and the analysis of the experts
made it possible to determine that the improvement is
significant. No one is also objective as manual planning
because the same data on offsets may be interpreted
differently by the various engineers depending on their
experience. The homogeneityof the reasoning is introduced
by the Al system. As the system uses the same rules and
algorithms on all wells, the programs obtained in the process
would be the same in all parts of the organization. There is
also a high amount of traceability. The tendency in manual is
that an individual may not be aware as to why a certain
amount of weight of mud was chosen. In the proposed
scheme, all the parameters are linked to either a specific
offset well or a rule to be followed, and therefore there would



be an evident audit trail. This determines the fact that the
framework to a great extent enhances the standard and
dependability of the drilling program.

C. Integration of Primary Data Findings

1) Expert Interview Findings

The structured interview conducted with a drilling expert
gave first hand practical feed back on the framework
proposed. The general evaluation of the expert has proven to
be positive and there is proof that the framework was well-
organized and comprehensive. However, some of the key
observations were made that have shaped the final version of
the framework.

The expert accepted that hierarchical offset selection strategy
is more reliable and justifiable since by this method, first
hierarchically by reservoir, and then hierarchically by spatial
proximity, removes the more tedious and arbitrary existing
selection techniques, which are manual. This goes to the point
of directly confirming the Research Question 1 that needed to
determine the way the utilization of offset wells can be
conducted in a systematic manner in order to obtain planning
parameters and risks. The hierarchical organization was
described to reduce bias, make the logic of selection
transparent or easier to be explained during the peer review
or audit. This is in line with the literature argument that
relevance of reservoirs be accorded a higher priority than that
of the geographic distance when selecting offset wells.
(2023).

Answering the question whether it is possible to scan daily
drilling reports using Natural Language Processing and
determine whether some issues have been detected before at
some depths, the professional stated that such a measure
would go a long way in eliminating the repetition of
problems. The history of the many issues is already captured
in reports and they are rarely reconsidered systematically in
the planning process. This is because when these risks are
seen in the planning process and not found in the
implementation, institutional learning and risk mitigation is
improved. This corroborates the findings of the literature
according to which the systematic transfer of risk based on
the information of offset is among the most significant
missing links in the traditional planning processes (Amani,
M., et al. (2024).

On Al-generated initial parameter recommendations, the
expert accepted that there is high value in offset performance
successful to create initial recommendations on casing points,
mud weights, and bit selection. The expert, however, noted
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that such outputs can be regarded as preliminary assumptions,
as opposed to the final engineering decisions particularly in
cases where there is geomechanical complexities. This
substantiates the selection of the framework design to make
Al outputs present itself as recommendations that can be
discussed by the engineer rather than as solutions. (2023).

The Al expert confirmed that the automatic checking against
the company standards and safety envelope of Al findings
would significantly increase the consistency and reduce the
chances of the presence of loopholes in compliance that can
be achieved due to time constraints. This takes the work of
engineers out of the normal compliance check as far as higher
level engineering judgment where human expertise can add
the most value. This is in line with the literature that proves
the existence of a required rules engine to support safety
constraints and provide traceability in Al-assisted planning
(Al-Dushaishi, M. F., and Al-Sofi, H.). (2025).

Data quality and contextual interpretation was also the most
significant risk of the framework as determined by the expert.
The language of Daily Drilling Report might be incoherent,
incomplete, or vague. Inability to explain clearly the
confidence levels, assumptions, and gaps in the data in the
system may lead to excessive trust in the system outputs by
engineers. This feedback is now socialized in the framework
design that now obviously requires transparency indicators
and Al-generated advice.

Some of the structural recommendations that the specialist
gave included restructuring the arrangement of the elements
of the framework. The specialist suggested the following
Al Recommendations -Rule-Based
Governance -Engineer Review - Final Program. This ensures

correct flow to be:

that the engine of governance is used as a filter to the engineer
looking at the output and not as a parallel or secondary
process. This conducted in a systematic manner in order to
obtain planning parameters and risks. The hierarchical
organization was described to reduce bias, make the logic of
selection transparent or easier to be explained during the peer
review or audit. This is in line with the literature argument
that relevance of reservoirs be accorded a higher priority than
that of the geographic distance when selecting offset wells.
(2023).

Answering the question whether it is possible to scan daily
drilling reports using Natural Language Processing and
determine whether some issues have been detected before at
some depths, the professional stated that such a measure
would go a long way in eliminating the repetition of
problems. The history of the many issues is already captured



in reports and they are rarely reconsidered systematically in
the planning process. This is because when these risks are
seen in the planning process and not found in the
implementation, institutional learning and risk mitigation is
improved. This corroborates the findings of the literature
according to which the systematic transfer of risk based on
the information of offset is among the most significant
missing links in the traditional planning processes (Amani,
M., et al. (2024).

On Al-generated initial parameter recommendations, the
expert accepted that there is high value in offset performance
successful to create initial recommendations on casing points,
mud weights, and bit selection. The expert, however, noted
that such outputs can be regarded as preliminary assumptions,
as opposed to the final engineering decisions particularly in
cases where there is geomechanical complexities. This
substantiates the selection of the framework design to make
Al outputs present itself as recommendations that can be
discussed by the engineer rather than as solutions. (2023).

The Al expert confirmed that the automatic checking against
the company standards and safety envelope of Al findings
would significantly increase the consistency and reduce the
chances of the presence of loopholes in compliance that can
be achieved due to time constraints. This takes the work of
engineers out of the normal compliance check as far as higher
level engineering judgment where human expertise can add
the most value. This is in line with the literature that proves
the existence of a required rules engine to support safety
constraints and provide traceability in Al-assisted planning
(Al-Dushaishi, M. F., and Al-Sofi, H.). (2025).

Data quality and contextual interpretation was also the most
significant risk of the framework as determined by the expert.
The language of Daily Drilling Report might be incoherent,
incomplete, or vague. Inability to explain clearly the
confidence levels, assumptions, and gaps in the data in the
system may lead to excessive trust in the system outputs by
engineers. This feedback is now socialized in the framework
design that now obviously requires transparency indicators
and Al-generated advice.

Some of the structural recommendations that the specialist
gave included restructuring the arrangement of the elements
of the framework. The specialist suggested the following
correct flow to be: Al Recommendations -Rule-Based
Governance -Engineer Review - Final Program. This ensures
that the engine of governance is used as a filter to the engineer
looking at the output and not as a parallel or secondary
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process. This repositioning has found its reflection in the new
framework diagram in Chapter 5.

2) 6.4.2 Survey Results and Implications

The general quantitative confirmation of the framework is the
survey results of 22 drilling engineers. The overall mean
agreement was approximately 78 in all ten questions and no
question had lower average than 68. These results provide a
substantial support that the framework will discuss real
operation loopholes identified by practising engineers.

The results confirm the validity of the data hunting problem
in that 72.7 percent of the participants have affirmed that they
devote a lot of time in the manual search of past offset data
as discussed in chapter 4. This goes hand in hand with the fact
that in the literature it is observed that drilling engineers
spend disproportionate time of their planning time in finding
offset wells and reading old reportages instead of conducting
engineering analysis. (2023)). The fact is that, the subjectivity
of the offset option was confirmed by only 68.2 percent of the
respondents, which is the lowest of all questions as shown in
chapter 4. It is an implication that engineers are mostly aware
of the inconsistency problem, but can think that their personal
practice is consistent enough. This is among the potential
adoption barriers: engineers who think that they do a good
and efficient job will be less motivated to have different
attitudes.

The maximum consensus of 81.8% was reached in four
features, i.e. automatic extraction of historical risks,
parameter recommendation defined by Al, automatic
checking of safety rules, and the idea of the overall
framework. The fact that most of the respondents agreed with
the safety rule checking option almost unanimously (81.8 per
cent agree, zero neutral) is the evidence that this tier of
governance is not only theoretically correct but is sought after
by the practitioners in practice. This confirms the literature
observation that a rules engine offers the structural
completeness and traceability that is not available to manual

planning at the moment. (2023).

VIL IMPLICATIONS FOR PRACTICE AND

FUTURE RESEARCH

There is a need to have a good appreciation of the weaknesses
and the strength of any solution proposed to re-align the oil
and gas industry between the abstract theory and the
implementation in the real world. This chapter will give the
practical implication of the study on energy companies and
drilling engineers based on the findings of the literature



review, the professional interview and the survey of the
drilling experts. It also outlines the limitations of the study
that was conducted and gives suggestions on how the
limitations can be overcome. Lastly, the chapter presents the
possible future research directions which may involve the
creation of a functional software prototype and the
incorporation of real-time drilling data into the planning
process.

A. 7.2 Implications for Practice

The results of this study have direct and obvious implications
on the drilling teams and digital transformation leaders in oil
and gas organisations. The hypothesis that there is a high
level of practical demand among the engineers who would be
the users of the proposed structured Al-assisted planning tool
is proven by the results of the survey which showed that on
average 78 percent of the interviewed believed that the
proposed framework features would be valuable to their
work. (2023)). The highest scores of the agreement were
achieved in automatic risk extraction of daily drilling reports,
automatic recommendation of parameters by Al and
automatic checking of safety This  informs
organisations that it is these three features that need to be

rules.

given priority in every implementation roadmap.

The expert interview affirmed this by confirming that the
greatest real-life benefit of the framework that would be
realized fastest would be the removal of time spent on hunting
data to enable the engineers to redirect their efforts to a more
advanced level of technical analysis and judgment. The
expert also noted that the traceable audit trail that the
framework  would behind linking all the
recommendations to their source data, ML output, and rule of
governance would make programs far simpler to audit and

leave

justify in the peer review or regulatory audit. This traceability
aspect is adequate in organisations where the circumstances
are highly regulated to signify a profound improvement in the
current manual documentation procedures (Al-Dushaishi and
Al-Sofi, 2025).

The framework can also offer an efficient model of
uniformity of quality of planning between locations and
teams to digital transformation leaders. This is because the
same selection rules and algorithms will apply to all the wells
hence the quality of output will not depend on the level of
experience of the specific engineer who will be sent to work
on the assignment. It is particularly applicable in those
organisations, which have many fields/region coverage and
cannot easily be consistent in planning through manual means
(Petrofac, 2024).

81

B. 7.3 Limitations and Recommendations

Although the proposed framework has its strong sides, a
number of limitations should be mentioned. To begin with,
the framework is theoretical and methodological nowadays.
It is a description of the logic of the working process, data
interactions, and model roles, not working software code or a
user interface. This means that its practical implementation,
when time limits and incomplete information are involved,
and complex geological conditions, are not yet practical.

The framework assumes that historical well files are
electronic format, reasonably complete and in a regular
format. Practically, the older well records might only be in
the form of manual reports or of low quality scans, which
cannot be processed by the Al systems without a lot of pre-
processing. This was the greatest threat to the success of the
framework that the expert interview had found because any
system not equipped with the ability to communicate with the
engineer the degree of confidence, gaps and assumptions in
data is one that is at risk of over-reliance on the outcomes of
a system that is driven by incomplete or inconsistent source
data partially.

The third limitation, which is indirectly stated by the survey
results, is that there may be resistance towards adoption.
Although 68.2 percent of the surveyed people consented that
the procedure of an offset selection is subjective and
inconsistent (the lowest point of all questions), it is
noteworthy that some percentage of engineers consider that
their individual practice is adequate. The
organisations implementing this framework should not
anticipate that all people will buy-in instantly.

current

To address these weaknesses, organisations have been
encouraged to undergo a data purification effort first before
any Al implementation. Past reports are to be digitised and
standardised with the help of natural language processing
software so that the Al has a solid and stable knowledge base
to operate on. The introduction of the framework should also
take place in stages and not as a wholesale replacement of the
current planning processes. In the first step, one can suggest
offset wells and mark historical risks through the system and
provide the engineers with time to gain some familiarity and
trust before the automated parameter recommendation layer
is introduced. Training is also crucial: engineers should
comprehend the reasoning of the Al proposals to be able to
observe the system efficiently and take action in case the
situation of geological or operational factors is too far to the
right of the historical data (Gao and Sun, 2023).



C. 7.4 Future Work

The next most important thing that this research must
undertake is the creation of a fully operational software
prototype. An operational digital tool, which would be
founded on the conceptual model, would allow conducting a
mass back-testing of thousands of historical wells, feeding
the machine learning algorithms with real performance data,
and estimating the real decrease in the time of planning and
the number of failures. This would also allow testing the
framework with the specified problems of data quality as one
of the limitations which would be empirically tested as to how
effectively the NLP-based risk extraction component can
process inconsistent or incomplete legacy reports.

The further study will need to take into account the
application of more advanced examples of Al such as the
Reinforcement Learning that would allow the system to learn
as the outcomes of the programs it helps to produce. This
would eventually result in a self-refining planning
mechanism that would be more accurate and reliable as every
well was drilled. At present, this type of feedback loop is not
present in any of the point solutions known in the literature

review (Allawi et al., 2025).

The second crucial aspect that may be enhanced in further
work is the implementation of real-time drilling data in the
planning organization. The current system is geared towards
the pre-spud planning process. However, a dynamic system
that ensures the drilling program is updated as the drilling is
being done would be an enormous jump. As an example, in
the case of a well hitting a pressure zone above the model, the
Al could automatically recalculate the data on the appropriate
offset and propose a new mud weight or casing depth in real-
time, therefore, reducing response time and increasing well
control. Finally, more research could look into how the
framework could be extended to incorporate the objectives of
environmental and social governance and make Al achieve
the maximum optimization of the minimization of a carbon
footprint and regulatory adherence to the traditional
engineering principles of cost and speed.

VIIL CONCLUSION

The purpose of this thesis was to make and test a theoretical
Al-based system to plan the drilling programs in the oil and
gas industry. The motivation to carry out the research was
that conventional process of well planning is very manual and
labour intensive and involves a lot of dependence on
experience of individual engineers. Such a process is usually
dependent on human memory and manual search of historical
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information, and therefore can result in an inconsistent plan,
the loss of important historical risks, and repetitive
operational failures. This thesis explored the latest trends
within the area of artificial intelligence, surveyed how the
industry was already operating, and collected the first-hand
evidence by conducting professional interviews and a
systematic survey, which led to the systematic and evidence-
based resolution of these problems.

The framework as elaborated in the study is related with three
basic innovations in the field of well delivery. Firstly, it is
associated with a hierarchical principle of choosing the offset
wells in which the geological factors, i.e., the connectivity of
reservoirs, is valued more than the geographic distance (Gao
and Sun, 2023). This ensures that the information that is used
to make decisions on new wells reflect the actual picture of
what is happening in the subsurface environment and not the
nearest one available. Second, the framework is a hybrid of
predictive and optimisation machine learning models to
determine the parameters Gradient Boosted Trees and
optimisation of the values to the safest and most efficient ones
under constrained limits (Mohammadinia et al., 2025;
Teixeira and Secchi, 2019). The integration will bring the
system to a stage that is not only data retrieval but more of
the optimal parameter envelope that is grounded on
performance and safety. Third, a business engine of
governance offers the required control to make sure that all
recommendations produced by Al are verified against
corporate principles, regulatory standards, and limits of
safety before they are forwarded to the engineer to be
reviewed finally (Al-Dushaishi and Al-Sofi, 2025).

The validation of the framework was done by two primary
data collection methods, and the two methods produced
strong and consistent results. The expert interview with a
drilling specialist proved that the hierarchical offset selection
logic is more sensible and explainable than the current
manual processes, automatic risk warning, based on daily
drilling reports, would come in handy, and the rules-based
engine of governance would make the plans better, requiring
less effort on the part of engineers to check compliance with
rules on a routine basis and elevate the level of their
judgment. The other highly important structural
recommendation given by the expert was the fact that the
appropriate flow must make the governance engine precede
the engineer review and not a parallel process, as was
incorporated in the final framework design. The survey of 22
drilling engineers who responded to the survey was also used
to support these findings as they concurred on all the ten
questions about 78 percent on average. The greatest support



(1]

(2]

(3]

(4]

(7]

(8]
9]

(10]

with 81.8% agreement was automatic risk extraction, Al-
generated parameter recommendations, safety rule
verification and the concept of the framework. These findings
affirm that the framework is able to fill veritable and well-
known gaps in existing planning processes (Rahman, M.,
Ahmed, S., and Khan, R.). (2023)).

The paper also confirms that the future of the drilling program
preparation is in the combination of artificial intelligence and
human engineering judgment. The framework will not
replace the drilling engineer but empower them with a
traceable, data-driven and structured toolset. The framework
offers the complete benefit of the available experience in
history by systemising the experience of past operations to
such that it may be readily available and memorable. This is
in concurrence with the greater aim of digital transformation
in the energy sector that is to have safer, efficient and
predictable well delivery processes. As the industry advances
and wells become increasingly complex and costly,
organisations will need conceptual integrated models of the
kind in order to continue delivering quality in their planning
and reduce recidivism failures as well as remain competitive
in a progressively data-driven operational environment.
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Abstract—This conceptual paper proposes a dual-pathway
framework explaining how artificial intelligence recommender
systems reshape consumer brand evaluation and choice
behavior. Integrating trust transfer theory, brand equity
frameworks, and consideration-set research, two interacting
pathways are proposed, a traditional brand-equity route and a
novel Al-mediated route, and choice liquidity is introduced as a
structural construct capturing the algorithmically driven
reconfiguration of consideration sets across purchase episodes.
Choice liquidity is formally differentiated from consideration-set
volatility, brand switching, and exploration in recommender
systems. Seven hypotheses address trust transfer, substitution
and amplification effects, and contextual moderation. A
compressed longitudinal design is outlined as the vehicle for
future empirical evaluation.

Keywords—AI recommender systems, trust transfer, brand
equity, consideration sets, choice liquidity, algorithmic mediation

I. INTRODUCTION
A. Context and Problem

Artificial intelligence (AI) recommender systems (RS)
have become structural features of digital commerce,
operating across e-commerce, media streaming, banking, and
social platforms. By learning from behavioral data, they
generate personalized recommendations that reduce consumer
search costs. Empirical research demonstrates that when
consumers perceive an RS as accurate, transparent, and
personalized, trust in the system transfers to recommended
products and brands, a mechanism grounded in trust transfer

theory [1].

Simultaneously, branding theory conceptualizes brand
equity as encompassing awareness, associations, and loyalty
[2], a cognitive shortcut that facilitates decision-making and
mitigates perceived risk [3]. Traditional consumer decision
models assume a direct route from brand equity to purchase
outcomes, a pathway designated as Path 1 in this paper’s
framework. The emergence of Al-mediated recommendation
introduces a parallel route: trust in the algorithmic system
itself may transfer to, substitute for, or amplify pre-existing
brand equity.

B. Research Gaps

Existing studies examine immediate post-recommendation
trust outcomes without integrating Al trust and brand equity
into a unified theoretical model [4], [6]. The longitudinal
consequences of repeated algorithmic mediation on brand
loyalty, switching, and market diversity remain theoretically
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underspecified. Evidence of echo-chamber effects in AI RS
has not been integrated into branding or equity frameworks.

No construct captures the structural reconfiguration of
consideration-set membership across purchase episodes,
leaving a gap between single-episode trust studies and
longitudinal market-diversity outcomes.

C. Contributions

This paper proposes three contributions to the existing
body of knowledge. First, it conceptualizes a dual-pathway
framework integrating trust transfer theory, brand equity, and
consideration-set research. Second, it introduces choice
liquidity as a structural property of Al-mediated decision
environments. Third, it advances a compressed longitudinal
experimental design as the empirical vehicle for addressing
the absence of validated methods for capturing dynamic Al
RS effects across consideration sets and brand equity
simultaneously.

II. LITERATURE REVIEW

A search via consensus. app across 170 million papers
yielded 1,130 results; 607 were screened, 351 met eligibility
criteria, and 50 were included across eight targeted search
groups covering trust transfer, consideration-set effects, brand
equity, and echo-chamber dynamics.

A. Trust Transfer from Al to Brands

Trust transfer theory suggests that trust generalizes from
one entity to a related entity when a meaningful connection is
perceived [1]. Studies confirm positive spillover from Al
recommender trust to brand trust; among Generation Z
consumers, for instance, Al accuracy evaluations significantly
enhanced brand trust and purchase decisions [4]. Voice
assistant research confirms that system trust mediates
shopping satisfaction through consideration-set adjustment
[5].

Field experiments using causal mediation confirm that RS
increase both the size and depth of actively considered options

[6].
B. Brand Equity and Consideration Sets

Brand equity accrues through awareness, associations, and
loyalty, reducing perceived risk and increasing the probability
that a brand enters a consumer's consideration set [2]. The
literature understands consideration sets as memory-based
structures shaped by prior experience and marketing
communications [7]. Al RS disrupt this architecture by



foregrounding options which are outside consumers’

awareness [6].

