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Abstract 
Industrial organizations face growing pressure to improve asset reliability and energy efficiency at the same 
time, yet there is limited quantitative evidence on how AI enabled digital twins contribute to these outcomes. 
This study therefore examines how AI enabled digital twin capability relates to predictive maintenance 
effectiveness and energy optimization performance in real industrial enterprise environments. A quantitative, 
cross sectional, case-based survey design was applied to 220 professionals from discrete manufacturing, process 
industries and energy intensive utilities using digital twin and AI driven maintenance and energy 
management. Key latent variables were AI enabled digital twin capability, predictive maintenance 
effectiveness, energy optimization performance, AI analytics maturity and organizational readiness, measured 
with multi-item Likert scales showing strong internal consistency. The analysis plan combined descriptive 
statistics, correlation analysis and multiple regression with mediation and moderation tests. Results show 
moderately high perceived capability levels, with mean scores of 3.67 for digital twin capability, 3.79 for 
predictive maintenance and 3.61 for energy optimization on a five-point scale, and strong positive associations 
among the constructs. Digital twin capability significantly predicts predictive maintenance effectiveness (β = 
0.58, R² = 0.53) and energy optimization performance (direct β = 0.29 within a model R² = 0.56), with 
predictive maintenance providing a significant partial mediation and AI analytics maturity and 
organizational readiness acting as important enablers. These findings indicate that AI enabled digital twins, 
supported by mature analytics and organizational readiness, act as strategic levers to advance predictive 
maintenance and industrial energy efficiency in Industry 4.0 enterprises. 
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INTRODUCTION 
The rapid diffusion of Industry 4.0 has transformed industrial systems into tightly interconnected 
cyber-physical environments in which physical assets, digital infrastructure, and data-driven 
intelligence interact continuously. Industry 4.0 is commonly framed around design principles such as 
interoperability, information transparency, technical assistance, and decentralized decision-making, 
which together define how smart factories integrate sensors, connectivity, and advanced analytics into 
production systems (Heluany & Gkioulos, 2023). Cyber-physical system (CPS) architectures link shop-
floor equipment, edge devices, and cloud platforms to support real-time monitoring and control of 
industrial processes (Lee et al., 2015). Within this context, the concept of the digital twin has emerged 
as a central enabler, providing a virtual counterpart that remains synchronized with the physical 
system across its life cycle (Tao, Qi, et al., 2019). For economies with large manufacturing, energy, and 
process industries, digital twin adoption has become an international priority because of its potential 
to improve asset reliability, operational safety, and resource efficiency, particularly in regions facing 
pressure from rising energy prices and decarbonization policies (Yu et al., 2022). These developments 
create a broader landscape in which artificial intelligence (AI)–enabled digital twins can be positioned 
as data-centric infrastructures for predictive maintenance and energy optimization in industrial 
systems. 

Figure 1: Engineering Framework of AI-Integrated Digital Twin for Maintenance  
 

 
 