While Al can expand consideration sets by surfacing novel
alternatives, unconditional trust in Al leads consumers to
default to recommended options, narrowing choice diversity.
This echo-chamber dynamic, where high algorithmic trust
reinforces rather than broadens consumption patterns [8],
remains unaddressed in branding and equity frameworks.

C. Contextual Moderators

For hedonic products, human recommenders outperform
Al due to mentalizing activation; for utilitarian purchases or
with anthropomorphic cues, Al is comparably persuasive [9].
Consistent with dual-process theory, high-stakes decisions
increase reliance on accuracy and transparency signals. Brand
awareness has been shown to moderate RS trust transfer, with
lower awareness amplifying and higher awareness dampening
the effect [10].

Transparency and explainability emerge as critical levers:
explainable Al demonstrably increases user confidence and
calibrates reliance [11]. Trust calibration, the degree to which
consumers regulate algorithmic guidance, moderates transfer
magnitude and consideration-set composition [11].

D. Research Gaps and Theoretical Need

Three interconnected gaps emerge. First, no unified
framework integrates trust transfer and consideration-set
effects longitudinally. Second, while brand awareness has
been tested as a moderator of AI RS effects [10], no
framework  models  trust-level  substitution  versus
amplification across the full range of brand equity levels.
Third, no construct captures the structural reconfiguration of
consideration sets under sustained algorithmic mediation. A
fourth, methodological gap underlies all three: no validated
design exists for isolating AI RS trust effects longitudinally
across consideration sets and brand equity within a single
study. These gaps collectively motivate the dual-pathway
framework, the choice liquidity construct, and the compressed
longitudinal design introduced in this paper.

III. CONCEPTUAL FRAMEWORK AND
HYPOTHESES

A. Choice Liquidity: Definition and Differentiation

Choice liquidity is defined as the algorithmically driven
reconfiguration of consideration-set membership across
sequential purchase episodes, a latent structural property of
the consumer's decision environment under sustained Al
mediation.

Three distinctions to existing constructs are critical. First,
although consideration-set volatility can encompass both size
and compositional change, it remains a descriptive, episode-
level observation agnostic to cause. Choice liquidity attributes
the reconfiguration specifically to algorithmic mediation:
membership shifts are structurally governed by repeated Al
recommendation across a decision sequence, not by random
search or volitional change. Consideration-set volatility is
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therefore a necessary but insufficient condition for choice
liquidity.

Second, choice liquidity differs from brand switching:
switching is a discrete transaction-level behavior; choice
liquidity is the latent environmental condition that may or may
not produce switching. A consumer can exhibit high choice
liquidity, cycling through varied brand exposures across
episodes, while maintaining identical final purchase behavior.

Third, choice liquidity differs from exploration in RS:
exploration is a system-side design objective (algorithmic
diversity injection); choice liquidity is the consumer-side
outcome. The same exploratory algorithm produces high or
low choice liquidity depending on whether the consumer's
trust is calibrated or unconditional. This carries direct policy
implications: welfare assessments must account for consumer-
side response, not algorithmic intent alone.

Choice liquidity is bidirectional: expansion (new brands
surfaced under high-transparency, accurate Al signals) and
narrowing (reduced set diversity through default reliance
under echo-chamber conditions). This bidirectionality
distinguishes it from scalar quantity measures such as
consideration-set size.

B. Dual-Pathway Framework

This paper proposes a dual-pathway framework (Fig. 1)
with two interacting routes:

Path 1 — Brand-Equity Route (Traditional): Brand equity
— purchase intention [2].

Path 2 — AI-Mediated Route: AI trust — brand trust (via
trust transfer) = dynamic consideration set — choice liquidity
— brand switching/loyalty.

Brand trust serves as the proximal driver of purchase
outcomes in both routes: in Path 1 it operates through
established brand associations [2], [3]; in Path 2 it is generated
explicitly through algorithmic trust transfer [1]. The pathways
interact through brand equity: high-equity brands experience
amplification; low-to-medium equity brands experience
substitution. Product type, perceived risk, anthropomorphism,
transparency, and trust calibration moderate the relative
strength of each pathway.

Fig. 1. Dual-Pathway Framework for Al-Mediated Consumer Decision
Architecture. Solid arrows = causal paths; dashed arrows = moderation; o =
moderation intersection points. In Path 1, brand trust operates implicitly
through established brand associations; in Path 2 it is generated explicitly
through trust transfer.



C. Hypotheses

Several hypotheses have prior empirical support.
However, given the low replication rate in marketing studies
[12], where prior empirical work exists, the proposed
hypotheses also serve a replication purpose.

H1 (Trust Transfer): Trust in AI RS positively influences
trust in the recommended brand.

H2 (Substitution vs. Amplification): The positive effect
of Al trust on brand trust is stronger for low- and medium-
equity brands (substitution) than for high-equity brands
(amplification).

H3 (Consideration Set Expansion): Higher Al trust
increases consideration-set size, mediated by trust in the
recommended brand.

H4 (Choice Liquidity): Repeated reliance on Al RS
increases choice liquidity, defined as volatility in
consideration-set membership, which manifests as both
expansion and echo-chamber narrowing.

HS5 (Switching and Loyalty): Elevated choice liquidity
increases short-term brand switching without reducing long-
term category loyalty. HS is proposed for future longitudinal
research.

H6 (Moderation by Product Type and Risk): The
substitution effect (H2) and choice liquidity (H4) are stronger
for utilitarian products and high-risk purchase contexts than
for hedonic products and low-risk contexts.

H7 (Trust Calibration): Transparency, explainability,
anthropomorphism and user control moderate trust transfer
and choice liquidity; calibrated trust reduces echo-chamber
narrowing and promotes informed exploration.

IV. RESEARCH DESIGN
A. Design Overview and Novel Contribution

A compressed longitudinal experiment captures dynamic
changes in trust, consideration sets, and brand switching
across repeated decision episodes without multi-year
deployment. Three innovations distinguish this design: (1)
purchase occasions are simulated within one week, enabling
longitudinal causal inference; (2) Al trust signals are
manipulated experimentally, permitting clean identification of
trust-pathway effects; and (3) validated survey scales,
behavioral set-membership tracking, and information-
theoretic diversity metrics are integrated within a single
design.

Three hundred participants, stratified by age, gender, and
digital literacy, are randomly assigned to conditions,
satisfying thresholds for stable SEM estimation [13] and
multilevel model power [14]. Although mediation and
moderation are tested via regression-based path analysis [19],
the structural complexity of the multi-level, multi-wave
design, encompassing latent growth models and cross-level
interactions,  justifies the 300-participant threshold
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recommended for complex structural models [13].
Compressed simulation designs have demonstrated validity
for capturing dynamic consumer choice [15]; participants
therefore complete four purchase episodes at 48-hour intervals
over one week.

B. Stimuli and Manipulations

Stimuli consist of two product categories, utilitarian
(household  consumables) and  hedonic  (premium
confectionery), presented through a custom mock e-
commerce interface (Fig. 2). The embedded Al engine varies
three trust signal dimensions between subjects: transparency
(explainable versus black-box), anthropomorphism (human-
like avatar versus neutral interface), and stated accuracy (high
precision versus unspecified). The three dimensions are
administered as a composite condition, all signals present
(high trust) versus all signals absent (low trust), yielding two
trust-signal groups crossed with the calibration prompt factor
to produce four experimental conditions of approximately 75
participants each.

Brand equity is manipulated through real and fictitious
brand pairings, pretested for awareness and favorability. Half
the sample receives trust calibration prompts; the other half
serves as controls.

Al Recommendation Engine

Experimental Condition: High Trust Signals

Your Al-Powered Recommendations

EcoClean Pro FreshHome Kit

Ei!ss 8.50

PureWash Tabs

is.si

Product D Product E Product F

Fig. 2. Prototype Mock E-Commerce Interface (High Trust Signal
Condition). Callouts (A)—~(C): (A) anthropomorphism, (B)
transparency/explainability, (C) accuracy badge. The low trust condition
removes all three.

C. Construct Measurement

Al trust is measured using a validated multi-item scale
[16]. Brand trust is assessed using an established consumer-
brand trust scale [17]. Consideration-set size and membership
are captured behaviorally as self-reported candidate sets per
episode.

Choice liquidity is operationalized as: (1) within-subject
variance in consideration-set membership across episodes; (2)
proportion of novel brands introduced per episode; and (3)
Shannon entropy of brand distributions, collectively
distinguishing exploration from echo-chamber consolidation.
The indirect effect of Al trust on consideration-set size via
brand trust (H3) is tested using bootstrapped confidence
intervals within the regression-based path analysis framework



[19]. Multilevel mixed-effects models accommodate the
repeated-measures structure [18]; regression-based path
analysis tests the framework's hypothesized mediation and
moderation paths [19]; latent growth models capture
trajectories across episodes [20].

V. CONCLUSION

Al RS reshape consumer decision architecture by
introducing an algorithmically governed trust pathway
alongside traditional brand equity mechanisms. This paper
proposes a dual-pathway framework integrating trust transfer
theory, brand equity, and consideration-set research, and
introduces choice liquidity, a formally differentiated construct
capturing consideration-set reconfiguration under algorithmic
mediation.

Seven testable hypotheses and a compressed longitudinal
design provide a rigorous vehicle for future empirical
evaluation. The framework bridges marketing, behavioral
economics, and platform governance by treating Al as a
structural feature of choice environments. For practitioners,
transparency and calibration mechanisms are prerequisites for
sustainable Al-mediated brand strategy. For policymakers, the
model supports regulatory interest in algorithmic
transparency, user control, and disclosure standards. Future
research should implement the design across diverse cultural
contexts and examine the interplay between Al
recommendation and complementary trust mechanisms such
as influencer endorsement.
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Abstract—The adoption of Al agents in enterprise systems is
constrained by limited controllability, reproducibility, and
transparency of their reasoning processes, which restricts their
use in business-critical scenarios. This study aims to explore how
reasoning in enterprise Al agents can be structured to support
reliable multi-stage task execution. To address this, the paper
investigates the application of Schema-Guided Reasoning
(SGR), a structured approach that decomposes reasoning into
stages with predefined schemas, validation checkpoints, and
iterative control mechanisms. The contribution of the study is
the validation of SGR applicability in an enterprise support
scenario and the formulation of a reasoning workflow suitable
for corporate environments.
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L INTRODUCTION

A. Context

Recent advances in large language models (LLMs) have
enabled the development of autonomous Al agents capable of
planning, contextual interpretation, and interaction with
external systems. These agents are increasingly applied across
domains, including enterprise environments, where the focus
is shifting toward goal-oriented and proactive systems [1].

In enterprise platforms such as CRM, ERP, and xRM
systems, Al agents offer significant potential for automating
routine operations, supporting decision-making, analyzing
data, and managing organizational resources [2]. However,
enterprise deployment introduces stricter requirements
compared to consumer use cases. Key expectations include
predictable behavior, reproducibility, controllability of
reasoning, compliance with internal policies, auditability, and
secure handling of sensitive data [2], [4].

Additionally, enterprise agents must operate within
complex IT ecosystems, integrating with internal systems,
tools, and data sources while maintaining governance and
reliability [6], [12]. As a result, the challenge extends beyond
output quality to the organization and control of the reasoning
process itself.
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B. Problem Statement

Despite growing adoption, enterprise implementation of
Al agents faces several persistent challenges.

First, reasoning processes are often non-deterministic:
similar inputs may produce different outputs, limiting their
applicability in business-critical workflows [2], [17].

Second, multi-step scenarios require handling large and
evolving contexts, while LLMs are constrained by context
window limitations and may fail to retain relevant information
across reasoning steps [1], [13].

Third, many agent systems are tightly coupled with
specific models, prompting strategies, and tool-calling
mechanisms, reducing architectural portability and
complicating long-term evolution [1], [12], [13].

Fourth, enterprise constraints frequently necessitate the
use of local or smaller models due to security, cost, and
infrastructure requirements. However, such models typically
demonstrate weaker reasoning capabilities, especially in
complex multi-step tasks [3], [9], [15].

Finally, existing approaches often lack sufficient
traceability of intermediate reasoning steps, limiting testing,
debugging, verification, and audit capabilities [2], [5], [17].

These limitations are also reflected in empirical
benchmarks. For example, CRMArena demonstrates that even
advanced LLM agents struggle with realistic CRM tasks in
professional environments [8].

C. Research Gap

Prior research proposes various techniques to improve
agent reliability, including structured planning, context
management, intermediate validation, governed execution,
and separation of architectural logic from the underlying
model [5], [7], [13], [17]. However, these approaches remain
fragmented and do not form a unified, widely adopted
framework for structuring reasoning in enterprise agents.

In practice, organizations must combine multiple
techniques and validate them independently within specific
business scenarios [1], [2]. This creates a gap between
available architectural concepts and the need for a coherent
mechanism that enables reasoning to function as a controlled,
reproducible, and verifiable process in complex enterprise
workflows.



D. Research Question

This study addresses the following research question: How
can reasoning processes in enterprise Al agents be structured
to enable reliable multi-stage task execution?

A related sub-question examines how such structuring can
support  determinism, reproducibility, model-agnostic
operation, and traceability of reasoning.

E. Contributions

This paper investigates the application of a structured
reasoning control mechanism in an enterprise scenario. The
approach aims to make multi-step reasoning explicit,
decomposed, and verifiable.

The study contributes by:

e demonstrating how structured reasoning can be
applied in a real enterprise use case,

e defining a reasoning workflow aligned with enterprise
requirements,

e and evaluating its applicability and potential
effectiveness based on initial industrial validation.

Importantly, the contribution lies in the application and
adaptation of existing but not widely accepted principles of
structured reasoning, rather than proposing a new framework.

II. METHODOLOGY

A. Research Design

This study follows the Design Science Research (DSR)
methodology, focusing on the development and practical
validation of an architectural artifact addressing a real-world
problem. The research is conducted within a Russian
enterprise vendor of an XRM low-code platform used for
ITSM solutions. This setting enables the investigation of Al
agents in realistic operational contexts, including incident
handling, user request processing, knowledge base utilization,
etc. Consequently, the proposed artifact is designed with
direct applicability to production environments.

The research process consists of several stages. First, key
limitations of existing agent solutions are identified and
formalized. Second, relevant architectural approaches are
analyzed. Third, a target reasoning design is developed and
applied to a selected enterprise scenario. Finally, the proposed
approach is evaluated through a controlled experiment.

B. Problem Identification

Problem identification was based on analyzing existing Al
agents deployed within the company’s products and collecting
feedback from key stakeholders. Three groups participated:
product managers, engineers responsible for configuring
agent scenarios, and end users.

The study included 10 interviews (4 internal teams and 6
customer teams) and analysis of acceptance testing results,
including expert evaluations of scenario performance. This

90

enabled the construction of a representative set of enterprise
automation scenarios and identification of recurring
limitations.

The most common scenarios were related to user support
automation, including ticket classification, operator copilots
for solution search, report generation, incident pattern
detection, and monitoring data processing. Detailed feedback
was collected for each scenario, including specific failure
cases and instability patterns.

The analysis revealed that the identified issues are
systemic and consistent across scenarios. These findings align
with the limitations described in Section 3, including non-
deterministic reasoning, model dependency, and limited
traceability.

A support copilot scenario for solution retrieval was
selected as the primary evaluation case. This choice is justified
by its high business impact, availability of quantitative
feedback (current quality score: 6.8/10), and its representation
of a typical multi-step reasoning process involving retrieval,
analysis, and synthesis.

C. Knowledge Exploration

To determine an appropriate architectural approach,
existing research on Al agents and structured reasoning was
reviewed.

LLM agent architectures. Prior work shows that LLM
agents typically consist of planning, memory, and execution
components and are applied across diverse domains, including
enterprise systems [l1]. However, enterprise adoption
highlights challenges related to reliability and reproducibility
[2], while many architectures emphasize communication and
tool integration [6].

Structured reasoning and controlled generation.
Schema-aware generation and grammar-constrained decoding
improve output consistency and reduce errors by enforcing
predefined structures [17]. Frameworks such as Routine
introduce step-wise planning and validation mechanisms to
enhance robustness [9].

Schema-Guided Reasoning (SGR). SGR organizes
reasoning through predefined schemas, intermediate
validation, and structured outputs [19]. Prior studies indicate
improvements in reproducibility, debuggability, and testing,
although the approach requires careful schema design [18],
[19].

Tool orchestration and coordination. Enterprise-oriented
architectures propose blueprint-based orchestration and
separation of execution logic from language models [12], [17].
The POLARIS framework highlights the role of typed
planning and controlled execution in automation scenarios [7].

Context management. Approaches such as Sagal. LM and
DatalLab emphasize structured context handling, validation,
and state management across reasoning stages [13], [14],
underscoring the importance of managing intermediate
reasoning states.



D. Solution Design
The solution design followed a structured process.

First, the existing assistant workflow (AS IS) was
analyzed in detail, including processing steps, system
components, and decision points. This allowed formalizing
the implicit reasoning process.

Second, failure points identified during problem analysis
were examined, with a focus on context loss, uncontrolled
generation, and absence of intermediate validation.

Based on the literature review, a target approach was
selected that decomposes reasoning into structured stages with
explicit control over inputs and outputs. The design
emphasizes the ability to introduce this mechanism without
modifying the core platform, using an external orchestration
layer.

As a result, a target reasoning workflow (TO BE) was
defined, separating reasoning, retrieval, and response
generation into distinct, controlled stages.

E. Evaluation

The proposed approach is evaluated using an A/B testing
methodology. Two assistant implementations are compared:
the baseline (AS IS) and the structured approach (TO BE).
Both operate on the same dataset and use the same language
model, isolating the impact of architectural changes.

The dataset consists of 100 test cases representing real user
requests for solution retrieval from knowledge bases and
ticket history. Outputs are evaluated by ITSM product experts
using a 10-point scale.

Evaluation metrics include average quality score,
reproducibility, performance on small language models
(SLM), stability across different models, and token
consumption. This set of metrics enables assessment not only
of answer quality but also of robustness, portability, and cost
efficiency.

III. PRELIMINARY RESULTS

A. Existing Workflow

The current assistant workflow (AS IS) follows a standard
retrieval-augmented generation (RAG) architecture widely
used in enterprise applications. A user query is first encoded
into a vector representation, which is then used to retrieve
relevant documents from a vector database. Retrieved results
are re-ranked and combined with the original query during
prompt construction, after which the language model
generates the final response.

Vector Prompt LLM
[ User Input HEmbeddmgH Search H Re-ranking HConsﬂrudionH Generation H Response }

Fig. 1. ASIS Workflow

While this approach enables basic retrieval and answer
generation, it does not provide explicit control over the
reasoning  process. Decision-making logic remains
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encapsulated within the language model,
transparency, controllability, and adaptability.

limiting

The component structure includes an embedding model
(USER-bge-m3), a vector search engine (pgvector), a reranker
(colbert-xm), and a generation model (saiga llama3 8b). The
main limitations of this pipeline are the lack of task
structuring, sensitivity to query formulation, and non-
deterministic outputs.

TABLE L AS IS PIPELINE COMPONENTS
Ne | Component Function Tool / Model Limitations
1 |Embedder Encode user query into vector |USER-bge-m3 |No task structure awareness
2 |Retriever Retrieve relevant documents pgvector Sensitive to query wording
3 |Reranker Improve document relevance | colbert-xm Partial noise filtering

4 |Prompt Combine query and context Prompt template

Constructor

5 | Answer Generator |Generate final response saiga_llama3_8b | Non-deterministic output

B. Analysis of Limitations

The analysis of the existing workflow highlights several
critical issues related to the absence of explicit reasoning
control.

First, the input task is processed in an unstructured form,
leading to ambiguous interpretation of user requests. This is
particularly problematic in support scenarios, where a single
case may involve multiple interrelated issues.

Second, retrieval relies on one or a limited number of
queries derived directly from the input text. As a result,
retrieval quality depends heavily on wording rather than the
underlying problem structure.

Third, there is no mechanism for validating intermediate
results. The system proceeds directly to response generation
without verifying the completeness or correctness of retrieved
information, increasing the likelihood of hallucinations.

Fourth, the reasoning process is not traceable. It is not
possible to reconstruct which data sources were used or how
the final response was derived, which complicates debugging,
testing, and auditing.

Finally, the approach demonstrates limited robustness
when applied to smaller models. As model quality decreases,
both answer accuracy and reasoning capability degrade, since
all logic is embedded within a single generation step.

C. Selection of Target Approach

To address these limitations, Schema-Guided Reasoning
(SGR) is selected as the target approach for structuring
reasoning [19].

The core principle of SGR is the use of structured outputs,
where both intermediate and final results are represented
through predefined schemas (e.g., JSON). This reduces
variability, enables validation, and enforces consistency [19],
[20].




At the process level, SGR relies on three key patterns:

e Cascade, which decomposes tasks into sequential
subtasks with structured outputs;

e Routing, which dynamically selects execution paths
based on intermediate results;

e Cycle, which enables iterative refinement (e.g.,
repeated retrieval or validation).

Their combination forms a controlled reasoning pipeline
with explicit transitions between stages.

SGR aligns with enterprise requirements by supporting
determinism, reproducibility, traceability, and model-agnostic
design. It can be implemented as an external orchestration
layer without modifying the underlying platform.

Compared to alternative approaches, SGR provides
stronger formalization. Methods such as Chain-of-Thought
and Tree-of-Thought rely on implicit textual reasoning
without structured validation. Graph-of-Thought extends
these ideas but introduces computational overhead without
ensuring control. ReAct and Plan-and-Execute incorporate
tool usage and planning but lack strict schema enforcement.
Program-of-Thought improves precision through code-like
reasoning but is limited to formalizable tasks. Multi-agent and
hierarchical planning approaches increase architectural
complexity without guaranteeing reproducibility.

In contrast, SGR enforces structured reasoning through
schemas, typed data, and validation checkpoints, making it
more suitable for enterprise scenarios requiring stability and
auditability.

Existing studies indicate that schema-constrained
generation reduces errors and improves consistency [19],
while SGR-based implementations enhance reproducibility
and testing capabilities [20], [21]. The contribution of this
work lies in applying and adapting these principles to
enterprise ITSM scenarios rather than proposing a new
framework.

D. Proposed Workflow

The proposed reasoning workflow (TO BE) implements
SGR principles as a multi-stage controlled pipeline with
explicit decomposition and validation. Each stage operates on
typed inputs and produces validated outputs, enabling
deterministic transitions between stages.
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Fig. 2. TO BE Workflow

The process begins with Case Context Building, where the
input is normalized into a structured representation. The
Problem Extractor then applies cascade decomposition,
splitting the case into independent structured problems
(including symptoms, entities, and retrieval queries), reducing

ambiguity.

Each problem is processed through a retrieval cycle. The
Embedder converts structured queries into vector form, and
the Retriever retrieves candidate evidence. The Source
Evaluator applies routing and cycle mechanisms by assessing
relevance and completeness, triggering additional retrieval if
needed.

Based on validated evidence, the Resolution Hypothesis
Builder generates structured solution hypotheses. The
Resolution Hypothesis Evaluator verifies these hypotheses
against the problem definition and schema, enabling feedback
loops to earlier stages when inconsistencies are detected.

Validated hypotheses are combined in the Draft Builder,
preserving the relationship between problems and solutions.
Finally, the Final Response Renderer converts the structured
draft into a user-facing response. This separation of reasoning
and generation improves controllability and reproducibility.

Each component performs a distinct function within the
reasoning process, eliminating the “black-box” effect and
enabling traceability.



TABLE II. TO BE PIPELINE COMPONENTS

Ne |Component | Function Tool / Model Reasoning Role

1 |Case Context |Normalize input and assemble saiga_llama3_8b|Reduces ambiguity

Builder structured case context before reasoning

2 |Problem Decompose case into one or more saiga_llama3_8b | Makes reasoning
Extractor structured problems explicit and
decomposed

3 |Embedder Convert structured problem into vector [ USER-bge-m3 | Enables semantic

representations for retrieval alignment between

problem and knowledge

Provides initial
evidence set

4 |Retriever Retrieve evidence using multiple

queries and sources

pgvector

5 |Source Filter and rank evidence, detect
insufficiency (loop back to retrieval if
needed, trigger response rendering if

no relevant evidence found)

saiga_llama3_8b | Ensures evidence

Evaluator quality and relevance

Generate candidate solution based on
structured problem and evidence

6 |Resolution
Hypothesis
Builder

saiga_llama3_8b | Separates reasoning
from final answer

7 |Resolution
Hypothesis
Evaluator

Validate hypothesis against initial
problem, evidence and schema (loop
back to retrieval if needed)

saiga_llama3_8b|Enables intermediate
validation and control

8 |Draft Builder |Merge validated hypotheses into

structured operator draft

saiga_llama3_8b | Preserves structure
across subproblems

9 |Final Response | Convert structured draft into final
Renderer response

saiga_llama3_8b | Separates reasoning
from final answer

Structured schemas play a central role in this design. Cases
are represented as collections of problems with formalized
attributes such as symptoms, entities, and retrieval queries.

Listing 1. Structured Problem Representation Output (JSON)

{
"case_id": "INC-10452",
"problems": [
{
"problem_ id": "P1",
"label": "VPN authentication failure",
"symptoms": [
"VPN login rejected",
"issue started after password reset"
1,
"retrieval queries": [
"VPN login failed after password reset",
"authentication error after credential change"
]
}
]
}

Typed data models (e.g., using validation frameworks
such as Pydantic) ensure consistency, reduce generation
errors, and simplify integration between components [19],
[20].

Listing 2. Typed Problem Representation (Python)

class Problem:
problem_id: str
label: str
symptoms: list[str]
retrieval queries: list([str]

def extract_problems(case_text: str):

wun

Extract structured problems

using schema-guided LLM output

wun

result = LLM(case_text,
schema=Problem)

return result

(1]

(2]

(31

(4]
(5]

(6]

E. MVP Limitations and Evaluation

An MVP implementation is developed using Python, with
LangChain and LangGraph as the orchestration framework.
Integration with the xRM platform is achieved via MCP,
minimizing changes to the existing architecture.

A mid-sized local model (saiga_llama3_8b) is used as the
baseline to evaluate whether structured reasoning can
compensate for the limitations of smaller models.

Preliminary qualitative observations on a subset of cases
indicate a reduction in irrelevant responses compared to the
baseline RAG approach. A full quantitative evaluation is
designed as an A/B test on 100 cases with expert scoring.

The current MVP is limited by partial platform integration,
a restricted set of scenarios, and the need for manual schema
design. Future work includes comprehensive quantitative
evaluation using metrics such as answer quality,
reproducibility, model robustness, and computational cost.

Iv. CONCLUSION

This study examines the limitations of controllability and
reproducibility in reasoning processes of enterprise Al agents,
which restrict their use in business-critical contexts.

The paper explores the application of Schema-Guided
Reasoning (SGR) as a mechanism for structuring reasoning
through predefined stages, schemas, and validation
checkpoints. The proposed workflow enables explicit task
decomposition, intermediate validation, and separation of
reasoning from response generation, supporting enterprise
requirements such as traceability, determinism, and
robustness.

Future work includes completing the MVP, conducting
controlled A/B testing, and performing quantitative
evaluation, followed by potential extension to production
environments and other enterprise use cases.
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Abstract—AI managers face a critical investment dilemma
because validating dynamic model strategies requires
longitudinal data, yet collecting such data demands the same
expensive infrastructure that managers seek to validate. This
paper presents a chunk-based ensemble framework that
addresses this cold start problem by approximating the
performance trajectory of periodic batch retraining using only
static datasets. We partition existing data into chunks and train
independent models on progressively combined segments, using
ensemble averaging to approximate aggregate production
behaviour under periodic retraining. We compare this
approach against a full-data oracle baseline and a cumulative
retraining baseline across seven algorithms. Validation
demonstrated high prediction consistency under overlapping
training data, alongside F1 improvements ranging from 0.16 to
0.52 percent for tree-based and distance-based algorithms, with
results varying by algorithm family, though these gains should
be interpreted with caution pending formal statistical
validation. We discuss the distinction between our batch-update
approximation and true incremental learning, situating the
framework relative to concept drift and data stream literature.
This domain-agnostic tool provides Al managers with
preliminary evidence for infrastructure investment decisions
without requiring longitudinal data collection.

Keywords—Dynamic Machine Learning, Al Lifecycle
Management, Ensemble Methods, Batch Retraining Simulation,

Cold Start Problem, Infrastructure Investment, Concept Drift.

[. INTRODUCTION

Organizations implementing production machine learning
systems increasingly recognize that static models trained once
and deployed indefinitely cannot maintain performance as
operational data distributions evolve. Customer preferences
shift, equipment degrades, and usage patterns emerge that
were absent in historical training data. The theoretical solution
of implementing dynamic models that continuously update as
new data arrives faces a fundamental practical barrier.

Al managers encounter a chicken-and-egg dilemma.
Validating whether adaptive systems justify their
computational costs requires longitudinal data demonstrating
how model performance evolves with sequential updates. Yet
collecting such data demands the same expensive
infrastructure, extended timeframes, and organizational
resources that managers seek to validate before approving
budgets. This creates the cold start problem in Al lifecycle
management. The inability to make evidence-based decisions
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about dynamic modelling investments when working within
conventional static dataset constraints [1].

The financial implications are substantial. Implementing
dynamic systems requires investments in data pipelines,
monitoring infrastructure, and computational resources. For
mid-sized organizations, these costs can exceed hundreds of
thousands of dollars annually, representing unacceptable risk
without preliminary validation evidence.

A. Positioning Relative to Existing Dynamic Learning
Approaches

Current machine learning literature offers sophisticated
solutions for truly dynamic environments. Online learning
algorithms such as Hoeffding Adaptive Trees [2] and
ADWIN-based drift detectors [3] update incrementally with
each new observation. Concept drift adaptation methods [4],
[5] detect and respond to distribution shifts in data streams.
Prequential or test-then-train evaluation protocols [6] provide
rigorous assessment of stream learners by testing each model
on new data before incorporating it into training. However,
these approaches assume continuous data streams, real-time
infrastructure, and the kind of longitudinal data that many
organizations lack. They answer the question of how a
deployed model should adapt to arriving data. Our framework
addresses a different and earlier question like before
committing to dynamic infrastructure, can an organization use
its existing static dataset to estimate whether periodic
retraining  would  yield measurable  performance
improvements? This distinction is critical. We do not claim
to implement sequential or incremental learning. Rather, we
propose a batch ensemble approximation, a simulation tool for
investment decision support that operates under static data
constraints.

B. Research Contribution

We present a chunk-based ensemble framework enabling
Al managers to approximate the performance trajectory of
periodic model retraining using only static datasets. The
framework addresses three investment questions. First, would
periodic  updates provide measurable performance
improvements? Second, would dynamic updating introduce
prediction instability? Third, which algorithms benefit most
from periodic retraining?

Unlike existing work focusing on developing
sophisticated dynamic algorithms [7], [8] or online learners
requiring stream infrastructure, our contribution is a practical



pre-investment validation tool for organizations working
within conventional data constraints.

II. METHODOLOGY
A. Framework Design Philosophy and Scope

The chunk-based ensemble simulation framework
operates on a fundamentally different principle than
traditional temporal modelling. Rather than predicting how
individual entities evolve over time, our framework evaluates
the system-level question: what performance benefits emerge
from periodically retraining production models as new data
cohorts become available?

This aligns with real-world Al lifecycle scenarios where
organizations receive discrete batches of records during
enrollment periods, quarterly system extracts, or annual data
updates rather than continuous real-time streams [9]. The
framework is explicitly designed for the batch retraining
setting in which an organization has an existing static dataset
and wishes to estimate whether a policy of periodic retraining,
as new cohorts arrive, would outperform a single static model
trained once.

The framework does not model temporal dependencies
between individual records, concept drift, or distribution shift.
It does not implement incremental weight transfer between
sequential models. Each chunk-trained model is
independently initialized, making this an ensemble
approximation rather than a true sequential learner. This
distinction is acknowledged as both a design choice and a
limitation, discussed further in Section IV-C.

B. Strategic Data Partitioning

The framework uses a three-part data split. It allocates 60
percent, equivalent to 3,000 records, for initial model training,
20 percent, equivalent to 1,000 records, for lifecycle
simulation divided into four sequential batches of 250 records
each and 20 percent, equivalent to 1,000 records, reserved as
a separate validation set. Stratified random sampling
maintains consistent outcome distribution across all partitions,
with variance below 2 percent across splits, following
established practices for medical data partitioning [12].

For ordering, the dataset includes a time-to-event variable
rather than a true sequence of enrollment. As a result, the
batches are created using stratified random splits instead of
strict chronological order, which is a limitation of this proof-
of-concept. In practical settings, batches should follow the
actual order in which data is collected. Future studies using
datasets with real temporal structure would allow more
appropriate sequential evaluation methods.

The use of four batches mirrors typical quarterly update
cycles in organizations and provides enough repetitions to
evaluate how model performance holds up across updates.
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Fig. 1. Static vs Dynamic Pipeline Comparison illustrating the difference
between single-batch training and chunk-based ensemble methodology

C. Chunk-Based Ensemble Mechanics

For each of the four simulation chunks, we train an
independent model on the combination of baseline data plus
that specific chunk. Model k trains on Baseline combined with
Chunk k for k = 1, 2, 3, 4. The final dynamic prediction
employs simple averaging:

Dynamic Prediction = (1/4) x Sum of Mk(x) fork =1 to 4

This averaging strategy is grounded in ensemble learning
theory, where ensemble mean squared error is consistently
less than average individual model error [10], [11], [13].

Because all four models share the same 3,000-record
baseline, inter-model correlations are elevated by design.
Models trained on 92 percent overlapping data will naturally
agree. The reported stability metrics in Section III-A therefore
reflect ensemble agreement under shared training data rather
than temporal stability across genuinely independent time
periods. We reframe this as a feature for the batch retraining
context. In production, periodic retraining always carries
forward prior knowledge, so high inter-model agreement
reflects realistic behaviour under a cumulative retraining
policy.
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Fig. 2. Dynamic Chunk-Based Ensemble Framework showing sequential
model training and ensemble averaging process

D. Baseline Comparisons

To ensure fair comparison, we ecvaluate three
configurations for each algorithm. The static baseline is a
single model trained on baseline data only, using 3,000
records. The chunk-based ensemble is the proposed
framework, comprising four models trained on Baseline
combined with Chunk k, with predictions averaged. The full-
data oracle is a single model trained on all available data
comprising 4,000 records, representing an upper performance
bound.

A cumulative sequential baseline was also evaluated. This
involves retraining from scratch on the Baseline, then on
Baseline combined with Chunk 1, then on Baseline combined
with Chunks 1 and 2, and so on, taking the final model's
predictions. This enables comparison of the ensemble
approximation against a simpler sequential retraining policy.

E. Algorithm Selection

Seven algorithms spanning major production ML
categories were implemented. Random Forest, XGBoost, and
Gradient Boosting Machine as tree-based ensembles; SVM
with RBF kernel and KNN as distance-based methods; and
Logistic Regression and Naive Bayes as probabilistic and
linear baselines. Each underwent rigorous hyperparameter
optimization using 5-fold cross-validation for static models
and 3-fold for dynamic models, representing a deliberate
trade-off  between  optimization thoroughness and
computational efficiency.

F. Evaluation Framework

Performance metrics include accuracy, precision, recall, F1-
score, and AUC-ROC for direct static-versus-dynamic
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comparison. Stability metrics include mean chunk correlation,
prediction variance, and correlation range across chunk
combinations. Calibration quality is assessed via Brier score.
All configurations report consistent metric sets to enable
direct comparison across baselines. All experiments were
conducted using a fixed random seed of 123, following
established convention in reproducibility-focused machine
learning research. This seed value is widely adopted across the
ML community as a neutral, arbitrary fixed point, ensuring
that results are replicable across runs and that observed
performance differences reflect algorithmic behavior under
systematic data variation rather than stochastic initialization
effects.

G. Proof-of-Concept Data Source

We validated the framework using synthetic clinical data
as a controlled proof-of-concept comprising five thousand
records with thirteen attributes. The synthetic nature
eliminates confounding variables and institutional access
barriers, enabling controlled framework evaluation. However,
the absence of genuine temporal structure means this proof-
of-concept cannot validate temporal generalization, which is a
critical direction for future work using real longitudinal
datasets.

[II. PRELIMINARY RESULTS
A. Prediction Stability Across Configurations

The framework demonstrated high prediction consistency
across chunk-trained models. As noted in Section II-C, this
stability is partially attributable to shared baseline training
data across all four models. Table I presents stability metrics
with this interpretation in mind.

TABLEI
PREDICTION STABILITY METRICS ACROSS ALGORITHM
FAMILIES
. Mean .
Algorithm Correlation Variance Range
Random 0.9989 0.0002 0.9978-0.9995
Forest
Naive 0.9987 0.0000 0.9974-0.9994
Bayes
XGBoost 0.9975 0.0004 0.9950-0.9988
GBM 0.9927 0.0011 0.9859-0.9967
SVM 0.9895 0.0010 0.9867-0.9918
KNN 0.9338 0.0023 0.9772-0.9893
Logistic 0.9582 0.0031 0.9496-0.9665
Regression

These results indicate that ensemble predictions under
shared-baseline training are highly consistent. For Al
managers, this is a desirable property as it suggests that a
periodic retraining policy would not introduce erratic
prediction behaviour as new cohorts are incorporated, even in
the limiting case where models are trained on largely
overlapping data.

B. Performance Comparison Across Baselines



Table II presents Fl-score results across the three
evaluation configurations for all seven algorithms. The full-
data oracle provides an upper bound, the chunk-based
ensemble is the proposed framework, and the static baseline is
the single-model comparator.

TABLE II
STATIC VS. DYNAMIC PERFORMANCE COMPARISON

Full-Data Static Chunk Gain (Static to
Algorithm
Oracle Baseline | Ensemble Ensemble)
GBM 0.9754 0.9738 0.9788 +0.52%
XGBoost 0.9787 0.9722 0.9755 +0.34%
KNN 0.9228 0.9196 0.9211 +0.16%
Naive Bayes 0.3628 0.3585 0.3619 +0.95%
Random
0.9803 0.9786 0.9786 0.00%
Forest
SVM 0.9787 0.9431 0.9431 0.00%
Logistic
) 0.6053 0.6064 0.6034 -0.49%
Regression

Fig 3. Comprehensive Metric Comparison across all Configurations

FULL COMPARISON: STATIC ws CHUMNK ENSEMBLE ws ORACLE

Algorithm Config F1 AUC Brier Accuracy Precision Recall
LR Static 9.6864 ©.3262 ©.1499 a.791e 8.7220  @.5227
LR Ensemble 9.e834 9.8251 9.1502 a.791e 9.7260 @.5162
LR Oracle 8.6853 8.8172 9.1535 a.79e0 ©9.7188 @.5227
RF Static 8.9786 ©.9978 2.8119 8.9370 @.9933 @.9643
RF Ensemble 8.9786 ©.9983 8.0114 8.9370 @.9933 @.9643
RF Oracle ©8.9803 8.9987 @.e187 0.9330 ©.9933 @.9675
SVH Static ©9.9431 0.9637 ©.8314 8.9850 9.9446  0.9416
SVM Ensemble 8.9431 8.9696 9.8304 a.9650 9.9446  0.9416
SVM Oracle 8.9448 8.9683 9.83189 a.9660 ©9.9448 @.9448
XGBoost Static 8.9722 9.9938 8.0134 8.9330 @.9802 @.9643
XGBoost Ensemble 8.9755 8.9942 8.0123 8.3350 @.9835 @.9675
XGBoost Oracle 8.9787 @.9944 8.0123 8.9370 @8.9868 @.9788
GBM Static 9.9738 0.9943 @.0139 @.9840 ©9.9834 @.9643
GBM Ensemble ©8.9788 8.9938 9.0114 a.9870 ©.9836 @.9740
GBM Oracle 8.9754  ©.9949 9.0119 a.9850 ©9.9867 @.9643
KNN Static 8.9196 ©.9681 9.8421 8.9500 @.9188 @.9286
KNN Ensemble 8.9211 8.9768 @.8407 8.9518 @.9137 @.9286
KNN Oracle 8.9228 8.9757 8.8393 8.9520 @.9148 @.9318
MNB Static ©.3585 @.7853 @.1811 @.7280 @9.6552 @.2468
B Ensemble 8.3619 8.7853 9.1815 a.7320 9.6786  @.2468
B Oracle ©8.3628 8.7855 9.1823 a.733e 0.6847 @.2468

The chunk-based ensemble consistently approaches full-
data oracle performance across all metrics and algorithms,
suggesting it effectively approximates what a model trained
on all available data would achieve without requiring true
sequential infrastructure. Gradient boosting methods benefit
most from additional data cohorts, with GBM recording the
strongest F1 gain of 0.52 percent over the static baseline.
Notably, GBM ensemble performance of 0.9788 exceeds the
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oracle value of 0.9754, demonstrating that ensemble
averaging across diverse chunk-trained models can
outperform a single model trained on all available data, a
finding consistent with ensemble learning theory on variance
reduction through model diversity [10]. Algorithms already
near performance ceilings such as Random Forest and SVM
show minimal marginal gain, which is expected given
diminishing returns at high performance levels. While Naive
Bayes records the highest percentage gain at 0.95 percent, this
figure is misleading given its very low absolute F1 of 0.3619,
which remains clinically insufficient regardless of the relative
improvement.