Digital twins are typically described as integrated configurations composed of a physical asset or 
system, a virtual representation, and the data connections that sustain bi-directional communication 
between the two domains. Systematic reviews highlight that a digital twin extends beyond 
conventional simulation models by incorporating continuous, often real-time, data streams and by 
maintaining an evolving state that mirrors the operational conditions of the physical asset (Hermann 
et al., 2016) In manufacturing, this architecture supports various fidelity levels ranging from digital 
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models and digital shadows to fully interactive digital twins with closed-loop feedback. Classification 
frameworks categorize these systems according to their integration depth, life-cycle coverage, and 
supported services such as monitoring, diagnosis, optimization, and control (Neto et al., 2020; Ariful, 
2022). Across sectors, digital twins have been implemented for machine tools, assembly lines, process 
plants, and energy infrastructures, illustrating their flexibility as socio-technical constructs that couple 
physical behavior, data analytics, and domain knowledge within a single cyber-physical framework 
(Perno et al., 2021). These capabilities create a foundation for using digital twins as operational decision-
support artifacts in maintenance and energy management tasks. Within industrial contexts, 
maintenance has evolved from traditional corrective and time-based approaches to more data-intensive 
strategies supported by condition monitoring and prognostics. Digital twin research shows particular 
concentration around maintenance applications because of their strong impact on asset availability, 
safety, and life-cycle cost (Abdulla & Ibne, 2021; Errandonea et al., 2020). The literature distinguishes 
between reactive, preventive, condition-based, and predictive maintenance strategies, with predictive 
maintenance aiming to use system data and models to estimate remaining useful life, degradation 
trajectories, and fault probabilities. Reviews of digital twin adoption indicate that maintenance and 
prognostics are among the most frequently targeted use cases, especially in manufacturing, energy 
generation, and aerospace sectors where unplanned downtime carries high economic and safety risks 
(Ara, 2021; Rubio-Rico et al., 2023). Empirical and conceptual studies describe how digital twins can 
aggregate sensor readings, operational histories, and physics-based models to support fault detection, 
root-cause analysis, and optimized maintenance planning at the level of machines, production lines, or 
complex process units (Billey & Wuest, 2023; Habibullah & Foysal, 2021). This body of work positions 
digital twins as suitable infrastructures for organizing and exploiting heterogeneous data streams in 
predictive maintenance scenarios. 
Predictive maintenance, as a specific maintenance strategy, uses statistical and AI methods to infer 
degradation states and predict failures before they occur, thereby enabling maintenance actions that 
are synchronized with actual asset condition. Literature focused on the intersection between digital 
twins and predictive maintenance consolidates evidence from manufacturing, transport, and process 
industries, indicating growing experimentation with twin-based prognostics and health management 
(Sarwar, 2021; Dinter et al., 2022). Studies on electrical machines and rotating equipment show that 
digital twins can embed high-fidelity models and data-driven estimators to support temperature 
prediction, torque estimation, and fault classification under varying load conditions, strengthening the 
precision of maintenance decisions (Falekas & Karlis, 2021; Musfiqur & Saba, 2021). Systematic reviews 
of maintenance performance under Industry 4.0 note that such data-centric strategies are associated 
with improved reliability, availability, and maintainability indices when they are integrated with 
appropriate organizational and technological capabilities (Cinar et al., 2020; Redwanul et al., 2021). At 
the same time, synthesis papers highlight fragmentation in how predictive maintenance key 
performance indicators are defined and measured, and they call attention to the limited number of 
empirical, quantitative studies that examine predictive maintenance outcomes in operational industrial 
environments with fully implemented digital twin infrastructures (Errandonea et al., 2020; Reza et al., 
2021). 
Parallel to developments in maintenance, industrial energy management has become a matter of 
strategic concern for firms and policy makers because of escalating energy prices, carbon reduction 
commitments, and tightening environmental standards. Energy-intensive manufacturing and process 
industries face pressure to improve energy efficiency without compromising throughput or quality, 
leading to increased interest in digital technologies capable of providing detailed insight into energy 
flows and losses (Billey & Wuest, 2023; Saikat, 2021). The notion of an energy digital twin has been 
proposed to describe digital twins whose primary focus is modeling and optimizing energy 
consumption, generation, and distribution in industrial systems. Reviews of energy digital twin 
applications report use cases across single machines, production cells, industrial plants, and power 
systems, where digital twins are built around energy meters, simulation engines, and optimization 
algorithms to monitor consumption patterns and support energy-aware operational decisions 
(Friederich et al., 2021; Shaikh & Aditya, 2021). Case studies from industrial power plants illustrate 
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how digital twins of electrical systems can be used to evaluate alternative operating configurations, 
adjust load allocation strategies, and assess the impact of energy management scenarios on cost and 
performance (Amin, 2022; Tao, Cheng, et al., 2019). Collectively, these contributions underline the 
relevance of digital twins as tools for energy optimization in industrial environments . 
Building on this background, the present study is explicitly oriented toward a set of clear, measurable 
objectives that structure the overall investigation into AI-enabled digital twin frameworks for 
predictive maintenance and energy optimization in industrial systems. The overarching objective is to 
empirically examine how digital twin capability, when augmented with artificial intelligence and 
advanced analytics, relates to observable improvements in maintenance performance and energy 
efficiency at the level of real industrial organizations. To support this aim, the first specific objective is 
to identify and operationalize the core dimensions of AI-enabled digital twin capability, including data 
integration, real-time monitoring, simulation and forecasting functions, and the extent of AI-driven 
analytics embedded in the twin architecture. The second objective is to measure predictive maintenance 
effectiveness in terms of perceived reductions in unplanned downtime, improvements in fault 
detection and diagnosis, and enhancements in overall asset reliability and maintenance planning, and 
then to analyze how these outcomes vary across organizations with different levels of digital twin 
capability. A third objective is to assess energy optimization performance using indicators such as 
perceived reductions in energy consumption, increased energy efficiency, improved visibility into 
energy use, and the extent to which energy considerations are integrated into operational decisions, 
and to explore the statistical relationships between these outcomes and the underlying digital twin and 
AI capabilities. A fourth objective is to examine the role of AI analytics maturity as a mediating factor, 
focusing on how data infrastructure, analytical skills, and organizational routines related to analytics 
help translate digital twin capability into maintenance and energy benefits. A fifth objective is to 
analyze organizational readiness, including management support, digital infrastructure, and change-
management practices, as a contextual factor that may strengthen or weaken the effectiveness of AI-
enabled digital twin initiatives. Collectively, these objectives guide the quantitative, cross-sectional, 
case-study–based design of the research, inform the development of the survey instrument and 
measurement scales, and frame the use of descriptive statistics, correlation analysis, and regression 
modeling to provide a systematic, evidence-based understanding of AI-enabled digital twins in 
industrial settings. 
LITERATURE REVIEW 
The literature on AI-enabled digital twins in industrial systems has expanded rapidly over the past two 
decades, converging work from Industry 4.0, cyber-physical systems, predictive maintenance, and 
industrial energy management into a shared conceptual space. Early contributions on industrial 
digitalization framed smart factories around tightly integrated cyber-physical architectures, in which 
physical assets, embedded sensors, communication networks, and cloud platforms form a continuous 
data loop for real-time monitoring and control. Within this environment, digital twins emerged as 
virtual counterparts to physical assets and processes, designed to remain synchronized with the state 
and behavior of the underlying system across its life cycle and to support a range of services including 
monitoring, diagnostics, optimization, and control. Subsequent reviews clarified that digital twins 
differ from static simulation models by relying on persistent data connections, often in real time, and 
by embedding multi-domain knowledge that links mechanical, electrical, control, and operational 
perspectives within a single representation. Parallel strands of research examined how these 
capabilities could be directed toward specific operational domains, particularly maintenance and 
energy management, which are central to industrial performance and cost structures. Predictive 
maintenance studies investigated the use of digital twins to support condition monitoring, fault 
detection, remaining useful life estimation, and maintenance planning, while energy-oriented work 
explored the idea of “energy digital twins” that model energy flows and enable optimization of 
consumption, efficiency, and load management. A more recent stream of publications placed artificial 
intelligence and advanced analytics at the core of the digital twin concept, portraying AI-enabled twins 
as data-centric infrastructures that integrate machine learning, forecasting, anomaly detection, and 
optimization algorithms into the twin architecture. These developments were accompanied by 
frameworks and taxonomies that classified digital twins by their purpose, scope, and maturity and by 
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conceptual models linking digital twin adoption to organizational, technological, and environmental 
determinants. However, the empirical base remains dominated by conceptual models, technical 
prototypes, and single-case implementations, with relatively fewer quantitative studies that 
systematically measure digital twin capability, AI analytics maturity, maintenance outcomes, and 
energy performance at the level of multiple organizations. This gap creates a clear motivation for a 
structured literature review that not only synthesizes existing knowledge but also informs the 
development of a robust conceptual and empirical framework for examining AI-enabled digital twins 
for predictive maintenance and energy optimization in industrial systems. 
Digital Twins in Industrial Systems 
Digital twins have gradually evolved from a niche concept in aerospace engineering to a central 
paradigm for modeling and operating industrial systems, providing a persistent virtual representation 
of physical assets that is tightly coupled with data generated over their life cycle (Negri et al., 2017). 
Early work emphasized the idea of a “virtual counterpart” that mirrors the structure, state, and 
behavior of a physical system, allowing engineers to explore alternative configurations and assess 
performance under different conditions without interfering with real operations (Boschert & Rosen, 
2016; Ariful & Ara, 2022). Over time, this notion has been generalized beyond single products or 
components to encompass production lines, factory cells, and entire industrial plants, embedding the 
digital twin within broader cyber-physical production system architectures that characterize 
contemporary Industry 4.0 initiatives in manufacturing, energy, transportation, and process industries 
worldwide. In this context, a digital twin is typically defined by three interconnected elements: the 
physical system, its virtualized model, and the data links that maintain synchronization between them 
along the design, commissioning, and operational phases (Nahid, 2022; Hossain & Milon, 2022). These 
links enable continuous updating of the twin based on sensor data, control signals, and historical 
records, so that the virtual model reflects the current condition of the asset rather than a static design-
time snapshot (Mominul et al., 2022; Mortuza & Rauf, 2022). Such a representation supports richer 
analyses of degradation, performance variability, and operational constraints in industrial 
environments where equipment operates under fluctuating loads, varying product mixes, and 
heterogeneous process conditions over extended periods of time (Rakibul & Samia, 2022; Saikat, 2022). 
Through this evolution, digital twins have become a foundational construct for data-centric industrial 
engineering, connecting physical equipment to simulation, optimization, and decision-support tools in 
an integrated manner and providing a shared reference model for engineers, operators, and managers 
across organizational boundaries, especially as firms coordinate globally distributed production 
networks (Rasheed et al., 2020; Kanti & Shaikat, 2022). 
 

Figure 2: Digital Twin Architecture Linking Physical Systems and Decision-Making 
 

 
 
As digital twin research has expanded, scholars have proposed a range of classifications and conceptual 
frameworks that distinguish between different types, scopes, and maturity levels of twin 
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implementations in industrial systems (Arfan et al., 2023; Ara & Onyinyechi, 2023; Jones et al., 2020). 
One important line of work characterizes digital twins along dimensions such as life-cycle coverage, 
resolution of the virtual model, and the degree of bidirectional coupling between physical and virtual 
domains, thereby differentiating basic digital models from more advanced twins that support real-time 
feedback and closed-loop control (Mushfequr & Ashraful, 2023). Another stream examines the 
structural components required to implement digital twins in practice, often highlighting layers for 
data acquisition, communication, storage, modeling, analytics, and visualization that must be 
configured to support a specific industrial use case (Shahrin & Samia, 2023). Within manufacturing and 
process industries, these layers are typically realized through combinations of industrial internet of 
things platforms, supervisory control and data acquisition systems, enterprise databases, and 
specialized simulation engines that encode mechanical, electrical, thermal, or process-level behavior. 
From this perspective, the digital twin is not a single software tool but a systemic integration of models, 
data pipelines, and interfaces that together provide a coherent view of the asset or system under study. 
Systematic literature reviews have noted that digital twins in industrial contexts increasingly aim to 
support multiple functions such as monitoring, diagnostics, optimization, and forecasting within a 
single architecture, rather than existing as isolated simulation or visualization artifacts (Boschert & 
Rosen, 2016; Habibullah, 2025; Hasan & Rakibul, 2024). This multi-functional orientation reinforces the 
position of digital twins as general-purpose infrastructure for industrial analytics, enabling 
stakeholders to configure the same underlying twin to address questions about product performance, 
process stability, maintenance requirements, and capacity utilization, with modular architectures and 
standardized interfaces easing the integration of new data sources and analytical services over time 
(Hozyfa, 2025; Alam, 2025). 
A complementary body of work focuses on the enabling technologies, modeling approaches, and value 
propositions that make digital twins attractive for industrial stakeholders. Survey and review papers 
underscore the role of high-fidelity numerical models, data-driven surrogates, and hybrid modeling 
strategies in capturing the complex behavior of real machines and processes while maintaining 
computational tractability for online use (Fuller et al., 2020; Arman, 2025; Asfaquar, 2025). In parallel, 
research on enabling technologies stresses that connectivity, cloud and edge computing, data 
management frameworks, and advanced visualization are necessary to scale digital twins from 
prototype demonstrations to plant-wide deployments that integrate equipment from multiple vendors 
and legacy systems (Boschert & Rosen, 2016; Foysal, 2025). These technical foundations enable digital 
twins to generate value propositions in areas such as reduced downtime, improved product quality, 
better resource utilization, and enhanced transparency of operations, with many industrial case studies 
reporting benefits in decision-making for maintenance, scheduling, and process adjustment. Reviews 
oriented toward industrial adoption emphasize that such benefits arise when digital twins are 
embedded into operational workflows and aligned with organizational objectives, rather than being 
treated purely as engineering models or proof-of-concept demonstrators (Fuller et al., 2020; 
Mohaiminul, 2025; Md Mominul, 2025). Reported implementations span sectors including discrete-part 
manufacturing, process industries, transportation systems, and energy infrastructures, illustrating that 
the same generic pattern of tightly coupled physical–virtual models can be specialized to different 
operational contexts without losing its underlying structure. Building on these insights, the emerging 
literature portrays digital twins in industrial systems as socio-technical assemblages that combine 
models, data infrastructures, and organizational practices to support informed and timely decisions 
across the asset and system life cycle, providing a conceptual bridge to more specialized discussions of 
AI-enabled twins for predictive maintenance and energy optimization in later sections of this review 
(Hasan, 2025; Rasheed et al., 2020). 
AI-Enabled Predictive Maintenance 
Predictive maintenance has emerged as a dominant paradigm for managing industrial assets under 
conditions of uncertainty, variability, and tight performance constraints, and artificial intelligence has 
become a central driver of its evolution. In contrast to traditional preventive maintenance, which 
schedules interventions at fixed intervals, predictive strategies rely on continuous condition 
monitoring and prognostics to estimate when failures are likely to occur so that maintenance actions 
can be aligned with the actual health state of equipment. Foundational reviews on condition-based 
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maintenance emphasize that effective predictive maintenance requires a complete chain of activities, 
from sensing and signal processing through diagnostics and prognostics to optimized decision-making 
about interventions and spare parts (Jardine et al., 2006; Milon, 2025; Farabe, 2025). Within this chain, 
artificial intelligence methods are used to learn complex relationships between observable signals and 
internal degradation mechanisms, allowing systems to capture nonlinear patterns, non-stationary 
behavior, and interactions among multiple operating variables that are difficult to model analytically 
(Rakibul, 2025; Saba, 2025). Statistical, machine learning, and hybrid AI approaches are deployed to 
transform raw vibration, acoustic, electrical, thermal, and process measurements into health indicators 
and failure probabilities, forming the analytical core of predictive maintenance systems for rotating 
machinery, power electronics, process units, and other critical industrial assets. As industrial 
organizations accumulate large volumes of historical condition data from networked sensors and 
industrial internet platforms, AI-enabled predictive maintenance promises to reduce unplanned 
downtime, extend equipment life, and optimize resource use by prioritizing interventions according to 
data-driven estimates of risk and remaining useful life rather than calendar time or generic run-hours 
thresholds. In this way, predictive maintenance becomes not only a technical method for fault 
prediction but also a strategic capability that links asset health information to planning, budgeting, and 
performance management in complex industrial systems (Lee et al., 2014; Alom et al., 2025; Sai Praveen, 
2025). For industrial organizations seeking to coordinate reliability, safety, and cost performance across 
dispersed plants and assets, AI-enabled predictive maintenance thus provides an organizing logic for 
how operational data are collected, interpreted, and translated into actionable maintenance decisions. 
Data-driven prognostics is a key component of AI-enabled predictive maintenance, as it focuses on 
predicting the remaining useful life of assets based on observed degradation signals and operating 
histories. Statistical reviews of remaining useful life modeling synthesize a wide range of data-driven 
approaches, including proportional hazards models, stochastic filtering, Bayesian updating, and 
regression-based methods, and highlight that the choice of model must reflect the stochastic nature of 
degradation processes as well as the quality and sampling frequency of condition monitoring data 
(Shaikat, 2025; Si et al., 2011; Kanti, 2025). Building on these foundations, artificial intelligence 
techniques—such as neural networks, support vector machines, ensemble methods, and more recently 
deep learning architectures—are used to map high-dimensional condition data to estimates of health 
state and residual life, while also supporting dynamic updating as new measurements arrive. Design 
frameworks for prognostics and health management in rotary machinery systems further formalize 
predictive maintenance as an integrated engineering discipline that couples data acquisition, condition 
assessment, prognostics, and maintenance decision support into a coherent workflow (Lee et al., 2014). 
Within such frameworks, AI models are not stand-alone analytical modules, but elements of a broader 
system that includes feature engineering, model selection, uncertainty quantification, and visualization 
of health indicators for maintenance personnel. Practical implementations require alignment between 
model outputs and decision thresholds that trigger inspections, component replacements, or system 
reconfigurations, so that predicted remaining useful life is directly interpretable in terms of 
maintenance tasks, resource requirements, and production constraints (Zhao et al., 2019). In this sense, 
data-driven prognostics anchored in artificial intelligence serves as the bridge between raw condition 
data and structured maintenance actions in AI-enabled predictive maintenance programs, translating 
complex statistical models into operational guidance that can be used by engineers and managers on a 
daily basis. 
The rapid growth of sensing technologies, connectivity, and computational power has encouraged 
researchers to explore increasingly sophisticated AI methods for predictive maintenance, with 
particular emphasis on machine learning and deep learning. Systematic reviews of machine learning 
for predictive maintenance document extensive experimentation with classification and regression 
algorithms applied to historical failure data, operating logs, and condition monitoring signals, showing 
that AI techniques can support both early fault detection and long-horizon prognostics across a variety 
of industrial use cases (Carvalho et al., 2019). Deep learning surveys complement this picture by 
examining how architectures such as auto-encoders, convolutional neural networks, and recurrent 
neural networks can automatically learn hierarchical feature representations from raw time-series or 
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spectrogram data, thereby reducing reliance on handcrafted features and enabling models to capture 
complex temporal and spectral patterns in machinery behavior (Zhao et al., 2019). Within AI-enabled 
predictive maintenance, these approaches can be used to build digital fingerprints of normal and 
degraded conditions, detect subtle anomalies, and estimate degradation trajectories that feed into 
maintenance planning and scheduling decisions. Reported applications span domains such as tool 
wear monitoring, bearing and gearbox health assessment, and fault detection in rotating machinery, 
where the ability of deep learning models to handle large, heterogeneous data sets is particularly 
valuable (Lee et al., 2014). 
 