The Logistic Regression decline across both ensemble and
oracle configurations warrants attention. Ensemble averaging
of models trained on slightly different data subsets introduces
minor inconsistencies for linear models sensitive to
distributional variation across chunks, and even the oracle
configuration fails to recover the static baseline F1, suggesting
that Logistic Regression is not a suitable candidate for
periodic retraining investment in this domain. The Brier score
results in Figure 3 reveal an additional advantage of the
chunk-based ensemble. Calibration quality improves
consistently for top-performing algorithms. GBM Brier score
improves from 0.0139 in the static configuration to 0.0114 in
the ensemble, matching oracle-level calibration, meaning
predicted risk probabilities are more accurate and clinically
actionable under the ensemble approach.

C. Statistical Stability Across Multiple Seeds

To assess the reproducibility and statistical robustness of
the reported results, all three configurations were re-
evaluated across 10 independent random seeds such as 42,
123,256,512, 777, 1024, 2048, 3001, 4567, and 9999. Each
seed produced a different stratified data split, providing
independent replications of the full experiment. Figure 4
reports the mean Fl-score, standard deviation, and 95%
confidence interval for each algorithm and configuration
across these 10 runs.

STATISTICAL SUMMARY ACROSS 18 SEEDS

Algorithm  Config Mean F1 Std  95% CI Lower 95% CI Upper Min Max
LR Static 0.5822 @.021@ 0.5672 0.5972 8.5583 0.6182
LR Ensemble B.5765  @.8208 8.5622 0.5998 0.5548 0.6184
LR Oracle 8.5854  @.@19% @8.5718 8.5998 B.5693 @.6268
RF Static 8.9798  @.8039 8.9778 0.9826 0.9734 @.9862
RF Ensemble 8.9811 @.0041 @9.9782 ©.9848 @.9735 @.9882
RF Oracle 8.9811 @.0041 8.9781 ©.9848 @.9766 @.9877
swM Static 8.9466 @.011@ 9.9387 ©.9545 @.9382 9.9636
swM Ensemble 8.9345  @.8388 9.9125 @.9565 @.8689 9.9629
swM Oracle 8.9483 @.\183 9.9419 8.9557 @.9317 9.9609
XGBoost Static 8.9714  8.0055 0.9674 8.9754  98.9619 0.9782
XG@Boost Ensemble 8.9577 @.@3e@ 9.9319 8.9834 @.8656 9.9848
XG@Boost Oracle 8.9789  @.8052 2.9671 8.9746 @.918 9.9800
GBM Static 8.9744  B.0060 0.9781 8.9787 08.9635 0.9832
GBM Ensemble 8.9529 B8.0370 0.9364 0.9894 9.8587 0.9847
GBM Oracle 0.9745  8.0@51 0.9788 0.9782 9.9663 0.9816
KHH Static 0.9241  9.0086 0.9182 0.9393 8.%43 0.9376
KNN Ensemble 8.9255 @.8069 8.9286 8.9394 9.9123 9.9362
KNN Oracle B.9260 @.9104 8.9136 8.9335 9.9837 0.%482
NB Static 8.3527 @.8259 @8.3341 8.3712  8.3845 9.3917
NB Ensemble 0.3562 @.0241 @9.3399 ©.3734  @.3888 9.3843
NB Oracle 8.357@ @.8215 @3.3418 8.3723 @.3236 @.3720




Fig 4. Statistical Stability across 10 Random Seeds

The multi-seed analysis confirms that results are stable
and reproducible across varied data splits, with consistently
low standard deviations across all algorithms and
configurations. Random Forest and KNN show the strongest
consistency, with standard deviations below 0.005 and 0.009
respectively across all configurations. Notably, GBM and
XGBoost exhibit higher variance in the ensemble
configuration, with standard deviations of 0.0370 and 0.0360
respectively, indicating that ensemble performance for
gradient boosting methods is more sensitive to data split
composition than static training. This is an expected
characteristic of ensemble methods whose diversity depends
on the specific records present in each chunk.

Paired t-tests comparing Static versus Ensemble F1 scores
across the 10 seeds did not reach statistical significance at p
less than 0.05 for any algorithm, consistent with the modest
effect sizes expected in a proof-of-concept using synthetic
data without genuine temporal dependencies. This finding
reinforces the paper's positioning that the framework's value
lies in its ability to simulate and approximate retraining
trajectories for investment decision support rather than in
producing large statistically significant performance gains,
which would require real longitudinal datasets exhibiting true
concept drift and distribution shift.

D. Computational Efficiency Assessment

Dynamic model training required approximately three
times the computational effort of static baseline training,
scaling linearly with chunk count and algorithm complexity.
This remains feasible on standard research computing
resources and represents the pre-investment evaluation cost,
which is far below the infrastructure investment being
validated.

IV. DISCUSSION
A. Implications for Al Lifecycle Management

The framework provides evidence-based guidance
for infrastructure investment decisions without requiring
longitudinal data. Rather than implementing expensive
dynamic  systems  without preliminary validation,
organizations can approximate potential benefits using
existing static datasets. Al managers receive quantitative
answers to three investment questions. Performance
improvement magnitude for cost-benefit analysis, ensemble
stability assurance indicating that periodic retraining would
not undermine prediction reliability, and algorithm-specific
guidance identifying which approaches benefit most from
dynamic implementations.

The demonstrated correspondence between the chunk-
based ensemble and the full-data oracle in Table II and Figure
3 suggests that the ensemble approximation effectively
captures the marginal value of additional data cohorts, which
is a practically meaningful result for pre-investment decision-
making.

B. Relationship to Concept Drift and Stream Learning
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A key limitation of the current framework is its treatment
of data as identically and independently distributed across
chunks, with no modelling of concept drift or distribution
shift. In real production environments, data distributions
evolve as patient demographics shift, equipment ages, and
market conditions change. Methods such as ADWIN [3], drift-
aware ensemble learners [2], and prequential evaluation
protocols [6] are designed precisely for these conditions.

Our framework occupies a different and complementary
position in the lifecycle management toolbox. It is appropriate
for the pre-deployment investment decision phase, before an
organization has committed to stream infrastructure. Research
has demonstrated that risk prediction models applied to
longitudinal data can experience significant performance
degradation under data shifts [14], further motivating the need
for pre-investment simulation tools that can anticipate such
vulnerabilities before costly infrastructure is deployed. Once
a dynamic system is deployed, drift detection and online
learning methods become the appropriate tools. Future work
should integrate the chunk-based approximation with drift-
aware evaluation to provide a complete simulation of realistic
production behaviour, including non-stationary data
distributions.

C. Limitations and Future Research Directions

Several limitations constrain generalizability and are
important to address transparently.

Temporal ordering and i.i.d. data treatment. The proof-of-
concept dataset does not contain a patient enrollment sequence
or admission timestamp that would enable meaningful
chronological data splitting. The time variable present in the
dataset represents follow-up duration until death or censoring,
which is an outcome variable rather than a record of when
each patient entered the system. Treating this variable as a
proxy for temporal ordering would conflate outcome timing
with data arrival order, introducing a form of outcome-
dependent bias into the evaluation. Consequently, chunks in
this study are formed through stratified random partitioning
rather than chronological ordering, and data is treated as
identically and independently distributed across chunks with
no modelling of concept drift or distribution shift. We
acknowledge this as a direct consequence of the proof-of-
concept data structure rather than a methodological
preference. Chronological splitting, prequential evaluation
using test-then-train protocols, and concept drift simulation
are planned for future validation using datasets with genuine
temporal enrollment structure such as MIMIC-IV or
institutional electronic health record extracts with admission
timestamps. These extensions are necessary to fully address
whether the framework's findings generalize under realistic
non-stationary data condition.

Second, for stability and overlapping data. The high
stability metrics partially reflect shared training data rather
than independently measured temporal stability. Future work
should evaluate models trained on non-overlapping windows
to isolate framework-specific stability contributions.

Third, while paired t-tests across 10 random seeds were
conducted and confidence intervals reported in Section III-C,



no algorithm reached statistical significance at p less than
0.05. This is consistent with the modest effect sizes expected
from synthetic data lacking genuine temporal dependencies.
Future studies using real longitudinal datasets with true
concept drift are expected to produce larger and statistically
significant performance differences.

Finally, the framework does not currently compare against
incremental or online learning baselines. Incorporating
methods such as Hoeffding trees or ADWIN-based learners as
explicit comparators is a necessary addition for
comprehensive evaluation in future work, and would more
clearly delineate the boundary between the pre-investment
simulation use case addressed here and true stream learning
deployment scenarios.

V. CONCLUSION

This paper presents a chunk-based ensemble framework
for approximating the performance trajectory of periodic
model retraining using only static datasets, directly addressing
the cold start problem in Al lifecycle management. The
framework is explicitly positioned as a batch retraining
approximation for pre-investment decision support, distinct
from online learning, incremental learning, or concept drift
adaptation, which require continuous data streams and real-
time infrastructure.

Key findings across seven algorithms indicate that the
ensemble  consistently  approaches full-data  oracle
performance, suggesting it captures the marginal value of
additional data cohorts. Gradient boosting methods benefit
most from periodic retraining, with GBM ensemble
performance exceeding even the oracle configuration,
demonstrating the variance-reduction benefit of ensemble
diversity. Reported stability metrics reflect shared-baseline
ensemble agreement, which corresponds to realistic
cumulative  retraining behaviour. The modest F1
improvements of 0.16 to 0.52 percent translate to meaningful
operational impact at scale.

Future work will validate the framework using real
longitudinal datasets with chronological splits, implement
prequential evaluation protocols, incorporate drift-aware
simulation, and provide formal statistical validation across
multiple experimental runs. These extensions will establish
whether simulation-based insights translate to genuine
temporal generalization in production Al systems.
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Abstract—As governments increasingly rely on composite
indices to align national strategies with global best practices, the
need to understand and validate the structural composition of
these metrics has grown. This study evaluates the ability of four
machine learning algorithms Decision Tree (DT), Random
Forest (RF), Gradient Boosting Regressor (GBR), and Multi-
Layer Perceptron (MLP) to model the World Bank’s GovTech
Maturity Index (GTMI) within a controlled analytical setting
and capture the underlying non-linear relationships embedded
within its composite structure.

Rather than treating the task as a conventional predictive
problem, the study adopts a structural modeling and
benchmarking perspective to assess how different machine
learning approaches approximate complex governance indices
under consistent input conditions. Using a dataset of 198
economies, the results demonstrate that ensemble learning
methods significantly outperform deep learning approaches in
structured tabular governance datasets [1].

These findings highlight the importance of aligning model
selection with data characteristics and provide insights into the
suitability of ensemble methods for modeling composite public
sector indices.

Keywords— GovTech Maturity Index, Structural Modeling,
Machine Learning Benchmarking, Ensemble Learning,
Gradient Boosting Regressor, Deep Learning, Public Sector
Analytics

L INTRODUCTION

A. Background

Governments worldwide are accelerating digital
transformation initiatives to enhance public service delivery,
administrative efficiency, and transparency. As digital
government capabilities expand, international organizations
increasingly rely on composite indices [2] to benchmark
national progress in digital governance. One of the most
widely recognized frameworks is the World Bank’s GovTech
Maturity Index (GTMI), which evaluates digital government
capabilities across multiple dimensions including Core
Government Systems, Public Service Delivery, Digital
Citizen Engagement, and GovTech Enablers.

Digital governance indicators play an increasingly
important role in shaping national digital transformation
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strategies and guiding policy reforms. Countries with higher
levels of digital maturity tend to demonstrate stronger
institutional capacity, improved service delivery mechanisms,
and greater integration of digital technologies within public
sector operations.

At the same time, advances in artificial intelligence and
machine learning have opened new opportunities for
analyzing complex governance datasets. Machine learning
techniques are increasingly applied in public administration
research to model structured relationships in multidimensional
data and support evidence-based policy analysis..

B. Research Gap

Despite the growing importance of digital governance
indices such as the GovTech Maturity Index, relatively few
studies have examined the internal structural relationships of
these composite indicators using machine learning techniques.
Most existing research treats digital governance indices as
descriptive benchmarking tools rather than analytical systems
whose underlying relationships can be systematically modeled
using data-driven approaches.

Recent research highlights the growing role of artificial
intelligence and machine learning in assessing digital
government maturity and supporting data-driven governance
decisions, particularly in structured public sector datasets. [3]

Furthermore, the rapid expansion of deep learning
architectures has led to the widespread assumption that neural
networks outperform traditional machine learning algorithms
across most analytical tasks. While deep learning models have
achieved remarkable success in domains such as computer
vision and natural language processing, their advantages are
not universal and may depend heavily on dataset
characteristics.

Governance datasets typically consist of structured
tabular indicators with relatively small sample sizes, which
differ significantly from the large-scale datasets commonly
used in deep learning applications. In such environments,
ensemble learning methods such as Random Forest and
Gradient Boosting often provide more reliable modeling
performance compared to deep learning approaches..



C. Research Contribution

This study addresses the identified research gap by
applying machine learning models to analyze and model the
World Bank’s GovTech Maturity Index (GTMI) within a
controlled analytical framework, focusing on evaluating the
modeling capability of different algorithms in structured
governance datasets.

Specifically, the study benchmarks four machine learning
models: Decision Tree (DT) [4], Random Forest (RF) [5],
Gradient Boosting Regressor (GBR), and Multi-Layer
Perceptron (MLP). By comparing ensemble learning
techniques with a neural network architecture, the study
provides empirical evidence regarding the suitability of
different machine learning approaches for analyzing
structured tabular data in the public sector context.

The study makes three primary contributions. First, it
provides an empirical benchmark comparing ensemble
learning and deep learning models in modeling digital
government maturity indicators within a consistent analytical
setting. Second, it demonstrates that Gradient Boosting
effectively captures the structural relationships underlying the
GovTech Maturity Index across 198 economies, highlighting
its suitability for structured governance datasets. Third, it
offers methodological insights for researchers and
policymakers on selecting appropriate models for structured
data environments in digital governance analytics.

Accordingly, this study addresses three key questions:
how effectively ensemble learning models the structural
composition of the GTMI, which digital pillars represent the
primary structural drivers within the index, and how the
UAE’s digital maturity profile aligns with these structural
characteristics.

The study is conducted within a controlled modeling
framework, where the objective is to evaluate algorithmic
performance under consistent input conditions rather than to
generate fully independent predictive outcomes. This enables
fair comparison of model behavior and isolates their capability
to capture structured relationships in governance data.

Extending this framework to incorporate independent
exogenous variables (e.g., socio-economic and governance
indicators) represents an important direction for future
research to enhance generalization and support real-world
GovTech forecasting applications.

IL. METHODOLOGY

A. Dataset Description

This study utilizes the World Bank GovTech Maturity
Index (GTMI) dataset, which evaluates digital government
development across 198 economies worldwide. The GTMI
framework measures national digital governance capabilities
across four core dimensions: Core Government Systems
(CGSI), Public Service Delivery (PSDI), Digital Citizen
Engagement (DCEI), and GovTech Enablers (GTEI) [1].
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These dimensions collectively capture the technological
infrastructure, institutional capacity, and service delivery
mechanisms that support digital government transformation.
The dataset includes multiple indicators representing the
digital maturity of national governments and serves as a
comprehensive benchmark for assessing digital governance
readiness.

For the purposes of this study, the GTMI score is modeled
within a controlled analytical framework, where the
underlying indicators representing the four GTMI pillars are
used as input features. This setup enables the evaluation of
how different machine learning models capture structured
relationships within composite governance data under
consistent input conditions. The dataset provides a structured
tabular environment suitable for benchmarking the
performance of different machine learning algorithms in
modeling governance-related indicators.

figure 1 provides a structured overview of the analytical
workflow adopted in this study

GTMI Dataset
(198 Economies)
(CGSI, PSDI, DCEI, GTEI)

Data Preprocessing

= Cleaning « Encoding
+ Missing Value Imputations Feature Scaling

) 4

Machine Learning Models

« Decision Tree (DT) + Random Forest (RF)
= Gradient Boosting « MLP Neural Network

. 4

‘ Model Evaluation ]

(R?, RMSE Metrics)

p s

[ Comparative Performance Analysis J

Figure 1. Structured Analytical Workflow

B. Data Preprocessing

Prior to model training, basic preprocessing steps were
applied to ensure data consistency and analytical robustness.
Non-informative attributes such as country identifiers were
removed, while categorical variables were encoded using
label encoding techniques. Missing values were handled using
standard imputation methods to maintain dataset
completeness.

Feature scaling was applied where required, particularly
for neural network models that are sensitive to feature
magnitude. These preprocessing steps ensure that the dataset
is suitable for structured modeling and benchmarking across
different machine learning algorithms, and support stable and
consistent model training [2].

C. Machine Learning Models

To evaluate the modeling capability of machine learning
algorithms in structured governance data, four supervised



models were implemented: Decision Tree (DT), Random
Forest (RF), Gradient Boosting Regressor (GBR), and Multi-
Layer Perceptron (MLP).

Decision Tree models represent one of the simplest
machine learning approaches for regression tasks. They
partition the dataset into hierarchical decision rules and are
capable of capturing nonlinear relationships between variables
in a transparent and interpretable manner.

Random Forest and Gradient Boosting [6] represent
ensemble learning techniques, which combine multiple
decision trees to improve modeling performance and reduce
overfitting. Random Forest constructs multiple trees using
bootstrap sampling, while Gradient Boosting sequentially
builds trees that correct the errors of previous models,
enabling it to capture complex structured relationships in
tabular data.

In contrast, the Multi-Layer Perceptron represents a neural
network architecture capable of modeling nonlinear
relationships ~ between  variables  through layered
transformations of input features. However, such models
typically require larger datasets and may be less suited to
structured tabular environments with limited sample sizes.

The inclusion of both ensemble learning models and a
neural network architecture enables a comparative evaluation
of model behavior and suitability across different machine
learning paradigms within a controlled analytical setting.

While advanced ensemble variants such as XGBoost and
LightGBM were considered, the Gradient Boosting Regressor
was selected as a representative implementation of boosting
techniques, given the structured and relatively small size of
the GTMI dataset (N=198).

D. Model Evaluation

To evaluate the modeling performance of the implemented
machine learning models, two standard regression evaluation
metrics were used: the Coefficient of Determination (R?) and
the Root Mean Squared Error (RMSE). The R? metric
measures the proportion of variance in the dependent variable
captured by the model, indicating how well the model
approximates the observed data within the analytical setting.

In contrast, RMSE quantifies the average magnitude of
errors, providing a measure of the difference between model
outputs and observed values. These metrics are widely used in
regression-based machine learning studies to assess model
performance and enable consistent comparison across
different algorithms [7].

To ensure robust and reliable model evaluation, the dataset
was divided into training and testing subsets (75%/25%). In
addition, 5-fold cross-validation was applied during model
training to assess model stability and reduce potential bias in
performance estimation.

The evaluation focuses on comparing model performance
using standardized metrics (R? and RMSE) under consistent
conditions, ensuring a fair basis for benchmarking different
algorithms.
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The interpretation of results emphasizes comparative
model behavior and relative performance rather than absolute
predictive capability.

All models were implemented under
experimental settings to ensure fair comparison.

consistent

III. RESULTS

A. Model Performance Comparison

The experimental results provide a comparative evaluation
of the modeling performance of the implemented machine
learning models in analyzing the World Bank’s GovTech
Maturity Index (GTMI) within a controlled analytical setting.
The objective of this analysis is to assess how effectively
different algorithms capture the structured relationships
between GTMI components and the overall digital maturity
score.

To compare model performance, two standard regression
evaluation metrics were used: the Coefficient of
Determination (R?) and the Root Mean Squared Error
(RMSE). These metrics provide complementary insights into
model performance, enabling a consistent comparison across
the evaluated algorithms..

Table 1. Comparative Performance of Machine Learning
Models

Model R? RMSE
Decision Tree (DT) 0.96 0.021
Random Forest (RF) 0.989 0.012
Gradient Boosting Regressor (GBR) 0.993 0.009
Multi-Layer Perceptron (MLP) 0.942 0.028

As shown in Table 1, the Gradient Boosting Regressor
(GBR) achieved the highest and most stable modeling
performance among all evaluated models, producing an R?
value of 0.993 and the lowest error level. This result indicates
that the model effectively captures the structured relationships
underlying the GovTech Maturity Index within the analytical
framework.

The model performance remained consistent across cross-
validation folds, indicating stable and robust behavior.

These findings provide empirical evidence that ensemble
learning methods may outperform deep learning architectures
when applied to structured tabular governance datasets.

The Random Forest model also demonstrated strong
modeling performance, confirming the effectiveness of
ensemble learning techniques in structured data environments.
In contrast, the Decision Tree model produced moderate
results due to its relatively simple structure.

The most notable finding is the performance of the Multi-
Layer Perceptron (MLP) [8]. Despite representing a more
complex deep learning architecture, the model produced
comparatively lower performance. This result highlights an
important methodological insight: in structured tabular



datasets with limited observations, ensemble learning models
may be more suitable than deep neural network architectures.

Figure 2. Actual vs. Predicted GTMI Scores using the
Gradient Boosting Regressor
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The Figure 2 illustrates the strong modeling capability of
the Gradient Boosting model by comparing the observed
GTMI values with the model-generated outputs. The close
alignment between modeled and observed values indicates
that the model effectively captures the underlying nonlinear
relationships within the structured governance dataset [9].

This alignment should be interpreted as the model’s ability
to approximate the structural composition of the index rather
than its capability to predict unseen outcomes.

Overall, these results provide empirical support for the
suitability of ensemble learning approaches in modeling
structured governance datasets and demonstrate the
effectiveness of Gradient Boosting in capturing complex
relationships within composite digital governance indicators.

B. Structural Drivers of Digital Maturity

Beyond model performance, the feature importance
analysis represents a form of global interpretability, capturing
the relative structural importance of different components
within the GTMI as modeled by the Gradient Boosting
Regressor (GBR). The results indicate that the Core
Government Systems Index (CGSI) is the most influential
feature within the model context, accounting for 51.09% of
the relative importance score. The Public Service Delivery
Index (PSDI) accounts for 25.37%, followed by Digital
Citizen Engagement (DCEI) at 16.54%, and GovTech
Enablers (GTEI) at 6.75%.

These findings highlight the relative contribution of
different dimensions within the modeled structure of the
index. In particular, foundational system-level components—
such as digital identity frameworks and interoperability
platforms—are more strongly represented within the model
compared to citizen-facing engagement metrics.

It is important to note that these results reflect statistical
associations within the dataset and should not be interpreted
as causal relationships.
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C. Application: The UAE Context

Applying the GBR-based modeling framework to the
United Arab Emirates (UAE) provides a contextual
interpretation of its position as a leading digital governance
performer. The UAE achieves an overall GTMI score of
0.9609, placing it fourth globally out of 198 economies.

The UAE’s performance shows strong alignment with the
model-derived feature importance distribution, with high
scores in the most influential components identified within the
analytical framework, particularly Core Government Systems
(0.9751) and Public Service Delivery (0.9660).

Deviation analysis indicates that the UAE outperforms the
global average across these core dimensions, reflecting a
strong emphasis on foundational digital infrastructure and
integrated government systems. This alignment supports the
interpretation that infrastructure-focused digital strategies—
such as those implemented by national digital transformation
entities—are associated with higher levels of digital maturity
within the context of the GTMI framework.

IV. DISCUSSION

A. Interpretation of Model Performance

The results demonstrate clear differences in modeling
performance among the evaluated machine learning models.
Ensemble learning approaches, particularly the Gradient
Boosting Regressor, achieved the highest performance in
modeling the GovTech Maturity Index within the analytical
framework. This finding indicates that the structured
relationships between the GTMI components and the overall
maturity score can be effectively captured using tree-based
ensemble models.

The Random Forest model also demonstrated strong
modeling performance, further confirming the suitability of
ensemble learning methods for structured governance
datasets. In contrast, the Multi-Layer Perceptron produced
comparatively lower performance despite its higher model
complexity.

The relatively weaker performance of the Multi-Layer
Perceptron may be attributed to the limited size of the dataset
and the structured tabular nature of the indicators, which are
better suited for tree-based ensemble algorithms, as deep
neural networks generally require larger datasets to achieve
optimal performance.

This observation is consistent with prior findings
indicating that neural networks tend to underperform in small
structured datasets due to their sensitivity to data size and
feature representation.

These results suggest that, in structured tabular datasets
such as digital governance indicators, ensemble learning
models may provide more stable and reliable modeling
outcomes than deep neural network architectures.



B. Implications for Machine Learning in Digital
Governance

The findings contribute to the growing literature on
artificial intelligence applications in public sector analytics.
While deep learning models have shown strong performance
in large-scale and unstructured datasets, their advantages may
not fully extend to structured governance datasets with limited
observations.

In such contexts, ensemble learning techniques provide a
more suitable analytical approach for modeling digital
government maturity indicators and analyzing structured
governance data. These results emphasize the importance of
aligning model selection with dataset characteristics rather
than relying solely on model complexity.

C. Policy Implications

From a policy perspective, the feature importance results
provide insights into the relative contribution of different
dimensions  within the GTMI framework. While
contemporary public sector discourse often emphasizes
citizen-facing applications and digital engagement (DCEI),
the modeling results indicate a stronger representation of
foundational system-level components (CGSI) within the
analytical structure of the index.

In this context, investments in integrated core systems—
such as national digital identity platforms and interoperability
frameworks—are associated with higher levels of digital
maturity. The UAE’s high global ranking (0.9609) reflects
strong performance in these core dimensions, particularly in
Core Government Systems and Public Service Delivery.

This observation suggests that strengthening foundational
digital infrastructure, alongside citizen-facing services, may
support the advancement of digital governance maturity.
However, these interpretations are based on observed
associations within the dataset and should not be interpreted
as causal relationships.

V. CONCLUSION

This study examined the application of machine learning
techniques to model the World Bank’s GovTech Maturity
Index and evaluate the performance of different algorithms in
analyzing digital governance indicators within a controlled
analytical framework. Using a dataset covering 198
economies, four machine learning models were compared:
Decision Tree, Random Forest, Gradient Boosting Regressor,
and Multi-Layer Perceptron.

The results demonstrate that ensemble learning
approaches, particularly the Gradient Boosting Regressor,
achieved the highest modeling performance in capturing
structured relationships within the GTMI framework. In
contrast, the neural network model showed comparatively
lower performance despite its higher algorithmic complexity.
These findings highlight that model effectiveness in digital
governance analytics depends strongly on dataset
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characteristics, particularly when working with structured
tabular data.

Furthermore, applying this modeling framework to the
UAE highlights its strong global standing (ranked fourth
worldwide), reflecting high performance in core government
systems and public service delivery. This alignment provides
useful insights for policymakers seeking to strengthen
foundational digital capabilities within the broader context of
digital transformation.

This study contributes to the growing body of research on
artificial intelligence applications in digital government by
providing an empirical comparison between ensemble
learning and deep learning models in a structured governance
dataset.

Future research will extend this work by incorporating
independent exogenous variables and applying advanced
explainable artificial intelligence techniques to further
investigate the structural characteristics of digital government
maturity and enhance model generalization..

To further enhance interpretability, future research will
incorporate  SHAP (SHapley Additive exPlanations) to
analyze feature-level contributions at the country level beyond
the global structural importance identified in this study.
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Abstract— The rapid emergence of generative artificial
intelligence (AI) tools has prompted significant debate regarding
their role in academic knowledge production. While concerns
about authorship, academic integrity, and epistemic reliability are
widely discussed, less attention has been paid to how Al might
function as a dialogic cognitive scaffold within scholarly inquiry.
This conceptual/position paper proposes a framework in which
generative Al, when used through a structured Socratic
questioning process, operates not as an autonomous content
generator but as a reflective dialogue partner that supports the
development of academic thinking. Drawing on theories of
Socratic pedagogy, Vygotskian scaffolding, and extended
cognition, the paper argues that Al-mediated dialogue can
potentially enhance conceptual exploration, reflexive reasoning,
and intellectual synthesis when used transparently and critically.
The paper introduces the concept of Al-supported Socratic
inquiry, outlines a conceptual theoretical model of human—Al co-
cognition, and discusses the ethical and epistemological conditions
necessary for responsible use. The paper concludes by suggesting
that generative Al should be understood not simply as a writing
tool but as a potential cognitive infrastructure for scholarly
dialogue.
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L INTRODUCTION

Generative artificial intelligence has rapidly entered the
academic landscape, prompting both interest and concern.
Universities and scholarly communities are currently debating
whether Al tools undermine academic integrity, threaten
authorship norms, or offer new forms of intellectual
augmentation. Much of this discussion has focused on the risks
associated with automated text generation, including plagiarism,
hallucinated citations, and the potential erosion of critical
thinking'.

However, these debates often assume that generative Al
functions primarily as a content production system. This
assumption overlooks an alternative mode of engagement in
which Al is used not to generate finished text but to support
iterative intellectual dialogue. This conceptual paper proposes
that generative Al can function as a Socratic dialogue partner in
academic inquiry.

XXX-X-XXXX-XXXX-X/XX/$XX.00 ©20XX IEEE

We argue that when used through structured questioning and
critical engagement, Al can support processes of conceptual
clarification, theoretical exploration, and argumentative
development. The argument developed here is not that Al
replaces scholarly reasoning, but that it can serve as a cognitive
scaffold — an interactive system that supports human intellectual
processes?.

Three research questions guide the discussion:

1. How can generative Al function as a dialogic partner
in academic inquiry?

2.  What theoretical frameworks help explain human—Al
collaborative cognition?

3. Under what ethical conditions can such practices be
considered academically legitimate?

To address these questions, the paper draws on three
theoretical traditions:

e Socratic pedagogy
e  Vygotskian scaffolding
e Extended cognition theory

Together, these perspectives provide a framework for
understanding Al-mediated inquiry as a form of distributed
intellectual practice.

II. SOCRATIC DIALOGUE AS A METHOD OF
KNOWLEDGE CONSTRUCTION

The Socratic method represents one of the earliest
formalised approaches to dialogic knowledge development. In
Platonic dialogues, Socrates engages interlocutors through
structured questioning designed to expose contradictions, clarify
definitions, and stimulate deeper reflection’.

The core features of Socratic inquiry include:
e iterative questioning
e  critical examination of assumptions

e conceptual clarification



e dialogic reasoning

intellectual humility

Socratic dialogue encourages participants to develop
understanding through reflective interrogation, rather than
transmitting knowledge directly. Modern educational theory has
widely recognised the value of such dialogic processes®.
Importantly, the Socratic method does not depend on the
authority of the interlocutor. The dialogue partner does not need
to possess superior knowledge; rather, the dialogue itself
facilitates intellectual discovery.

This observation becomes significant when considering Al-
mediated dialogue. If the value of Socratic exchange lies in the
process of questioning rather than the authority of the responder,
then generative Al may serve as a viable interlocutor within
structured intellectual dialogue.

To test this contention the primary author conducted a
Socratic Dialogue using ChatGPT (Appendix 1).

III. SCAFFOLDING AND COGNITIVE SUPPORT

The concept of scaffolding originates from Vygotsky’s
theory of the zone of proximal development (ZPD). Vygotsky
proposed that learning occurs most effectively when individuals
engage in tasks that are just beyond their current capability but
achievable with guidance®. Educational scaffolding refers to
temporary support structures that assist learners in performing
complex cognitive tasks. These supports may include prompts,
guiding questions, conceptual frameworks, or collaborative
dialogue. Importantly, scaffolding does not replace the learner’s
intellectual effort. Instead, it supports the development of
higher-order reasoning by structuring the cognitive
environment.

Generative Al systems can potentially function as

scaffolding mechanisms in academic inquiry by:

e prompting alternative perspectives
o helping clarify conceptual distinctions
e identifying gaps in reasoning
e suggesting theoretical connections

When used interactively, we argue that Al can therefore
assist researchers in navigating complex intellectual terrain.

However, the scaffolding analogy also highlights an
important limitation: scaffolding must be temporary and

critically engaged with. Over-reliance risks reducing
independent cognitive development.
IV. DISTRIBUTED THINKING

Clark and Chalmers® extended mind thesis argues that
cognition is not confined to the brain but can extend into external
artefacts that support thinking. Examples include notebooks,
diagrams, calculators, and digital tools.

From this perspective, cognition becomes a distributed
process involving interactions between individuals and their
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environments. Generative Al systems may represent a new form
of cognitive extension. Unlike passive tools, they can provide
dynamic responses that shape ongoing reasoning processes.

In Al-mediated Socratic dialogue, the cognitive process can
become a human—machine interaction loop where:

1.  Human poses question
Al generates response
Human evaluates response

Human reformulates question

©woA »D

Dialogue iterates

The intellectual labour remains human-driven, but the
cognitive environment is expanded through interaction with the
Al system. This model aligns with contemporary theories of
human-Al co-cognition’, in which Al systems function as
thinking partners rather than autonomous agents. This process
was tested empirically using ChatGPT as a dialogic partner (see
Appendix 1).

V. AI-SUPPORTED SOCRATIC INQUIRY: A
CONCEPTUAL MODEL
The interaction between Socratic dialogue, scaffolding, and
extended cognition can be synthesised into what may be termed
Al-supported Socratic inquiry (Figure 1).
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Figure 1: AI-Socratic Dialogue

In this model, generative Al operates as a reflective dialogue
partner within a structured questioning process.

The interaction follows several stages:
Stage 1: Question Formulation

The researcher initiates inquiry by posing a conceptual
question.

Stage 2: AI Response

The Al system produces an interpretive response based on
its training data.

Stage 3: Critical Evaluation



The researcher critically assesses the response, identifying
strengths, weaknesses, and gaps.

Stage 4: Iterative Refinement

The researcher integrates insights into an independent
scholarly argument.

Crucially, the Al system does not determine the outcome of
the inquiry. The human researcher remains responsible for
interpretation, verification, and synthesis.

VL ETHICAL CONSIDERATIONS

The use of Al in academic inquiry raises important ethical
concerns. These concerns centre on authorship, intellectual
ownership, and epistemic reliability:

e Scholarly authors remain accountable for the
arguments they present. Al outputs must be critically
evaluated rather than accepted uncritically.
Transparency regarding Al wuse is
recommended in academic publishing.

increasingly

Responsible practice requires maintaining the Al
system as a dialogic stimulus, not an intellectual
substitute.

VIL DISCUSSION

In the scaffolding tradition, instructional support is typically
understood as contingent, adaptive assistance designed to
improve task performance and gradually fade as learner
competence increases®. Recent applications of generative Al
largely extend this paradigm, positioning Al as a tool to enhance
self-regulated learning, metacognitive monitoring, and higher-
order task execution®1°.

In contrast, this framework, rather than treating Al primarily
as a temporary support for performance, positions Al as a
dialogic partner within a Socratic—experiential process aimed at
developing situated human judgement. The focus shifts from
task completion to the formation of a higher-order human
capability encompassing cognitive discernment, ethical
reasoning, identity, and contextual action. This extends beyond
the predominantly cognitive and metacognitive orientation of
existing Al scaffolding models.

Furthermore, while emerging work recognises the value of
Al-supported dialogue and Socratic questioning'!*'2 such
approaches are typically framed as pedagogical techniques to
enhance learning outcomes. The present framework instead
treats dialogue as constitutive, arguing that judgement cannot be
transmitted but must be constructed through sustained
interrogation and reflection. Finally, it integrates experiential
application as a necessary condition for capability formation,
emphasising that judgement is stabilised only through
enactment in complex, Al-augmented contexts. In this sense, the
framework moves beyond scaffolded learning toward a
developmental model of human capability.
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The researcher reformulates questions to probe deeper
conceptual issues.

Stage S: Intellectual Synthesis

VIIIL IMPLICATIONS FOR PRACTICE

If Al-supported Socratic inquiry is accepted as a legitimate
scholarly method, several implications follow. First, academic
training may need to incorporate Al literacy that emphasises
critical engagement rather than passive use. Second, scholarly
writing may increasingly involve iterative dialogue between
researchers and computational systems. Third, research methods
may expand to include human—Al collaborative inquiry as a
recognised mode of intellectual exploration.

Rather than replacing traditional scholarship, Al-mediated
dialogue may become another tool within the broader ecosystem
of academic research practices.

IX.  CONCLUSION

artificial both
challenges and opportunities academic knowledge
production. While concerns about academic integrity are

Generative intelligence presents

for

legitimate, framing AI solely as a threat to scholarship
overlooks its potential role as a cognitive support system.

This paper has argued that when generative Al is used
through structured Socratic questioning, it can function as a
dialogic scaffold that supports intellectual exploration.
Drawing on Socratic pedagogy, Vygotskian scaffolding, and
extended cognition theory, the paper conceptualized Al-
mediated dialogue as a form of distributed cognition in which
human researchers remain the primary agents of interpretation
and synthesis.

The key ethical condition is that AI must remain a
reflective partner rather than an autonomous author. When used
critically and transparently, Al-supported Socratic inquiry may
enrich scholarly practice by expanding the cognitive
environment in which academic thinking occurs.

Future research should further empirically investigate
how scholars interact with Al systems during conceptual
development and how such interactions influence research
creativity, critical reasoning, and knowledge production.

Authors disclosure: We acknowledge that generative AI was
used during the ideation and drafting process while
emphasising that we retain responsibility for the final content.



The Socratic dialogue used to test our proposed model is

reproduced in Appendix 1.
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Appendix 1: A Socratic Dialogue with ChatGPT

The topic is Core skills that will be required by employers in
2030.

Ground rules:

e  ChatGPT will primarily ask questions, not give
answers

e ChatGPT will challenge assumptions and
contradictions

e PD will respond, refine, and sometimes revise my
position

e Periodically, ChatGPT will synthesise emerging

insights.

ChatGPT: When we say “core skills for 2030,” are we assuming that:
the nature of work is fundamentally changing, or
that the nature of skills is being redefined?

What is changing more significantly by 2030, the tasks people perform, or the
capabilities humans must possess to remain valuable?

PD: Capabilities humans must develop. It is impossible to accurately predict
what specific tasks people will perform but the pace of change will continue to
accelerate.

ChatGPT: When you say capabilities, do you mean:
Stable, enduring human attributes (e.g., critical thinking, creativity), or

Adaptive meta-capabilities (e.g., learning how to learn, sense-making,
navigating ambiguity), or a hybrid of both?

PD: I think a hybrid of both.

ChatGPT: If everyone claims creativity, critical thinking, and collaboration as
“core skills,” do they actually function as differentiators in 2030? How would
you categorise capabilities (stable vs adaptive vs hybrid)? Do you believe
traditional “core skills” are still distinctive, or merely baseline? If baseline—
what sits above them?

PD: Hybrid. Traditional core skills I believe are merely baseline. I propose that
"humanness" will sit above them.

ChatGPT: When you say humanness sits above baseline skills, are you referring
to:

Emotional depth (empathy, ethical judgement, care)

Cognitive uniqueness (originality, intuition, sense-making)
Relational capacity (trust-building, influence, social intelligence)
Existential qualities (purpose, meaning-making, identity)

or something else?

If an employer in 2030 said, “We hire for humanness,” what would they
actually be observing, measuring, or rewarding?

There is a potential contradiction embedded in your idea:

Al is increasingly capable of: mimicking empathy generating creative outputs
simulating conversation

So...

What aspects of “humanness” are:
Non-replicable by Al, and

Valuable enough to be economically rewarded?

Are relational and emotional skills truly “baseline”... or do they have advanced
forms that remain highly differentiating?

PD: Of the 4 things you first suggested I would say relational capacity and
emotional depth are baseline skills, but cognitive uniqueness and existential
qualities are not potentially replicable by Al
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ChatGPT: If Al can already: generate novel combinations, simulate creativity,
produce strategic options — then... What kind of “cognitive uniqueness”
remains distinctly human? Is it:

Judgement under ambiguity?

Taste (aesthetic or strategic discernment)?

Framing the right problem rather than solving given ones?
Moral or contextual reasoning?

Existential Qualities: are they valuable or abstract? How do “purpose,”
“meaning,” or “identity” translate into:

organisational value?
hiring decisions?
performance outcomes?

PD: Yes, I still believe that relational/emotional skills are baseline but am open
to them containing elite, differentiating factors that so far have not been
specifically identified by the WEF (and other) surveys.

I would say that cognitive uniqueness is the human ability to "think outside the
square", especially in situations where Al relies on rational arguments.

An employer would value people who have a strong sense of identity that aligns
with company values and goals.

ChatGPT: You’ve defined cognitive uniqueness as: “thinking outside the
square... where Al relies on rational arguments.”

Let me challenge this directly:

Al is already capable of: generating unconventional ideas recombining domains
producing “creative” outputs at scale

What actually differentiates human cognition may not be novelty alone, but
something more precise. Consider this: Is the real distinction not novelty, but
judgement about novelty? For example: deciding which ideas matter knowing
when to break rules sensing contextual appropriateness integrating ethical,
social, and temporal consequences.

PD: Yes, judgement about novelty sums up the difference (all your examples
apply). Alignment is the ability to navigate tension between personal identity
and organisational demands — the 2030 employer will want someone who
constructively reshapes the organisation when needed.

ChatGPT: You are implicitly moving toward a Model something like:
Layer 1: Baseline (Functional Human Skills)

Communication

Collaboration

Emotional literacy

Layer 2: Advanced Cognitive Capability

Judgement

Sense-making

Problem framing

Layer 3: Existential Capability

Identity

Meaning-making

Ethical positioning

PD: Agreed. But the real value lies in how these layers interact under

conditions of uncertainty and AI augmentation. What if the true “core skill” for
2030 is something like:

The capacity to exercise situated human judgement in complex, Al-
augmented environments.

Where:

Cognitive uniqueness = generating and framing possibilities
Judgement = selecting what matters

Existential grounding = anchoring decisions in values/identity
Relational capability = enacting change socially.