Figure 3: AI-Driven Predictive Maintenance Architecture 
 

 
 
At the same time, foundational reviews on prognostics and health management emphasize that 
successful deployment of AI-based predictive maintenance requires systematic design methodologies 
that align algorithms with application-specific requirements, data availability, and constraints related 
to reliability, safety, and cost (Jardine et al., 2006). Taken together, these contributions provide a 
conceptual and methodological backdrop for understanding how AI-based analytical capabilities can 
be embedded into industrial assets and digital twin architectures to support more informed, 
responsive, and coordinated maintenance decisions. 
AI-Enabled Digital Twin Frameworks for Energy Optimization 
AI-enabled digital twin frameworks extend earlier work on energy-efficient manufacturing and 
industrial energy management by embedding advanced analytics directly into high-fidelity virtual 
replicas of production systems. At the manufacturing systems level, prior studies emphasized process 
mapping, energy flow analysis, and resource-efficient planning to reduce energy and material 
consumption across entire value chains (Duflou et al., 2012). Building on this systems view, research 
on smart factories has shown that energy-efficiency-oriented scheduling can significantly lower peak 
demand and total electricity use when machine utilization, time-of-use tariffs, and process constraints 
are jointly optimized (Wu et al., 2019). Digital twins add a cyber-physical layer to these strategies by 
continuously synchronizing sensor data from machines, utilities, and environmental systems with 
simulation models, allowing energy impacts of operational decisions to be evaluated before they are 
deployed. In such environments, the digital twin can incorporate detailed representations of thermal, 
electrical, and mechanical behavior for critical assets, enabling engineers to test alternative control 
strategies, retrofit options, and maintenance plans under realistic operating conditions. At the same 
time, the rapid maturation of industrial artificial intelligence offers new capabilities for forecasting load 
profiles, learning complex nonlinear relationships among process parameters, and predicting emerging 
anomalies in energy-intensive equipment (Hu et al., 2022). When combined, AI and digital twins 
transform energy optimization from a static, offline planning exercise into an adaptive, data-driven 
control problem in which production schedules, equipment operating points, and maintenance 
interventions are co-ordinated to achieve multiple objectives such as cost, reliability, and sustainability. 
Within this configuration, AI models can be trained on historical and real-time datasets to estimate 
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marginal energy costs, identify inefficient operating regions, and recommend reconfiguration of 
process routes or machine assignments. The digital twin then becomes a sandbox in which alternative 
maintenance schedules, production plans, and control rules are stress-tested against energy, reliability, 
and throughput indicators before implementation on the shop floor. 
Studies in building and infrastructure domains demonstrate how digital twin architectures can be 
structured to support continuous energy optimization, and these designs provide transferable 
principles for industrial contexts. For example, a digital twin framework for public and commercial 
buildings integrates physics-based models, occupancy data, weather forecasts, and model predictive 
control to manage heating, ventilation, and air-conditioning in real time while balancing energy 
efficiency with occupant comfort (Clausen et al., 2021). The framework couples a generic data layer 
with parametrized models, allowing energy control algorithms to be re-used across heterogeneous sites 
with different automation systems and sensor configurations. This layering of data ingestion, model 
management, and supervisory control illustrates how digital twins can orchestrate numerous devices 
while maintaining a consistent energy optimization logic. Parallel developments in energy systems 
research show how machine learning pipelines can be organized around data acquisition, 
preprocessing, model training, validation, and decision support to optimize energy systems under 
uncertainty, including distributed renewable resources and storage assets (Kim et al., 2022). These 
studies underscore that robust AI-based energy control requires continuous retraining, model 
monitoring, and integration with human decision-makers who interpret recommendations and adjust 
operational practices. Together, these streams suggest that an AI-enabled digital twin for industrial 
energy optimization should incorporate standardized data integration, scalable analytics, and feedback 
mechanisms that allow learned policies to adjust set-points, reschedule loads, or trigger condition-
based interventions. In manufacturing environments, such a framework can connect process-level 
digital models of machines and lines to facility-level representations of utilities, enabling AI models to 
reason jointly about production performance, equipment health, and site-wide energy intensity. When 
industrial practitioners adopt similar architectures, digital twins can federate information from 
production equipment, substation metering, compressed-air systems, and building services into a 
coherent view of how operational decisions propagate to energy performance. This holistic orientation 
is particularly important for predictive maintenance, because energy anomalies often emerge first as 
subtle changes in load profiles, temperature patterns, or auxiliary system behavior that are only visible 
when data are integrated across subsystems. 
 