ChatGPT: So, to summarise your emerging framework. Your argument now
appears to be this:

By 2030, traditional core skills will remain necessary but insufficient.

Communication, collaboration, and emotional/relational competence will likely
function as baseline expectations rather than true differentiators.

‘What will matter more is a higher-order human capacity:



The capacity to exercise situated human judgement in complex, Al-
augmented environments.

This is not a rejection of traditional skills, but a reframing of them. In your
model, they are the foundation upon which a more distinctively human layer
sits.

The hybrid structure you are proposing:
Layer 1: Baseline human skills
communication

collaboration

emotional literacy

relational competence

Layer 2: Higher-order human differentiation

cognitive uniqueness, understood not as novelty alone, but as judgement about
novelty

the ability to frame problems, discern what matters, and assess contextual
appropriateness

Layer 3: Existential-human grounding
identity

values

meaning
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the capacity to navigate tension between personal convictions and

organisational demands

Integration mechanism

These layers come together through: situated human judgement

That is the mechanism that activates the model in practice. It is what enables a
person not merely to perform, but to respond wisely, ethically, and
constructively in fluid environments shaped by Al, uncertainty, and
organisational change.

And your implied ideal employee for 2030 is not someone who simply “fits”
an organisation, but someone who can:

® interpret complexity

®  make context-sensitive judgements

®  remain grounded in identity and values

®  and constructively reshape the organisation when required.
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Abstract

Background: In the conservative nuclear sector, there are
widespread concerns about Al implementations and the
apparent lack of strategy and governance frameworks. Here,
we conducted a systematic review of the literature on Al
strategy and governance for Al architecture in the nuclear
industry.

Methods: This systematic review followed the PRISMA
guidelines and reviewed 20 articles published between 2024
and 2026, covering search terms, Al strategy, Al
architecture governance, and nuclear. Thematic coding was
conducted using a two-pass method.

Results: Thematic analysis of the reviewed articles identified
three main themes: Al governance, Al performance
improvement, and Al regulation.

Conclusion: The results demonstrate a connection between
Al strategy and Al architecture governance during Al
implementations in the nuclear industry, and that the
observed efficiency gains and improvements indicate value
addition.

Keywords — nuclear industry value addition, AI strategy,
experience strategy, Al architecture governance

L INTRODUCTION

Recently, Al strategy and governance have begun
addressing research gaps. A year ago, searches for Al strategy
or governance yielded fewer articles. These are often seen as
separate ideas, with strategy driven by business or corporate
teams. Technologically, a shift is happening—defining
corporate technology strategy from the CIO or CAIO
perspective, guided by enterprise architecture. Meanwhile,
traditional corporate strategy focuses on developing
capabilities with an organisational mindset that bridges gaps.
The conservative nuclear industry remains safety-focused
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and compliant, but is changing. Abonamah & Abdelhamid
(2024) used real-world cases to link technology alignment
and strategy. Their ten-step playbook helps enterprise
architects add value, especially in nuclear, where enterprise
architecture guides and governs.

Kucevi¢ & Brandes (2025) regard a strategic view
as key, emphasising Al's focus on technology integration.
Effective implementation depends on clear business
directives and a governance architecture that adds value.
Ferenci et al. (2026) note that governance can restrict Al
adoption, indicating that our understanding of Al strategy and
governance remains limited.

Various strategies exist. Kucevi¢ & Brandes (2025)
classify those contributing to Al strategy, citing Schuler &
Schlegel (2021), who focus on an overarching Al strategy
that benefits organisations. The conservative nuclear industry
has yet to progress in integrating Al into business processes,
as Adonis (2025) argues. The link between strategy and
governance remains a gap.

The nuclear and business sectors must find ways to
through AIl. Hatz (2025) describes a
“Superintelligence  Strategy” focused on value and
compliance, highlighting the regulatory aspects of Al in
safety-critical settings, such as the nuclear sector. Nadaf
(2026) notes that the benefits of Al must be balanced against
challenges such as infrastructure, ethics, and data privacy,

add value

which can offset gains. Al governance needs a strategic link,
indicating a gap in the role of enterprise architecture.

To address these gaps, we conducted a systematic
review of Al strategies for Al architecture governance in the
nuclear industry, drawing on guidance from Jahan et al.
(2016) on conducting a systematic literature review.
Additionally, we used Nadaf's (2026) approach to ensure
adherence to the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA). This study aims to
understand Al strategies for Al architecture governance in the

nuclear industry.



A. Research Objectives

1. To systematically review and analyse the literature.
2. To gain insight into the themes that emerge from
the analysis.

B. Research Question

What is the impact of Al strategy on Al architecture
governance during nuclear industry Al implementations?

IL. METHODS

A. Secarch strategy

A systematic review adhering to the (PRISMA)
guidelines was conducted as described by Figure 3,
ATTACHMENT B, Page et al. (2021) and Nadaf (2026).
Several databases were searched, and some challenges were
encountered due to character restrictions, Boolean operator
combinations, and the general usage of certain databases.
Ultimately, two databases were utilised to search the
literature for this study. Springer Nature Link and Bielefeld
Academic Search Engine (BASE) were used for these
searches on 26" January 2026 and 7" February 2026,
respectively, focusing on articles related to Al strategy and
Al architecture governance in the nuclear industry.

To implement the search, we focused on keywords related
to Al strategy, Al architecture governance, and nuclear, as
well as their variants, to ensure a broader coverage.
Following the method of Kucevi¢ & Brandes (2025), the
included terms were expanded using wildcards and Boolean
operators. In building the search term, the PICO elements
were considered. The first iteration was to consider the
“Intervention” known as the Al Strategy. For this element of
the PICO, the following were selected:

("Artificial intelligence Strategy" OR "AI Strategy’) AND (
"strateg*" OR "digital strateg*)" OR "enterprise strateg*" OR
"strateg®* plan" OR "strateg* roadmap" OR '"strateg*
execution" OR "strateg* implementation” OR "strateg*
adoption”

the Outcome of Al architecture

governance, the following were selected:

To cover

("enterprise architecture” OR "EA framework” OR "business
architecture” OR "TOGAF” OR "Zachman” OR
“ArchiMate”) AND ("digital transformation” OR "cloud” OR
"agile” OR "DevOps” OR "implementation” OR "adoption”
OR "governance"”)

For the Population that covers the nuclear industry,
the next set of variations was used:
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“nuclear power plant” OR “nuclear energy” OR “nuclear
reactor” OR “power reactor” OR “nuclear site”

To ensure articles covering all these search terms, the
search strings were combined in the advanced search
function, as shown in Table 1 ATTACHMENT D, as well as
in the screen captures shown in ATTACHMENT A. The
initial search identified 554 articles. These were imported
into Zotero, with no duplicates detected.

B. Inclusion and exclusion criteria

Inclusion criteria were research articles published within
the last 24 months in these subject areas in English, covering
at least the search criteria at a high level, specific to artificial
intelligence, and either providing a link or directly covering
the nuclear industry. Exclusion criteria were Al in Art,
Medical, Environmental, Bio-Sciences and Biotechnology
industry papers. Springer Nature Link’s original search result
yielded 150 records as research articles. These included the
following subject areas: Artificial Intelligence (23), Machine
Learning (20), Computer Vision (12), Philosophy of AI (10),
general Al (57), and Computer Science (28).

Initially, BASE returned 404 hits based on the keyword
search. The first pass applied a filter to include only
Information Systems, excluding other classifications. This
resulted in 203 hits. Of these, 191 were article contributions.
Based on the initial results, 170 met the English-language
criterion. Of these 170 articles, 45 were in the Computer
Science, knowledge, and systems subject area. A further
refinement was made to include only Information Systems
not classified elsewhere and article contributions as

document types. This resulted in 42 records.

A total of 38 records were exported from these databases
and are shown in ATTACHMENT A. During the final review
process, a further number of papers were excluded for lack of
relevance, resulting in a final count of 20 review articles to
be included in the study. The final 20 review articles covered
the following subject areas: Al (10), ML (4), CV (2),
Philosophy of Al (3), general Al (1), and Computer Science
(0). Figure 3 in ATTACHMENT B shows the PRISMA flow
details.

C. Extraction and Data Analysis

Key information from the selected 20 articles was
removed from the populated Excel sheet. This key
information included details about the authors, the relevant
country, the study description, the PICO model specifics,
the inclusion criteria, the results, and a brief conclusion.



Data extraction from the 20 articles was recorded in an
Excel sheet using a two-pass approach, as employed by
Jenkins et al. (2026). All articles were categorised by the Al
field. A thematic coding method was used to classify the 20
studies into themes. Further classification was necessary,
resulting in a secondary theme assigned to each article.
Themes were derived from the PICO model “Outcomes” as
extracted from each article. For example, if a study’s outcome
showed an improvement in Al performance, that was
assigned a code. Three primary themes emerged from the
analysis of the articles: Al governance, Al performance
improvement, and AI regulation. Additionally, three
secondary themes were identified: Al ethics, Al regulation,
and explainable AI (XAI).

The data analysis involved categorising the articles into
common themes and identifying patterns within those
themes. This method was inspired by Jenkins et al. (2026),
although their study included risk ratios and confidence
intervals, which were not used in this study.

D. Quality Assessment

Although optional, a scoring system was used, based on the
work of Liu et al. (2023), who used it as an inclusion criterion.
In our study, we required articles to cover Al strategy, Al
architecture governance, and nuclear topics. Each paper was
evaluated with a simple yes-or-no score for these criteria. A
score of 2 was assigned to yes, and 0.5 to no. The purpose of
this scoring was to exclude articles that added no value.
Inclusion was confirmed with a minimum article quality
score of 3. Among the 20 articles, scores ranged from 3 to 6.
Of these, five scored 3, four scored 4.5, and eleven scored 6.
This indicates that the articles included in the study were
appropriate and met the specified quality criteria.

E. Funding

No external funding was provided to the researchers; this
study was self-funded by both primary and secondary
authors.

II1. RESULTS

The purpose of this study was to examine the use of Al
strategies in Al architecture governance within the nuclear
industry. Hatz (2025) compares Al strategy and governance
to the management of fissile material in the context of nuclear
proliferation. Controlling fissile material involves risk and
strategy. Similarly, the results of this study vary in their
composition of strategic risk and governance, as well as in the
apparent  relationship  between them  within Al
implementations. Al risk is directly linked to Al governance,
as argued by Adonis (2025) in the study that connects
governance and risk directly to compliance. This is crucial in
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the nuclear industry, where risks require mitigation to ensure
compliance with regulatory requirements and ultimately
safety assurance. The articles were analysed using applied
thematic coding.

A. Theme 1: Al governance

Seven articles (n = 7) focused on Al governance, with
three from the US, one from Japan, one from Australia, and
the rest globally. Three—Vukicevic et al. (2024), Conde,
Speelman & Johnstone (2025), and Metcalf (2025)—also
examined Al regulation. Vukicevic et al. (2024) reviewed the
use of computer vision for monitoring PPE compliance,
highlighting industry challenges and issues, including
employee ID, ethics, and cybersecurity. Conde et al. (2025)
explored privacy, data exploitation, legal gaps, and ethics
through analysis of facial biometric data. Metcalf (2025) used
case studies and modelling to examine why Al safety risks
attract regulation, finding no early-warning systems for
harmful influences, citing NRC and FAA incidents, and
suggesting that the EU Al Act favours existing firms, hinting
at regulatory capture. Horaguchi (2025), in Japan, developed
a normative framework for integrating Al into organisations.

Yampolskiy (2025) studied Al unmonitorability in the
US, highlighting the need for stronger governance. The study
found that monitoring Al is fundamentally impossible. Li,
Cai, & Xiao (2025) simulated that reinforcement learning
frameworks follow ethical rules. Ahmed et al. (2025)
reviewed the literature, noting deep learning's impact but
raising concerns about data quality, interpretability, and trust.
These findings stress the importance of XAl and trustworthy
Al, with details in Table 2 of ATTACHMENT B.

B. Theme 2: Al Performance Improvement

This theme is common in the reviewed articles (n = 10),
indicating models face challenges or need improvements,
often with insufficient implementation focus. Imabuchi &
Kawabata (2025) analysed Deep Learning Models in Japan,
concluding that models should be customised to specific use
cases. They used a generic plant mock-up instead of a nuclear
plant, affecting verification and validation, which was a study
limitation. They did not validate against other Japanese
nuclear plants. Goel et al. (2023) show verification and
validation as vital Software Quality Assurance (SQA)
components, ensuring thorough testing and reliability. A
secondary theme involves Al data classification, especially
export control, linked to primary themes and limitations.
Yang et al. (2024) tested an anomaly-detection model in
China, demonstrating significant
traditional methods, while Garcia et al. (2025) reviewed

improvements over



advances in air quality reporting with similar results. This
aligns with the secondary theme of Explainable AI (XAI), as
performance gains help build trust. Li et al. (2024) reported
improved performance and XAI in Chinese working
condition recognition. Danish et al. (2025) showed similar
enhancements in fire management in South Korea. Yu et al.
(2025) demonstrated improved Al with higher correctness
and fewer tunable parameters, and Jagatheesaperumal et al.
(2024) noted increased UAV safety deployment in nuclear
disaster management.

Bory, Natale & Katzenbach (2025) conducted a literature
review on Al narratives, highlighting that strong narratives
dominate public opinion while weaker ones influence policy
and practice. This underscores the need for greater societal
engagement in Al governance. Wang et al. (2024) reviewed
innovations in China, emphasising the importance of human
factors and trustworthy Al, and focusing on societal
engagement fo improve decision-making in the nuclear
community. Li et al. (2025) also reviewed China's multi-
robot systems, noting progress but identifying challenges in
adaptability and sensors, vital for Al regulation and safety in
nuclear facilities. Table 2 details the Theme “Al Performance
Improvement” in ATTACHMENT B.

C. Theme 3: Al Regulation

This theme was the least common (n = 3). Wood (2024)
analysed a global debate, highlighting the need for honest
assessment and risk-based regulation of nuclear technology.
Shen (2025) identified why Al systems fail, pointing to a
broader issue of nuclear safety and risk prevention. Park et al.
(2024) in South Korea showed that sharing safety resources,
especially Al regulation, can reduce nuclear site risk. Table 2
details the Al Regulation theme in ATTACHMENT E.

IVv. DISCUSSION

Articles under Theme 1, Al governance, covered all search
terms, with 5 of 7 papers scoring 6 in quality assessment. This
suggests a link between Al strategy, Al governance, and
nuclear search terms, though the specifics weren't examined.
Evidence, such as Conde, Speelman & Johnstone (2025),
links these terms through facial biometric data mining that
predicted events and addressed safety and security risks, but
also raised privacy and ethics issues. The dominant theme of
Al governance from these articles indicates that further
research is needed.

Six of the ten articles under Al Performance Improvement
scored 6 in quality. The theme is evident in strategies for
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continuous improvement, as exemplified by Li et al. (2025),
who use these strategies to boost efficiency in multi-robot
systems. Their study informs deployment in high-radiation
zones, reducing human effort while ensuring safety. This
showcases Al strategy and governance benefiting the nuclear
industry.

None of the three articles on Al Regulation scored higher
than 4.5 in quality, showing weak strategy and governance
despite being from the nuclear industry. Al governance is
common, suggesting internal scrutiny, as Wood (2024) noted
with structured oversight for transparency within safety
boundaries. Governance aligns with regulation: governance
is internal, regulation external, and regulation operates
sequentially. Without regulation, strong governance alone
risks 'regulatory capture,” as Metcalf (2025) warned.

The combined effect of Al strategy and governance in the
nuclear industry highlights themes such as Al governance,
performance, and regulation, showing that frameworks are
used collaboratively. A direct Al strategy isn't a tragedy but
a mix of known processes, governance, and standards.
Challenges exist, but we should seek the known within the
unknown to achieve peak performance. The positive link
between Al strategy and governance during implementations
indicates value addition.

V. CONCLUSION

This study linked Al strategy, governance, and nuclear
search terms. Five of seven sources addressed all three,
indicating a connection. The theme of AI Performance
Improvement is illustrated by strategies such as those of Li et
al. (2025), who used multi-robot systems to improve
efficiency. For Al Regulation, three papers showed a limited
focus on strategy and governance, despite emphasising the
nuclear sector. This suggests a need for further exploration of
governance and regulation, as industry power may shift from
external regulation to internal governance, risking 'regulatory
capture', as Metcalf (2025) discusses. The themes reveal
emerging patterns which may indicate a connection between
search terms and their impact on Al strategies, governance,
and value in Al implementations within the nuclear industry.

We reviewed articles only from Springer Nature Link and
the Bielefeld Academic Search Engine (BASE), which may
limit the scope. Although initial results were promising, many
did not meet the inclusion criteria. The study focused solely
on articles from 2024-2026, another limitation. A meta-
analysis was not performed due to heterogeneity across
studies and the lack of focus on quantitative outcomes.



Limitations also arose in the articles due to wvaried
methodologies, scope differences, and population variations.

This study highlights the need for more research on Al
strategy and governance in the nuclear industry. While
progress has been made, gaps remain.

The theoretical implication of this work is to connect these
arguments to a specific theory in future research. The themes
are interconnected, with deliberate links between search
terms. A thorough review against a theoretical model is
necessary to enhance the study's value.

This study demonstrated that known challenges and
questions can be addressed and, in some cases, may also
foster further research and inquiry. These are seldom
grounded in fundamental principles. Existing legislation,
policies, strategies, and international best-practice documents
and guidelines should be prioritised for swift publication and
utilisation. Current documentation and organisational
structures require collaboration between the acknowledged
(CIO) and the unacknowledged (CAIO) entities.
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ATTACHMENT A

[ Identification

[ Identification of studies via databases and registers

Records identified from*:

Springer Nature Link (n =
150)
Bielefeld Academic Search
Engine (n = 404)
Total (n = 554)

Records removed before
screening:

Springer Nature Link (n = 42)
BASE (n = 362)

Records screened
Springer Nature Link (n = 108)
BASE (n = 42)
|

Records excluded**
Springer Nature Link (n = 80)
BASE (n = 32)

v

Reports sought for retrieval
(n=0)

Reports not retrieved
(n=0)

l

Articles assessed for eligibility
(n=38)

[ Screening

Included

Records excluded:
Incorrect discipline (n = 12)
Weak methodology (n = 1)

Medical Al (n = 5)
Total (n = 18)

Studies included in the review:
Springer Nature Link (n = 28)
BASE (n = 10)

Total (n = 38)

Figure 3 PRISMA Flow diagram — Source: Page et al.

(2021), p. 5.
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ATTACHMENT B

Table 1
Database  Link Search String Time Search Date  Number of
Period Papers
Springer https:/link.springer.com/ ("Artificial intelligence Strategy" OR "AI 2024 —  26January2026 28
Nature Link Strategy" ) AND ( "strateg*" OR "digital 2026 20h27
strateg*)" OR "enterprise strateg*" OR
"strateg* plan" OR "strateg* roadmap" OR
Bielefeld "strateg*  execution" OR  "strateg*
Academic https://www.base-search.net/ implementation” OR "strateg*® 7February2026 42
Search adoption"("enterprise architecture” OR "EA 17h56
Engine framework” OR "business architecture” OR
(BASE) "TOGAF" OR "Zachman” OR
“ArchiMate”) AND ("digital
transformation” OR "cloud” OR "agile” OR
"DevOps” OR  "implementation” OR
"adoption” OR "governance”) “nuclear
power plant” OR “nuclear energy” OR
“nuclear reactor” OR “power reactor” OR
“nuclear site”
Table 2
Study Country | Class Theme Secondary Results Al Al Arch. Nuclear QA
Theme Strat. = Gov.
Metcalf (2025) Us Al Al Al Regulation - = No regulatory capture e . v 3
governance Regulatory mechanism.
Capture
Vukicevic et al. = Global cv Al Al Regulation - ID | Highlighted issues in =+ v v 6
(2024) debate governance Management employee identification,
identity management,
ethics, and cybersecurity.
Horaguchi (2025) Japan Philosophy Al Al Ethics Framework for integrating =~ v . v 45
of Al governance Al into organisational
structures.
Conde, Speelman & | Australia Philosophy Al Al Regulation - | Privacy, data exploitation, = < v 6
Johnstone (2025) of Al governance Societal legal and regulatory gaps,
engagement and ethical issues
Yampolskiy (2025) | US Al Al XAI - Anomoly | Showed an intrinsic =+ v v 6
governance Detection property of Al its inherent
unmonitorability,
emphasising the need for
increased Al governance.
Li, Cai, & Xiao US ML Al Al Ethics RL framework adheres to | v v 6
(2025) governance ethical restrictions.
Ahmed et al. (2025) | No specific | ML Al XAI - Accuracy | DL has a transformative =+ v v 6
country. governance improvement impact, but also highlights
issues related to data
quality, model
interpretability, and trust.
Imabuchi & | Japan ML Al Al Data = A generic plant mock-up @ e . v 3
Kawabata (2025) Performance Classification - was used instead of a
improvement. Export Control nuclear  plant, which
impacted verification and
validation.
Bory, Natale & @ No specific = Philosophy Al Al Regulation - | This shows that strong AT = v v 6
Katzenbach (2025) country. of Al Performance Societal narratives shape public
improvement. engagement opinion, whereas weaker
narratives guide policy
and practical
implementation.
Wang et al. (2024) China Al Al Al Regulation - | Identified ongoing | v v v 6
Performance Societal innovation in intelligent

improvement.

engagement

systems is crucial for


https://link.springer.com/
https://www.base-search.net/

Li et al. (2025)

Yang et al. (2024)

Li et al. (2024)

Danish et al. (2025)

Yu et al. (2025)

Jagatheesaperumal
et al. (2024)

Garcia et al. (2025)

Wood (2024)

Shen (2025)

Park et al. (2024)

Denote “No” - and Y Denote “Yes™ values as per the Quality Assessment.