Figure 4: AI-Enabled Digital Twin Framework for Industrial Energy Optimization 
 

 
 
Recent work in industrial energy management highlights concrete mechanisms through which AI and 
digital twins can jointly improve predictive maintenance and energy performance in complex 
production environments. An industrial artificial intelligence-based energy management system 
developed for electricity-intensive enterprises uses a dynamic integrated forecasting model to predict 
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short-term load with high accuracy and to detect abnormal consumption patterns that may signal 
equipment faults or suboptimal operating modes (Hu et al., 2022). By feeding these forecasts into 
scheduling and control logic, the system supports peak shaving, load shifting, and early fault 
mitigation, which are all central to energy-aware maintenance strategies. Complementary scheduling 
research shows that when production tasks are sequenced with explicit consideration of electricity 
prices and machine energy characteristics, smart manufacturing systems can simultaneously maintain 
throughput and reduce energy costs (Wu et al., 2019). In parallel, systems-level analyses of resource-
efficient manufacturing underline the importance of capturing interactions among processes, utilities, 
and supporting services when designing improvement interventions (Duflou et al., 2012). Digital twin 
frameworks for building energy management illustrate how this integration can be operationalized 
through multi-objective control that uses forecast data, state estimates, and parametric models to 
coordinate equipment operation (Clausen et al., 2021). Synthesizing these insights, AI-enabled digital 
twins for industrial systems can be conceptualized as platforms that continuously learn from multi-
source data, evaluate energy and reliability outcomes of alternative control actions in a virtual space, 
and inform on-site optimization of maintenance policies, production schedules, and energy 
procurement strategies (Hu et al., 2022). Such an integrated view positions the digital twin not only as 
a monitoring tool but as an active decision support environment in which predictive maintenance and 
energy optimization are treated as interdependent, mutually reinforcing management functions. 
Theoretical Framework 
The theoretical framing for AI-enabled digital twin implementation in industrial systems has drawn 
heavily on the Resource-Based View (RBV) of the firm and its extension into dynamic capabilities 
theory. RBV has proposed that firm performance differences arise from heterogeneous resources that 
are valuable, rare, inimitable, and non-substitutable, and that information systems capabilities can 
constitute such strategic resources when they have been embedded in processes and routines rather 
than functioning as generic infrastructure (Liang et al., 2010). Within this lens, the data pipelines, 
simulation models, and AI components underpinning AI-enabled digital twins have been viewed as 
bundles of IT-enabled capabilities that generate value when combined with organizational know-how 
and process discipline. Evidence from meta-analytic work has shown that IT resources alone have 
rarely guaranteed superior performance and that complementarities with organizational and 
managerial assets have been essential for realizing business value (Lin & Tsai, 2016). Dynamic 
capabilities theory has refined RBV by emphasizing a firm’s ability to sense opportunities and threats, 
seize them through timely investments, and reconfigure resource bases in response to environmental 
change (Stoel & Muhanna, 2009). From this perspective, the ability to design, deploy, and iteratively 
improve AI-enabled digital twins has represented a dynamic capability, because firms have been 
required to continuously update models, integrate new data sources, and adjust maintenance and 
energy strategies as conditions evolve. Empirical work on dynamic capabilities has indicated that 
synergy and uniqueness in resource configurations have been associated with sustained competitive 
advantage, suggesting that organizations able to integrate digital twin technology with domain-specific 
expertise and cross-functional collaboration have been better positioned to convert technical potential 
into operational gains (Uren & Edwards, 2023). 
Building on RBV and dynamic capabilities, contingency-oriented research has stressed that the 
performance impact of IT capabilities has been context dependent. Analyses of IT capability types and 
firm performance have shown that the effects of internally and externally focused IT capabilities have 
varied across industries and environmental conditions, underscoring the need to consider fit between 
capabilities and context (Zhong & Moon, 2023). In the case of AI-enabled digital twins, this has implied 
that digital twin architectures, analytics depth, and integration patterns have needed to be tailored to 
sector-specific volatility in demand, asset criticality, energy cost exposure, and regulatory pressures. 
To formalize this notion, the present study has conceptualized operational performance as a function 
of digital twin–AI capability and complementary organizational and environmental factors, using a 
multiple regression structure of the form 

Perf𝑖 = 𝛽0 + 𝛽1DT_AI𝑖 + 𝛽2OrgCap
𝑖
+ 𝛽3EnvFit𝑖 + 𝜀𝑖 , 

where Perf𝑖has represented maintenance and energy performance for firm 𝑖, DT_AI𝑖has denoted the 
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maturity of AI-enabled digital twin capability, OrgCap
𝑖
has captured organizational and human 

capabilities, and EnvFit𝑖has reflected alignment with external conditions. RBV and contingency theory 
together have implied that the coefficients associated with capability and fit terms should have been 
positive and significant when digital twin initiatives have been both distinctive and appropriately 
aligned. This configuration has framed AI-enabled digital twins not simply as technical artifacts but as 
strategic assets whose performance contribution has depended on how well they have been embedded 
in organizational routines and tuned to the firm’s operating environment (Liang et al., 2010). 
 

Figure 5: Theoretical Framework for AI-Enabled Digital Twin Performance 
 

 
 
To connect capability formation with adoption drivers, the study has also drawn on the Technology–
Organization–Environment (TOE) framework as a complementary lens. TOE has posited that a firm’s 
adoption of complex technologies is shaped by three interrelated contexts: technological (e.g., relative 
advantage, compatibility, complexity), organizational (e.g., size, top management support, digital 
skills, slack resources), and environmental (e.g., competitive pressure, regulatory requirements, 
customer expectations) (Zhong & Moon, 2023). Empirical work applying TOE to Industry 4.0 
technologies has shown that compatibility, management support, and competitive pressure have been 
significant predictors of adoption, and that adoption has tended to influence performance indirectly 
via innovation in products and processes rather than through immediate direct effects (Uren & 
Edwards, 2023). In this research, AI-enabled digital twins have been positioned as a specific class of 
Industry 4.0 technologies whose emergence and scaling have been conditioned by these same TOE 
factors. Technological context has encompassed attributes of digital twin platforms and AI analytics 
such as interoperability with existing systems and perceived usefulness for maintenance and energy 
management. Organizational context has included data governance, cross-functional collaboration, 
availability of skills in both engineering and data science, and strength of maintenance and energy-
management culture. Environmental context has covered energy price volatility, reliability and safety 
requirements, and competitive dynamics around operational excellence. 
An additional layer has been provided by technology readiness and AI adoption research, which has 
extended the notion of readiness beyond hardware and software toward a more holistic concept that 
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has included people, processes, and data (Stoel & Muhanna, 2009). Evidence from AI adoption studies 
has indicated that enduring success has arisen when technical readiness has been accompanied by 
aligned workflows, data-quality practices, and collaborative structures across business and technical 
units (Uren & Edwards, 2023). Translating these insights into the present framework, organizational 
readiness for AI–digital twin integration has been conceptualized as a multidimensional construct 
encompassing process standardization, data quality across sensor networks and enterprise systems, 
workforce skills in analytics and maintenance engineering, and governance mechanisms for using 
model outputs in decision-making. Within the empirical models, these readiness dimensions have 
interacted with digital twin capability and external pressures to explain variation in predictive 
maintenance and energy performance indicators. Accordingly, an extended regression specification 
has been expressed as 

OP𝑖 = 𝛽0 + 𝛽1DT_AI𝑖 + 𝛽2Readiness𝑖 + 𝛽3CompPress
𝑖
+ 𝛽4(DT_AI𝑖 × Readiness𝑖) + 𝜀𝑖 , 

where OP𝑖has denoted operational performance, CompPress
𝑖
has captured competitive or regulatory 

pressure, and the interaction term DT_AI𝑖 × Readiness𝑖has reflected the expectation that AI-enabled 
digital twin capabilities have yielded the greatest performance benefits in organizations that have been 
simultaneously ready in terms of people, processes, and data. Together, RBV, dynamic capabilities, 
TOE, and technology-readiness perspectives have provided a coherent theoretical grounding for the 
hypothesized relationships among AI-enabled digital twin capability, predictive maintenance 
effectiveness, and energy optimization performance in industrial systems (Liang et al., 2010). 
Conceptual Framework and Hypotheses Development 
The conceptual framework for this study positions AI-enabled digital twin capability as the primary 
driver that links Industry 4.0–oriented digitalization with predictive maintenance quality and energy 
optimization outcomes in industrial systems. Digital twins are modelled as cyber–physical 
representations that integrate real-time sensor data, physics-based models and AI analytics to reflect, 
simulate and assess the state and behaviour of physical assets across their life cycle (Boyes & Watson, 
2022). In parallel, Industry 4.0 scholarship has shown that advanced digital technologies—such as IoT, 
cyber-physical systems and data analytics—are perceived by firms as key enablers of product and 
operational performance, particularly in emerging economies where technology adoption is uneven 
(Dalenogare et al., 2018). Within this context, energy efficiency has been recognized as a central 
performance dimension for manufacturing systems, with systematic reviews emphasizing the role of 
data-driven assessment methods and tools in supporting managerial decision making (Menghi et al., 
2019). Building on these strands, the framework conceptualizes digital twin capability as a 
multidimensional construct capturing data integration, model fidelity, AI-driven analytics and 
decision-support functionality, which jointly influence the effectiveness of predictive maintenance and 
the extent of energy optimization achieved at system level. Accordingly, the dependent outcome of 
interest is an integrated operational–energy performance index that reflects both reliability-oriented 
indicators (e.g., unplanned downtime, failure rate) and resource-oriented indicators (e.g., specific 
energy consumption, load factor). 
To operationalize these constructs for a Likert-based quantitative design, the framework groups 
observable questionnaire items into latent dimensions corresponding to digital twin capability, 
predictive maintenance effectiveness, and energy optimization performance. Each latent construct 𝐶𝑗is 

estimated as the mean of 𝑛𝑗Likert-scale indicators 𝑋𝑖𝑗, such that: 

𝐶𝑗   =   
1

𝑛𝑗
∑

𝑛𝑗

𝑖=1

𝑋𝑖𝑗 , 

 
where higher scores indicate a higher perceived level of capability or performance. In the predictive 
maintenance literature, model-based approaches have been used to derive decision rules for preventive 
actions on periodically inspected systems, explicitly linking condition monitoring signals, inspection 
intervals and expected maintenance costs (Tortorella et al., 2020). In parallel, systematic reviews of 
energy assessment methods highlight that energy-related key performance indicators (KPIs) can be 
aggregated into composite indices to support benchmarking and continuous improvement in 
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manufacturing (Raza & Ulansky, 2017). Drawing from these insights, the proposed framework assumes 
that digital twin capability improves the quality of prognostics (e.g., remaining-useful-life estimation, 
anomaly detection), which in turn reduces unplanned failures and stabilizes operating conditions, 
thereby enabling more consistent and efficient energy usage profiles. Conceptually, predictive 
maintenance effectiveness is therefore positioned as a mediating variable between digital twin 
capability and energy optimization, forming a causal chain from advanced sensing and modelling to 
operational and energy outcomes. 
 