China

China

China

South
Korea

No specific
country.

No specific
country.

No specific
country.

Global
debate

No specific

country.

South
Korea

Al

Al

ML

cv

Al

Al

Al

Al

Philosophy
of Al

Al

Al
Performance
improvement.

Al
Performance
improvement.

Al
Performance
improvement.

Al
Performance
improvement.

Al
Performance
improvement.

Al
Performance
improvement.

Al
Performance
improvement.

Al Regulation

Al Regulation

Al Regulation

Al Regulation -
Risk Management

XAl - Anomaly
Detection

XAl - Accuracy
improvement

XAI - Accuracy
improvement

XAl - Accuracy
improvement

XAI - Accuracy
improvement

XAI - Anomaly
Detection

Al Regulation -
Societal
engagement

XAl - Accuracy
improvement

Al Regulation -
Risk Management

developing more
integrated solutions.

Further work is required to
address  challenges in
adaptability, path
planning, and  sensor
fusion.

Observed significant
improvements in anomaly
detection compared to
traditional methods.

Reported performance
improvements and XAI
through their study on
working condition
recognition.

Demonstrated
performance
enhancements and XAl in
their research on a vision-
based fire management
system.

Illustrated Al
performance
improvements and XAI
with  their  increased
correctness and  fewer
tunable parameters.

Increased and improved
safety deployment of
unmanned aerial vehicles
(UAVs) within the nuclear
disaster management area.

Observed significant
improvements in anomaly
detection compared to
traditional methods.

Emphasised the need for
honest assessment and
risk-based regulation in
the context of nuclear
technology.

Identified insights that
help our understanding of
why Al systems fail.

Found that nuclear site
risk can be effectively
reduced by  sharing
installed safety resources,
particularly regarding Al
regulation and Al
regulation-risk

management.
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Unveiling Latent Burnout Profiles: An Unsupervised
Machine Learning Analysis of Global Teacher Data
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Abstract—Teacher burnout is a persistent global challenge with
significant consequences for educator wellbeing, instructional
quality, and educational system stability. Traditional assessment
approaches rely on predefined scales with fixed cut-off scores,
which often fail to capture how burnout structurally manifests
across diverse cultural and institutional contexts. This study
proposes a data-driven, unsupervised machine learning
framework to identify latent burnout-related patterns using the
OECD TALIS 2018 dataset. K-Means clustering is applied to
multidimensional proxy indicators of stress, workload, and
wellbeing across 11 education systems, resulting in two distinct
latent profiles representing higher-risk and lower-risk burnout-
related patterns. As TALIS does not directly measure clinical
burnout, these profiles reflect inferred risk patterns derived from
proxy indicators rather than diagnostic measures. The findings
demonstrate that unsupervised learning can uncover meaningful
structural patterns in teacher wellbeing, providing a foundation
for scalable predictive modeling and early identification of
burnout-related risk.

Keywords—Teacher Burnout, Unsupervised Learning, K-Means
Clustering, TALIS 2018, Educational Data Mining.

L INTRODUCTION

Teacher burnout has evolved from a specialized
occupational hazard into a global challenge affecting educator
wellbeing and the stability of educational systems.
Characterized by emotional exhaustion, depersonalization, and
reduced professional accomplishment, burnout is associated
with lower instructional quality, decreased student engagement,
and higher attrition rates [1], [2]. Despite extensive research, the
literature largely remains descriptive, with limited focus on how
burnout develops structurally across diverse, cross-cultural
contexts. A key limitation is the reliance on predefined survey
constructs, which assume uniform manifestation and classify
burnout using fixed thresholds. While machine learning (ML)
enables the modeling of complex, nonlinear relationships [10],
many existing approaches still depend on predefined burnout
labels, limiting their ability to capture natural variation in
teacher wellbeing [11].

The study is guided by the following research question:
Can unsupervised machine learning identify latent burnout-
related profiles among teachers using proxy indicators derived
from large-scale, cross-cultural data?
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This research uses the OECD TALIS 2018 dataset,
comprising 38,081 teachers across 11 education systems. In the
absence of a direct burnout measure, proxy indicators,
including workload stress, well-being, and job satisfaction, are
used to infer burnout-related patterns. The main contribution of
this study is the application of unsupervised learning to large-
scale international data to identify latent burnout profiles
without predefined labels, offering a scalable and more flexible
approach to understanding teacher burnout.

1L RELATED WORK

Teacher burnout is a multidimensional phenomenon shaped
by both psychological and institutional factors. Empirical
evidence shows that low self-efficacy and poor wellbeing
significantly increase emotional exhaustion, a core burnout
component [5], while large scale reviews link burnout to
measurable physical health outcomes across 5,000+ teachers in
11 countries [6]. At the institutional level, workload intensity
and organizational support are consistently identified as
dominant predictors, with structural equation models
confirming their strong effect on teacher wellbeing [7]. Burnout
also exhibits systemic characteristics; network-based studies
show stress can propagate across teaching environments,
reinforcing collective risk rather than isolated individual effects

[81[9].

Despite strong identification of predictors, most studies rely
on localized samples or predefined burnout constructs, limiting
generalizability. For example, cross-regional analyses report
significant variation in burnout prevalence and predictors
across education systems [11], yet models often assume
uniform burnout structures. Machine learning approaches have
improved predictive performance by capturing nonlinear
relationships between stress, workload, and wellbeing variables
[3][10]. However, these models are predominantly supervised
and depend on predefined burnout labels, introducing structural
bias and limiting their ability to detect naturally occurring
patterns. Unsupervised methods address this limitation by
identifying latent structures directly from the data. Latent
Profile Analysis has demonstrated that burnout consists of
multiple configurations, with studies identifying up to six
distinct profiles and dynamic transitions over time [4].
However, most clustering applications remain limited in scale



or context-specific. Therefore, a critical gap exists in applying
unsupervised learning to large-scale, cross-cultural datasets.
This study addresses this gap by using K-Means clustering on
TALIS 2018 data (n = 38,081 teachers) to identify latent
burnout-related profiles without relying on predefined labels.

III. METHODOLOGY

A data science approach to clustering

3 Data Cleanin,
8l oo

g Values,

Feature Selection
(Stess, Wellbeing, Satiséaction)
| >/ Data Standardization
= (Robust Scaig)

[ Optimal k Selection H.,_* K-Means Clustering

[ Loop If Needed
» Cluster Validati

[! sm»oucmAmmls] [[i&« PCA Visualization ]

Interpretation and Results
Figure 1: Methodology flowchart

A. Data Source and Sample Size

This study utilizes data from the OECD Teaching and
Learning International Survey (TALIS) 2018, which provides
standardized, internationally comparable evidence on teachers'
working conditions and wellbeing [12]. A focused subset of
38,081 teachers was extracted. To ensure robust cross-cultural
representation and institutional diversity, data was drawn from
11 distinct education systems: Brazil, Chinese Taipei, Croatia,
Denmark, Portugal, Viet Nam, Slovenia, Sweden, the United
Arab Emirates, Turkey, and Alberta (Canada).

B. Variable Selection

Variables were selected based on validated OECD
composite indicators related to burnout constructs. Because
TALIS 2018 does not contain a specific variable explicitly
labeled "clinical burnout," the latent profiles were inferred
using the following multidimensional indicators:

» Workload Stress (T3WLOAD): Perceptions of stress
related to administrative and instructional loads.

» Workplace Wellbeing (T3WELS): Broad occupational
strain and health impacts.

+ Student Behavior Stress (T3STBEH): Stress arising from
classroom management and discipline.

* Job Satisfaction (T3JSENV & T3SATAT): Satisfaction
with the work environment and perceived autonomy.

C. Data Preparation and Preprocessing

To prepare the dataset for algorithmic processing, rigorous
data cleaning was conducted. An initial missingness audit
revealed incomplete responses across a subset of variables.
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Because the TALIS items are predominantly categorical or
Likert-scaled, mode imputation was applied. This approach
successfully resolved missing values (0% missingness post-
initial cleaning) without introducing artificial numerical values
that would distort discrete response categories. Outlier
detection was performed using the Tukey interquartile range
(IQR) for continuous workload variables. Extreme values were
winsorized at the Ist and 99th percentiles to prevent skewed
distributions from disproportionately influencing the clustering
algorithms. Finally, because the composite indicators utilized
different measurement scales, all selected variables were
standardized using Robust Scaling, centering on the median and
scaling by the Median Absolute Deviation (MAD). This step is
critical for K-Means clustering, ensuring variables with larger
numeric ranges do not dominate Euclidean distance
calculations.

D. Unsupervised Learning Framework

K-Means clustering, a distance-based unsupervised learning
algorithm, was applied to partition the dataset using
standardized indicators of workload stress, workplace
wellbeing, and job satisfaction. The algorithm assigns
observations to clusters by minimizing the Within-Cluster Sum
of Squares (WCSS), thereby improving within-cluster
similarity. The optimal number of clusters (k) was determined
using the Elbow Method, which evaluates the rate of decrease
in WCSS across candidate solutions. Cluster validity was
further assessed using Silhouette Analysis, which measures
cohesion and separation between clusters. In addition, Principal
Component Analysis (PCA) was used as a dimensionality
reduction technique to project the data into a two-dimensional
space, enabling visual assessment of cluster structure without
influencing the clustering outcome.

IV. RESULTS AND DISCUSSION

A. Determining the Optimal Number of Clusters

Figure 2: Elbow method for optimal k

The Elbow Method was applied to evaluate candidate cluster
solutions ranging from k=1 to k=10. The resulting WCSS curve
displayed a sharp, distinct inflection point at k=2, where the
steep decline leveled into a significantly flatter trajectory.
Specifically, the WCSS dropped from 989,507 at k=1 to
155,840 at k=2, with only marginal improvements beyond this
point (e.g., k=3: 108,420), as shown in Figure 2. This suggests



that the underlying structure is best represented by two latent
burnout-related profiles inferred from proxy indicators, offering
diminishing returns and unnecessary fragmentation for higher
values of k.

B. Cluster Centroids and Profiles

The K-Means algorithm partitioned the 38,081 teachers into
two statistically distinct groups.

* Cluster 1 (Higher-Risk Burnout-Related Profile):
Comprising 16,749 teachers (44.0% of the sample), this
profile is characterized by consistently elevated levels of
stress across all dimensions, including student behavior,
workload strain, and overall wellbeing concerns.

* Cluster 2 (Lower Risk Profile): Comprising 21,332
teachers (56.0% of the sample), this profile is defined by
significantly lower stress levels and comparatively better
overall workplace wellbeing.

Statistical analysis using non-parametric Kruskal-Wallis
tests confirmed that differences between the clusters were
highly significant (p<0.001) across all dimensions. As shown in
Table I, the Higher Risk Burnout cluster exhibits systematically
higher strain. For instance, a continuous composite burnout
severity score showed that the Higher Risk Burnout cluster
attained a mean score 0f 9.9, compared to 7.6 in the Lower Risk
Profile cluster.

TABLE I. CLUSTER CENTROIDS FOR KEY BURNOUT

INDICATORS
Higher-
Indicat Risk Lower-Risk
ndi r
cato Burnout [Profile (C2)
(C1)
Composite Burnout 9.9 7.6
Score
Student Behavior Stress 9.9 8.1
Wellbeing Stress 10.5 8.2
'Workload Stress 10.3 8.2
Job Satisfaction 12.0 12.0

Interestingly, job satisfaction indicators showed minimal
variation between the two clusters, reflecting a well-
documented separation between affective workload stress and
broader professional satisfaction measures in large-scale
teacher surveys.

C. Demographic and Institutional Variations

To understand how these clusters differ practically, post-
hoc statistical comparisons (Chi-square and ANOVA) were
conducted across demographic and workplace variables:

* Workload Composition: Teachers in the Higher Risk
Burnout cluster consistently reported longer weekly hours
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across nearly all task categories, particularly in lesson planning
and marking. Furthermore, their time allocation demonstrated a
shift away from instruction; Higher Risk Burnout teachers spent
significantly more class time maintaining classroom order
(13.4% vs 10.2%) and performing administrative tasks, thereby
reducing actual teaching time.

» Age and Demographics: Burnout was unevenly distributed
across age categories (p<0.001). Mid-career and younger
teachers exhibited slightly higher propensities to fall into the
Higher Risk Burnout cluster, suggesting that cumulative
workload strain heavily impacts early-to-mid career stages.
Gender differences were statistically significant but practically
modest, with female teachers showing a marginally higher
representation in the Higher Risk Burnout profile.

* Cross-Country Patterns: Country-level differences
produced the strongest association among categorical variables
(p<0.001). Education systems with heavier systemic workload
demands (e.g., Sweden, Viet Nam, and Alberta) showed
elevated proportions of teachers in the Higher Risk Burnout
cluster, whereas systems with moderated workload
environments (e.g., Brazil, Turkey) demonstrated lower
burnout prevalence.

D. Cluster Validation

Silhouette analysis was conducted to assess the structural
integrity of the two-cluster solution. The average silhouette
width was 0.27. While moderate, this value is highly typical for
large-scale psychological and organizational survey data where
human behavioral boundaries are naturally diffuse [13]. The
Lower Risk Profile cluster formed a more compact and
cohesive grouping (silhouette width = 0.32), while the Higher
Risk Burnout cluster was more heterogeneous (width = 0.20).
This aligns with clinical literature indicating that high-burnout
teachers often experience varied and complex combinations of
stress symptoms.

Toaztar B Gl =)

Figure 3: PCA projection of teacher profiles identified using K-Means
clustering.

The first two principal components explain 52.1% and
20.1% of the variance, respectively. Principal Component
Analysis (PCA) was used to visually assess the clustering
structure. The PCA projection (Fig. 3) shows distinguishable
grouping between the two clusters, with the first two
components explaining approximately 72% of the total
variance. While some overlap is present, the clusters occupy
different regions in the reduced space, supporting the validity
of the K-Means solution. The higher-risk profile shows a



broader spread, whereas the lower-risk profile forms a more
compact distribution.

V. CONCLUSION

This study demonstrates that unsupervised machine learning
can identify meaningful latent profiles within large-scale
educational datasets without relying on predefined burnout
labels. Using K-Means clustering on TALIS 2018 data, two
distinct profiles were identified, representing higher-risk and
lower-risk burnout-related patterns based on proxy indicators
such as workload stress, wellbeing, and job satisfaction. These
profiles do not represent direct clinical measures of burnout but
inferred risk patterns derived from observed data.

The findings indicate that teacher stress and wellbeing do not
manifest uniformly but instead form structured, data-driven
patterns influenced by institutional and behavioral factors. This
provides a foundation for more scalable and context-sensitive
approaches to understanding burnout across educational systems

Future Work: Building on these findings, future research
will transition from exploratory analysis to predictive
modeling. The identified cluster labels will be used as target
variables to train supervised machine learning models,
including Random Forests and Neural Networks. These models
will be integrated with explainability techniques (e.g., SHAP)
to enable early and interpretable prediction of burnout risk
based on demographic and institutional indicators. This
approach aims to support the development of scalable, cross-
cultural early-warning systems for educator wellbeing.
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Abstract— The objective of this study is to examine the impact of
explainable AI (XAI) on student learning in higher education.
Drawing on Social cognitive and Flow theories, we propose that
XAI enhances trust, engagement, self-efficacy and flow
experience. Findings from our survey indicate that trust in XAI
significantly predicts engagement, self-efficacy and flow. Findings
suggest that transparency in Al systems plays a critical role in
shaping positive behavioural outcomes. Implications for higher
educational institutions and Al developers are discussed.

Keywords—Explainable Artificial Intelligence (XAI),
Trust, Self-Efficacy, Engagement, Flow Experience, Higher
Educations.

I INTRODUCTION

Artificial Intelligence (AlI) and its related applications have
rapidly gained prominence within higher education institutions
(HEI’s), fundamentally transforming how students access
information, interact with educational resources, and engage in
learning processes. The integration of Generative Al (GenAl)
tools and intelligent learning applications such as ChatGPT, Co-
Pilot, Gemini has enabled increasingly personalized, adaptive,
and efficient learning experiences for students, while supporting
instructors through automated feedback, content generation, and
learning analytics [1]. As a result, Al-driven tools and systems
are increasingly being embedded in teaching practices,
assessment methods and pedagogical models.

Despite these advantages, the accelerated development and
widespread adoption of Al-based tools in HEI’s have raised
significant concerns, particularly relating to transparency,
accountability, and student trust [2]. Many Al systems operate
using complex algorithms and machine learning models that are
not easily interpretable by users. This so-called “black box”
nature of Al presents a critical challenge in educational contexts,
where understanding the rationale behind decisions,
recommendations, or feedback is essential for meaningful
learning and developing insight. When students and other users
(e.g., instructors, teachers etc) are unable to comprehend how an
Al system arrives at its outputs such as grading suggestions,
learning recommendations, or academic guidance, they may
question the system’s reliability and fairness, leading to reduced
trust and engagement.
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Thus, it is possible that a lack of transparency in Al systems can
negatively influence students’ learning experiences by
diminishing confidence in Al-supported educational tools and
potentially discouraging their effective use. Moreover, opaque
decision-making processes may reinforce biases, limit
opportunities for critical reflection, and undermine the
pedagogical value of AI tools and technologies [3]. In
environments that prioritise academic integrity, fairness, and
learner autonomy, such limitations pose serious risks to
educational outcomes and institutional credibility.

In response to these challenges, Explainable Artificial
Intelligence (XAI) has emerged as a promising approach to
enhance transparency and trust in Al-driven educational
systems [4]. XAI focuses on making Al models more
interpretable by providing clear, understandable explanations
for their outputs and recommendations [5]. This enables
students and educators to grasp the “how” and “why” behind
Al generated decisions, thereby promoting more informed,
confident and immersive learning experiences [6][7].
Consequently, the integration of explainability into Al-based
educational tools represents a critical step forward in
responsible and ethical Al adoption in higher education.

While XAI offers advantages over traditional black box
systems, empirical research examining its educational impact
remains limited. Most existing studies focus primarily on the
adoption and usage of Al tools by students, whereas little is
known about the specific effects of explainability on student
learning outcomes [8] [9]. Accordingly, there is a need to
systematically examine how XAl influences learning related
concepts, forming the motivation for this study. Although
many people are excited about Al as a technology including
its tools in higher education, there is still insufficient
understanding of whether and how XAI enhances students’
learning experiences [10]. Most prior studies emphasize the
technical side or focus on isolated outcomes, like trust or
academic performance. Presently, very few studies have
developed and empirically tested an integrated and inclusive
model that examines multiple student psychological and
behavioural dimensions of learning.

Although some studies have explored students’
perceptions of Al in educational contexts, limited attention
has been given



to how “explainability” affects interconnected learning variables
such as trust, engagement, self-efficacy, and flow in a unified
model. This is important because these variables are
theoretically interrelated and collectively shape meaningful
learning experiences. Therefore, understanding their interaction
can help provide deeper insight into the mechanisms through
which XAI may influence HE learning outcomes. Next, we
present the literature review.

II. LITERATURE REVIEW

A. Explainable Artificial Intelligence (XAI) and Learning

Explainable Al refers to Al systems that are designed to
make their decision making processes transparent and
interpretable to human users. Normal “black-box” Al gives
answers without explaining how it got them, but XAI shows the
reasons, the data, and the steps used to make each choice. This
transparency reduces information asymmetry between humans
and algorithms, thereby allowing users to evaluate the logic
behind the suggestions and/or recommendations.

In HEDs, this is very important because HEI students need
to know not just what a concept means, but also develop a
critical understanding as to why and how these concepts work.
This is justified because Bloom’s taxonomy (1956), indicates
that students in HEI’s need to focus more applying, analyzing,
synthesizing and evaluating concepts rather than just knowledge
and comprehension as done earlier [11]. Thus, explainability
aligns with higher order cognitive processes required in HEI’s
where reasoning is critical.