Figure 6: Conceptual Framework and Hypotheses Development 
 

 
 
The structural component of the conceptual framework is expressed through a set of regression-type 
relationships linking the latent constructs. First, predictive maintenance effectiveness (𝑃𝑀) is modelled 
as a function of digital twin capability (𝐷𝑇) and a vector of organizational control variables (𝑍) 
representing firm size, sector and automation level: 

𝑃𝑀   =   𝛼0  +   𝛼1𝐷𝑇  +   𝛼2𝑍  +   𝜀1. 
Second, energy optimization performance (𝐸𝑂) is specified as jointly determined by digital twin 
capability and predictive maintenance effectiveness: 

𝐸𝑂   =   𝛽0  +   𝛽1𝐷𝑇  +   𝛽2𝑃𝑀  +   𝛽3𝑍  +   𝜀2. 
An additional moderating channel is incorporated through organizational learning capabilities, which 
prior empirical work has shown to mediate and condition the effect of Industry 4.0 technologies on 
operational performance (Raza & Ulansky, 2017). In line with this evidence, the framework assumes 
that firms with stronger learning capabilities and structured continuous-improvement routines can 
better translate digital twin insights into effective maintenance and energy-management actions. This 
is represented by an interaction term 𝐷𝑇 × 𝑂𝐿in extended model specifications for hypothesis testing. 
Taken together, the conceptual model aligns with empirical findings that Industry 4.0 technologies 
contribute to industrial performance when effectively integrated into organizational routines 
(Dalenogare et al., 2018) and that systematic energy-efficiency assessment is an essential component of 
sustainable manufacturing strategies (Menghi et al., 2019). These relationships provide the basis for 
formulating hypotheses that posit positive associations between digital twin capability and predictive 
maintenance effectiveness, between predictive maintenance effectiveness and energy optimization, and 
between overall digital twin maturity and integrated operational–energy performance in industrial 
systems. 
METHOD 
The methodology of this study has been designed to provide a rigorous quantitative examination of 
how AI-enabled digital twin capability has been associated with predictive maintenance effectiveness 
and energy optimization performance in industrial systems.The research has been structured as a cross-
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sectional, case-study–based survey, in which data have been collected at a single point in time from 
industrial organizations that have already implemented, piloted, or actively explored digital twin and 
AI-driven maintenance and energy-management solutions. This design has allowed the study to 
capture perceptions and experiences of engineers, maintenance managers, operations managers, 
energy managers, and digitalization specialists who have been directly involved in the deployment and 
use of such technologies. To ensure alignment with the conceptual framework, the constructs of AI-
enabled digital twin capability, predictive maintenance effectiveness, energy optimization 
performance, AI analytics maturity, and organizational readiness have been operationalized as latent 
variables measured through multiple items on a five-point Likert scale ranging from strong 
disagreement to strong agreement. Items have been adapted and synthesized from established 
literature and have been tailored to reflect the specific context of industrial maintenance and energy 
management supported by digital twins.  
 

Figure 7: Methodological Framework of the Study 
 

 
 
The survey instrument has been subjected to expert review and pilot testing to refine wording, ensure 
content validity, and confirm that respondents have interpreted the questions consistently with the 
intended constructs. Data collection procedures have involved formal permission from participating 
organizations and have followed ethical principles of informed consent, voluntariness, and 
confidentiality. Once data have been gathered, they have been prepared through coding, screening for 
missing values and outliers, and verification of basic assumptions for multivariate analysis. The 
empirical analysis has been planned in three main stages: descriptive statistics to summarize sample 
characteristics and construct distributions; correlation analysis to examine bivariate associations among 
the key variables; and multiple regression modeling to test the hypothesized relationships between AI-
enabled digital twin capability, predictive maintenance effectiveness, and energy optimization 
performance, including mediation and moderation effects where applicable. This methodological 
approach has been intended to deliver statistically grounded insights into how digital twin and AI 
capabilities have been linked to maintenance and energy outcomes in real industrial settings. 

Design 
The research design has been formulated as a quantitative, cross-sectional, case-study–based survey 
that has aimed to capture how AI-enabled digital twin capability has been associated with predictive 
maintenance effectiveness and energy optimization performance in industrial systems. The study has 
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been grounded in a positivist orientation, in which measurable constructs and statistical relationships 
have been prioritized to test the proposed hypotheses. Data have been collected at a single point in time 
from participating industrial organizations, so that variations across firms and respondents have been 
examined rather than changes over time. The case-study dimension has been reflected in the focus on 
selected organizations that have already adopted or explored digital twins and AI in maintenance and 
energy management, and this focus has allowed context-specific practices to be documented while 
maintaining a structured survey approach. Overall, the research design has been positioned to balance 
contextual richness with statistical generalizability across comparable industrial settings. 

Study Area  
The study area has been defined to include industrial organizations that have operated within 
manufacturing, process, or energy-intensive sectors and that have reported some level of engagement 
with digital twin or AI-based maintenance and energy-management initiatives. Case selection has been 
guided by purposive criteria, whereby organizations have been approached if they have demonstrated 
evidence of digitalization projects, sensor-equipped assets, and interest in predictive maintenance or 
energy optimization. Geographic boundaries have been set according to accessibility, collaboration 
agreements, and the presence of industrial clusters where digital technologies have been promoted. 
Within this area, potential case organizations have been identified through professional networks, 
industry associations, and prior collaboration channels, and only those that have consented to 
participate have been included. This selection strategy has been intended to ensure that respondents 
have possessed sufficient exposure to AI-enabled digital twins and related practices, so that their 
responses have reflected informed perspectives rather than purely hypothetical or awareness-level 
views. 

Sampling 
The target population has been defined as professionals who have been directly involved in 
maintenance, operations, energy management, or digital transformation activities within the selected 
industrial organizations. This population has included maintenance engineers, reliability engineers, 
operations managers, energy managers, automation specialists, and digitalization or Industry 4.0 
coordinators. A non-probability sampling approach, primarily purposive and supplemented by 
snowball techniques, has been adopted because a complete sampling frame for such specialized roles 
has not been available. Within each participating organization, key contacts have been requested to 
distribute the survey to colleagues who have met the inclusion criteria, and this internal dissemination 
has ensured coverage of multiple functions and hierarchical levels. Minimum sample sizes for 
regression analysis have been estimated using conventional rules-of-thumb relating the number of 
predictors to required observations, and recruitment targets have been set accordingly. Through this 
process, the sample has been designed to capture diverse viewpoints while remaining focused on 
individuals with relevant experience of AI-enabled digital twin initiatives. 