Some scholars have explored XAI in institutions. They
found 15 different meanings of XAl and 62 problems, grounded
into seven areas: making things clear, being fair, computer parts,
how people and computers work together, trust, rules, and other
issues [12]. But their study noted that no one agreed to one
meaning of XAI, which makes it confusing and problematic to
get a consensus on. This conceptual fragmentation limits
cumulate knowledge development. But even with this problem,
most agree that XAl is very important for making Al easier to
use and more trusted in learning. In particular, transparency has
been associated with greater perceptions of reliability,
accountability and fairness in algorithmic systems [13].

Some of them looked at different ways to make Al explain
itself in institutions. For example, they examined tools like
LIME and SHAP, which help explain any Al model, and simple
models like decision trees that are easy to understand by
themselves. They found that how well these tools work depends
on where they are used, how much people know about
technology, and what learning goals the teacher or student wants
to reach. More importantly, prior research suggests that the
effectiveness of explanations is contingent upon user
characteristics such as knowledge, cognitive ability thereby
implying that explainability must be context sensitive rather
than purely technical [14]. Therefore, in HEI’s, XAl should be
designed and implemented to maximize its impact on trust,
engagement and learning outcomes.

B. Social Cognitive Theory and Al-supported Learning

The Social Cognitive Theory (SCT) provides important
theoretical foundations for understanding how students
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interact with technology-supported learning environments.
According to the previous papers [15], a central construct
within this theory is self-efficacy, defined as an individual’s
belief in their ability to perform tasks successfully. Students
with stronger self-efficacy beliefs tend to demonstrate higher
levels of effort, resilience, and participation in academic tasks
[16]. In digital learning environments, technological systems
can function as environmental factors that influence learners’
behaviours and beliefs by providing feedback, guidance, and
learning support [17].

The transparency in XAl Learning can strengthen the
students’ confidence by using Al tools effectively, thereby
improving the perceived self-efficacy. In addition to this, the
explainable systems can promote more active learner
participation by enabling students to critically evaluate Al-
generated suggestions and integrate them into their learning
strategies. Prior research suggests that transparent and
interpretable learning technologies can enhance learner
motivation and engagement by increasing the perceived
control and understanding of the learning process [18][19].
Therefore, from a social cognitive perspective, the explainable
Al learning may positively influence students’ self-efficacy
and engagement in Al-supported learning environments.

C. Flow Theory and Al-supported Learning

The Flow theory [7] suggests that the flow occurs only
when the learners perceive a balance between the challenge of
a task and their own skills, with clear goals and immediate
feedback. In educational contexts, the experience of flow has
been associated with increased motivation, engagement, and
improved learning performance. Research in the digital
learning environments suggests that interactive technologies
and well-designed learning systems can facilitate flow
experience by providing structured guidance, continuous
feedback, and meaningful interaction with learning tasks
[20][21].

The transparency in the XAl enables the learners to focus
more effectively on the task itself rather than questioning the
system’s recommendations. In addition to that, the trust in Al
systems may further support the development of the flow
experiences by allowing students to rely on the Al-supported
guidance without any hesitation. Prior research indicates that
the digital learning environments that provide clear feedback
and interactive engagement can enhance learners’ immersion
and intrinsic motivation [22][23]. Therefore, explainable Al
and trust in the Al systems may facilitate flow experiences by
enabling sustained attention, deeper engagement, and more
immersive learning interactions in Al-supported educational
environments.

Based on the relevant theories, we argue and develop the
following hypotheses. As discussed, XAl leads to more
transparency, predictability and increased explainability,
which in turn increases the reliance of the users on such
systems, leading to greater trust in the Al systems. Therefore,
we posit:

H1:Perceived explainable Al positively predicts students’
trust in Al recommendations.



In addition, we hypothesize that perceived XAl could directly
impact the three learning outcomes because of the underlying
mechanisms of better structured guidance and explicit reasoning
and test for the below:

H2a: Perceived explainable Al positively predicts students’
self-efficacy in using Al for learning.

H2b: Perceived explainable Al positively predicts students’
learning engagement.

H2c: Perceived explainable Al positively predicts students’
flow experience during Al-supported learning.

Similarly, we posit greater trust will directly impact learning
outcomes as well because when students trust XAl systems, they
are more willing to rely on recommendations and strengthen
their belief systems, and hypothesize:

H3a: Trust in explainable Al positively predicts students’
self-efficacy.

H3b: Trust in explainable Al positively predicts students’
learning engagement.

H3c: Trust in explainable Al positively predicts students’
flow experience.

Finally, as indicated earlier, XAl provides transparency, which
fosters trust by increasing perceptions of reliability and
competence. Thus, we hypothesize trust to mediate the
relationship between XAl and the learning outcomes and posit

H4a: Trust mediates the relationship between perceived
explainable Al and students’ self-efficacy.

H4b: Trust mediates the relationship between perceived
explainable Al and students’ learning engagement.

H4c: Trust mediates the relationship between perceived
explainable Al and students’ flow experience.

. METHODOLOGY

In this section, we describe the methodology that was followed
to conduct this study.

A. Research Design

This study adopted a quantitative analysis using a survey that
included a questionnaire . This approach was appropriate for
looking at the relationships between perceived explainability of
Al (independent variable) and other variables measuring
learning (dependent variables). These dependent variables
include Trust (mediator variable), Engagement, Self-Efficacy,
Flow Experience. We used a survey method as it enabled
efficient collection of data from many students, thereby
supporting the statistical examination of the proposed
relationships between XAl trust and the dependent variables.
We administered the survey online to facilitate faster data
collection.

B. Data Collection

The survey was administered online using Google forms,
ensuring accessibility and enabling efficient data collection. The
survey link was distributed to students in HEI’s through multiple
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channels such as direct institutional email, announcements in
learning management systems (Blackboard), social media
platforms used by UAEU students, and in-class announcements
by cooperative faculty members. The survey began with an
informed consent statement explaining the research purpose and
procedures to respondents including voluntary participation,
confidentiality protections, right to withdraw, and researcher
contact information. Participants indicated consent by
proceeding with the survey after reviewing this information.
Data collection occurred over four weeks during the academic
semester, avoiding examination periods to ensure adequate
response rates and minimize stress-related response bias. Till
date, a total of 79 usable responses were obtained. We analyzed
the data using regression as it was suitable to test for direct
effects and mediation pathways.

IV. INITIAL FINDINGS

Our initial findings revealed that perceived explainability of
Al significantly predicts trust in Al recommendations (= .725,
p <.001), supporting H1. Our findings also indicated that XAl
directly predicts self-efficacy and flow. More importantly, these
effects remained significant even after accounting for trust,
which suggests that explainability may enhance students’ sense
of competence and immersion through clarity, guidance, and
comprehensibility of explanations (i.e., the explanation itself
reduces uncertainty and increases perceived capability), rather
than via trust.

We also found that trust significantly predicted student
engagement in their studies, but not their confidence in using Al
supported technologies, and their ability to remain more deeply
focused on their learning [24]. XAl increases engagement
because, as seen in H1, it increases trust. Students invest time,
stay active, and remain focused when they perceive
recommendations as trustworthy.

Finally, our findings indicate that trust mediates the
relationship between perceived XAl and engagement. However,
trust did not function as a universal psychological mechanism
across all outcomes, as no mediation effects were observed for
self-efficacy or flow. This pattern suggests that trust plays a
selective role in translating explainability into behavioural
engagement, whereas cognitive and experiential outcomes may
stem more directly from the clarity provided by explanations
themselves.

V. CONCLUSION AND LIMITATIONS
Our findings are strategically important for universities and
companies that make educational technology. They suggest that
XAl is not merely a nice feature but a foundational feature that
determines whether Al tools are adopted, trusted and effectively
utilized in HEIs.

The improvement of student learning appears to be
facilitated when students exhibit higher levels of trust in the
learning platform that they use. Our study indicates that
organizations developing Al based educational platforms should
prioritize transparency and explainability to impact the learning
outcomes and enhance user trust, which in turn may strengthen
user engagement. Platform evelopers shoul



consider trust building mechanisms as a core design
principle. Future education in Al depends not only on
technological advancement but also on the integration of
meaningful and context driven explanations.

When a student understands the AI’s advice, their perceived
self-efficacy in using Al systems goes up leading to improved
learning experiences which then could create a state of flow.
Transparency functions as a mechanism to build trust that
enables higher engagement, greater confidence and deeper
learning states [25].

A limitation of our study is that it mainly focuses on four
areas: Trust, Engagement, Self-efficacy, Flow experience.
Future studies can investigate other dimensions across different
countries to assess cultural variability and enhance external
validity. To conclude, our study indicates that XAl and students’
trust in Al systems plays a central mediating role in shaping
students’ learning outcomes in different ways thereby
supporting a more meaningful and immersive learning
experience.
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Abstract—This paper examines how the increasing use of
artificial intelligence (AI) may influence employees’ knowledge-
seeking behavior and its implications for tacit knowledge
development within organizations. A structured literature
review of prior research centered on tacit knowledge, artificial
intelligence in the workplace, and knowledge-seeking behavior
was conducted. A thematic analysis of relevant literature
suggests a dual effect: AI may reduce interpersonal interaction
and weaken informal learning processes, while also enabling
greater collaboration by reducing time spent on routine tasks.
These contrasting effects highlight a tension between efficiency
and social learning in Al-enabled environments.

This paper addresses the limited research on how Al
influences employees’ knowledge-seeking behavior and offers
directions for preserving tacit knowledge in Al-enabled work
environments.
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L INTRODUCTION

Artificial Intelligence (Al) is rapidly reshaping the way
many employees complete organizational tasks. From
ChatGPT to more advanced tools, employees can quickly
access data for various purposes including information
retrieval, problem solving, and decision making. Employees
can obtain answers, generate options, and complete tasks with
less delay than in many traditional knowledge systems. From
an organizational standpoint, these capabilities promise gains
in efficiency and productivity. Supporting this view, a 2023
report found that generative Al increased productivity in
knowledge-intensive tasks by 40 to 60 percent [13].

However, the growing use of Al raises concerns beyond
productivity measures. Traditionally, employees relied on
experienced colleagues for assistance. For example, new
employees would naturally seek the guidance of senior
employees to understand a workplace situation. Even
experienced employees might consult knowledgeable
coworkers when facing unfamiliar issues, complex decisions,
or situations requiring specialized expertise. Such interactions
did more than simply provide answers; they enabled the
transfer of tacit knowledge.

Tacit knowledge is experience-based and rooted in
experience, judgment, and situational understanding. This
form of knowledge is difficult to articulate and formalize [3],
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yet it remains a critical source of organizational learning,
capability and competitive advantage. Tacit knowledge
provides employees practical insights and contextual
understanding of workplace issues.

Beyond understanding what tacit knowledge is, it is
equally important to understand how it is transferred within
organizations. Traditionally, tacit knowledge is passed from
one colleague to another through collaborative practices and
interpersonal processes including social interactions,
observation, mentoring, and informal conversations. It
involves navigating social networks to identify “who knows
what” in an organization. The process of seeking tacit
knowledge contributes not only to learning, but also trust
building, team development, and the gradual development of
expertise.

As Al becomes more prominent in organizations,
opportunities for interpersonal learning may decline. The
same employees who would normally ask a senior colleague
for advice might increasingly rely on an Al assistant or chatbot
for immediate support. While this shift may produce efficient
results, it raises an important question: what happens to tacit
knowledge if employees stop asking one another for help?

Although existing literature examines Al adoption and
knowledge management from multiple perspectives, little
attention has been given to how Al may influence tacit
knowledge-seeking behavior. This issue is developed further
in the following problem statement.

II. PROBLEM STATEMENT

With the integration of Al to enhance organizational
efficiency and productivity, a potential paradox emerges. The
same technology intended to improve knowledge
management could also weaken the foundation of tacit
knowledge — the informal employee to employee networks
through which tacit knowledge is accessed and transferred.
Gradually, the impact could lead to reduced interpersonal
learning, experiential knowledge sharing, and the subtle
erosion of valuable organizational knowledge.

To better understand this concern, further research is
needed on the risks Al may pose to tacit knowledge processes.
While recent studies explore the intersection of these two
topics from various perspectives including Al adoption;
knowledge capture, processing, and maintenance; and the
benefits of intelligent systems, there remains substantial room



to explore how Al affects employees’ knowledge-seeking
behaviors and the consequences to tacit knowledge.

This gap is significant because weakened informal
learning networks could undermine tacit knowledge exchange
which is essential for organizational learning and can
ultimately reduce an organization’s resources, capabilities,
and competitive advantage.

II. RESEARCH QUESTIONS
This study is guided by following research questions:

1. How does the use of artificial intelligence influence
tacit knowledge-seeking behavior in organizations?

2. What are the implications of reliance on artificial
intelligence for tacit knowledge transfer within
organizational contexts?

3. How can organizations preserve tacit knowledge-
seeking in Al enabled environments?

Iv. LITERATURE REVIEW

This study draws on two interconnected streams of
literature: tacit knowledge in organizations and artificial
intelligence in knowledge work.

The literature on tacit knowledge emphasizes its
experiential, context-specific, and difficult-to-codify nature
[2] [3]. Tacit knowledge is developed through practical
experience and is primarily transferred through informal
communication and social processes such as interpersonal
connections, mentoring, observation, and collaboration [1].
Within knowledge management research, it is widely
recognized as a key driver of organizational learning,
innovation, and sustained competitive advantage. As noted by
some researchers, tacit knowledge may be an organization’s
most significant resource [4].

The second stream - artificial intelligence in organizations
- is addressed in current literature with some significance.
Although research on Al in knowledge management is still
developing, several studies highlight AI’s increasing role in
supporting knowledge work [5]. Evidence suggests that Al
has been adopted by various entities to improve knowledge
acquisition, provide solutions to problems, optimize solution
systems, and for modeling purposes [6].

Examined independently, both research streams provide
valuable insights for organizations. Existing studies have
begun to explore the impact of Al on knowledge management
processes [7] including its associated challenges [8] and
benefits [9]. Other studies examine how to successfully
integrate Al with knowledge management and other
organizational factors [10] [11].

While the combination of these topics continues to be
explored from various angles, an important gap remains. The
tacit knowledge literature assumes that employees seek
knowledge through interpersonal interaction, whereas the Al
literature often focuses on a shift toward tool-based
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knowledge access. However, limited research examines how
potential shifts in tacit knowledge-seeking behavior—from
reduced reliance on interpersonal interactions to consulting
Al—may impact the development and transfer of tacit
knowledge. This shift may alter the processes that sustain tacit
knowledge within organizations as well as intended outcomes.
The present study seeks to address this gap.

V. CONTRIBUTIONS

This paper extends the conversation on artificial
intelligence and knowledge management in two important
ways. First, it explores an emerging tension between Al
adoption and tacit knowledge processes by examining how Al
reshapes employees knowledge-seeking behavior. This shifts
the lens from the technical benefits of Al adoption to a
behavioral perspective that has received less emphasis,
highlighting how changes in knowledge-seeking practices
may influence tacit knowledge development.

Secondly, the paper introduces a conceptual explanation
of how employees’ increased reliance on Al in their everyday
work setting may reduce opportunities for interpersonal
consultation, thus impacting tacit knowledge transfer. Al
makes it easier to access information, but it may reduce the
need for colleagues to interact. This shifts the conversation
from short-term productivity gains to long-term capability
development.

Furthermore, it provides practical recommendations for
management to successfully implement Al without losing the
human interactions critical to tacit knowledge development
and transfer.

VL METHODOLOGY

The study adopts a qualitative conceptual design based on
a structured review of existing literature using Denyer and
Tranfield’s five-step systematic review approach [14]. This
framework provides a transparent and structured process for
synthesizing prior research. It consists of five stages: (1)
question formulation, (2) locating studies, (3) study selection
and evaluation, (4) analysis and synthesis, and (5) reporting
the results.

The key question revolved around developing a clearer
understanding of how Al may influence tacit knowledge-
seeking behavior in organizational settings. A collection of
academic articles was obtained using various databases
including Scopus, Web of Science, and Google Scholar using
a systematic process. The literature search focused on three
key topic areas:

1. Tacit Knowledge: foundational and contemporary
studies that explore the meaning, value, and
transfer of tacit knowledge within organizations.

2. Al in the Workplace: studies that examine how Al
influences the actions and behaviors of employees.



3. Employees Knowledge-Seeking Behavior:
Research exploring how employees seek, share,
and apply knowledge in organizational settings.

Articles were selected for deeper review if they addressed
one or more of the following criteria:

e Peer reviewed journal articles

e Publications within the past 10 years, with

exceptions for earlier seminal publications.
e Studies examining tacit knowledge, knowledge
management, and Al in the workplace.

At present, a total of 17 peer-reviewed articles have been
retained for inclusion in the review and analyzed using
thematic analysis to identify recurring patterns, key concepts,
and emerging themes related to Al, tacit knowledge, and
employee knowledge-seeking behavior.

A conceptual review is appropriate for this topic because
organizational use of Al is still evolving, and empirical
evidence regarding its long-term effects on tacit knowledge
remains limited. Therefore, this approach provides a
foundation for future survey, case-study, and longitudinal
research.

VIL PRELIMINARY FINDINGS

Drawing on thematic analysis of the reviewed literature,
the following propositions are proposed:

P1: Reliance on AI systems rather than colleagues for
knowledge - seeking reduces interpersonal social interactions,
which in turn weakens the development and exchange of tacit
knowledge over time.

P2: Reliance on Al generated solutions without colleague
engagement in the problem-solving process reduces
experiential learning within teams and weakens the
development of tacit knowledge over time.

P3: AI use increases the frequency of employee social
interactions by reducing time spent on routine tasks, thereby
enabling greater opportunities for higher order thinking and
collaborative discussion that enhances tacit knowledge over
time.

P4: Managerial policies and organizational practices influence
how the tension between Al-driven efficiency and socially
embedded tacit knowledge processes is resolved.

VIIIL. IMPLICATIONS

The outcomes of this study present several important
implications that aid in understanding the impact of artificial
intelligence on employee’s knowledge-seeking behavior. The
proposed propositions suggest that Al’s influence is complex
with pathways that potentially enhance and erode tacit
knowledge access and development.

The propositions (P1, P2) suggest that increased reliance
on Al may reduce interpersonal interaction and limit

131

engagement in collaborative problem solving. As employees
shift their knowledge-seeking behavior from consulting
colleagues to relying on Al prompts, opportunities for social
interactions may decline. This shift may weaken knowledge
ties between employees, reducing exposure to experiential
insights and informal learning that typically emerge from
social interactions. In other words, Al may help employees
obtain solutions, but the underlying reasoning processes that
typically develop from interacting with experienced
colleagues may be diminished, resulting in the decoupling of
problem solving from learning.

Furthermore, as employees increasingly use Al instead of
interacting with colleagues the strength, quality and role of
informal organizational networks in facilitating knowledge
sharing may lessen. Even if such ties remain intact, reduced
engagement limits the depth of interactions. Consequently,
opportunities for collaboration and shared understanding may
decline, potentially affecting how knowledge is disseminated
across the organization.

While P1 and P2 highlight the constraining effects of Al
on knowledge-seeking behavior, P3 suggests a contrasting
outlook whereby Al creates opportunities for increased
employee interactions by reducing the time typically spent on
routine tasks such as information retrieval, report generation,
or basic data analysis. Freed from time-consuming mundane
tasks, employees have greater availability for social
interactions  including informal exchanges such as
conversations during coffee breaks. These interactions
strengthen personal bonds that facilitate future sharing and
reinforce the social processes underlying tacit knowledge
development.

Collectively, these implications suggest that while Al can
improve efficiency in knowledge access, it may also
unintentionally disrupt the social processes that define tacit
knowledge development. Therefore management must ensure
that Al adoption is accompanied by practices and policies
aimed at sustaining interpersonal interaction and the continual
development of tacit knowledge [P4]. To this end, the study
provides practical recommendations for organizations to
preserve tacit knowledge - seeking in Al-enabled workspaces.
Some key recommendations are:

Organizations must recognize that far from simply improving
efficiency, Al changes how people learn and interact.

Established policies for Al usage should emphasize the use of
Al to support work while keeping human interaction intact.

Encourage interaction through active mentoring and coaching
programs.

Formalize informal conversations with organizational
practices and events that drive informal knowledge exchange.

Promote Al-aware knowledge training to help employees
develop judgement in seeking Al support or human support.

IX. CONCLUSION AND FUTURE RESEARCH

This study highlights an emerging tension between the
increasing use of artificial intelligence and the social



processes that facilitate tacit knowledge development within
organizations. By examining how Al may shift employees’
knowledge-seeking behavior away from interpersonal
interaction, the paper suggests that Al adoption may have
unintended consequences for informal learning and tacit
knowledge development. Given the conceptual nature of this
research, future empirical studies are needed to examine how
Al influences knowledge-seeking behavior in practice.
Additionally, longitudinal research is required to understand
ATl’s long-term effects on knowledge-seeking behavior and
tacit knowledge development.
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