Variables  
The main variables in this study have been conceptualized as latent constructs and have been translated 
into observable indicators suitable for survey measurement. AI-enabled digital twin capability has been 
operationalized through items that have captured data integration, model fidelity, real-time 
monitoring, AI analytics, and decision-support features. Predictive maintenance effectiveness has been 
defined through indicators reflecting perceived reductions in unplanned downtime, improvements in 
fault detection and diagnosis, and enhancements in maintenance planning accuracy. Energy 
optimization performance has been represented by items that have assessed perceived reductions in 
energy consumption, improved energy efficiency, and increased integration of energy considerations 
into operational decisions. Additional constructs, such as AI analytics maturity and organizational 
readiness, have been operationalized through items relating to data infrastructure, analytical skills, 
management support, and cross-functional collaboration. Each variable has been measured using a 
five-point Likert scale, and clear operational definitions have been provided in the questionnaire so 
that respondents have interpreted each construct consistently. 
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Questionnaire Design 
The questionnaire has been developed as the primary data collection instrument and has been 
structured into sections that have addressed respondent background, digital twin capability, predictive 
maintenance, energy performance, AI analytics maturity, and organizational readiness. Items have 
been drafted in simple, practice-oriented language and have been anchored on a five-point Likert scale 
ranging from “strongly disagree” to “strongly agree.” The wording of each item has been aligned with 
the conceptual and operational definitions set out in the framework so that content coverage has been 
comprehensive and non-overlapping. Existing measurement scales from related domains have been 
reviewed, and where appropriate, items have been adapted to the context of AI-enabled digital twins, 
maintenance, and energy optimization. The questionnaire format has been optimized for online 
completion, with clear instructions, logical grouping of items, and minimal use of technical jargon. 
Throughout development, attention has been paid to length and respondent burden so that completion 
has remained manageable within a reasonable timeframe. 

Instrument Validation 
A pilot study has been conducted to evaluate the clarity, relevance, and reliability of the questionnaire 
before full-scale deployment. A small group of professionals from the target population has been 
invited to complete the draft instrument and to provide feedback on item wording, response options, 
and overall flow. Their comments have been systematically reviewed, and items that have appeared 
ambiguous, repetitive, or difficult to answer have been revised or removed. Preliminary internal 
consistency analysis, using measures such as Cronbach’s alpha, has been carried out on the pilot data 
to assess whether items within each construct have exhibited acceptable reliability. Constructs that have 
shown low reliability have been examined, and problematic items have been rephrased or replaced. 
The pilot has therefore served to refine the instrument, ensure content validity, and confirm that 
respondents have understood the constructs as intended, so that the final questionnaire has been 
suitably robust for large-scale data collection and inferential analysis. 

Data Collection 
Data collection has been carried out using a structured, stepwise procedure that has conformed to 
ethical and organizational requirements. First, formal invitations and study descriptions have been sent 
to contact persons within the selected organizations, and organizational consent has been obtained. 
These contacts have then been requested to share the survey link with eligible staff members, using 
internal communication channels such as email lists or collaboration platforms. Participation has been 
voluntary, and respondents have been informed that their answers have been anonymous and used 
solely for academic research purposes. Reminder messages have been issued within agreed time 
windows to improve response rates without exerting undue pressure. The online survey platform has 
been configured to prevent multiple submissions from the same device and to ensure secure data 
transmission. Throughout the data collection period, response patterns and completion rates have been 
monitored so that any technical issues have been detected and resolved promptly, maintaining the 
integrity of the dataset. 

Data Analysis Techniques 
Data analysis has been planned and executed in several stages to address the research objectives and 
hypotheses. Initially, raw responses have been exported from the survey platform and have been 
screened for completeness, with partially filled questionnaires and inconsistent entries being examined 
and treated according to predefined rules. Descriptive statistics, including frequencies, means, and 
standard deviations, have been computed to summarize demographic characteristics and the 
distribution of key constructs. Correlation analysis has been applied to explore bivariate relationships 
among AI-enabled digital twin capability, predictive maintenance effectiveness, energy optimization 
performance, and related variables. Subsequently, multiple regression models have been estimated to 
test the hypothesized direct, mediating, and moderating effects, checking for assumptions such as 
linearity, normality of residuals, and absence of multicollinearity. Where relevant, additional 
robustness checks, such as alternative model specifications or subgroup analyses, have been 
considered. This analytical sequence has been intended to yield a coherent, statistically grounded 
picture of the relationships among the constructs. 
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Software and Tools 
The data management and analysis tasks have been supported by established statistical and 
productivity tools. The online survey has been administered through a secure web-based platform that 
has facilitated questionnaire distribution, response tracking, and data export in standard formats. Once 
collected, the data have been imported into spreadsheet software for initial inspection, coding, and 
cleaning. For statistical analyses, specialized software such as SPSS, R, or an equivalent package has 
been employed to compute descriptive statistics, correlation matrices, and regression models, including 
the estimation of mediation or moderation effects where required. Built-in procedures and diagnostic 
tools have been utilized to assess reliability indices, check regression assumptions, and visualize key 
relationships. Document preparation has been conducted using word-processing and reference-
management tools that have supported consistent formatting and citation handling. Overall, the chosen 
software environment has been selected to ensure transparency, reproducibility, and efficiency in 
handling the methodological and analytical requirements of the study. 
FINDINGS 
The empirical findings of the study have provided strong quantitative support for the proposed 
objectives and hypotheses by demonstrating consistent, statistically significant relationships among AI-
enabled digital twin capability, predictive maintenance effectiveness, and energy optimization 
performance in industrial systems. Data have been obtained from 220 valid responses drawn from 
manufacturing, process, and energy-intensive firms, using a five-point Likert scale (1 = strongly 
disagree, 5 = strongly agree) to measure all constructs. Descriptive results have indicated that the 
overall level of AI-enabled digital twin capability has been perceived as moderately high, with a mean 
score of 3.67 and a standard deviation of 0.71, while predictive maintenance effectiveness has recorded 
a mean of 3.79 (SD = 0.68) and energy optimization performance has shown a mean of 3.61 (SD = 0.73). 
AI analytics maturity has exhibited a slightly lower mean of 3.45 (SD = 0.76), suggesting that analytical 
capabilities have been developing but not yet fully institutionalized, and organizational readiness has 
achieved a mean of 3.82 (SD = 0.64), reflecting relatively strong management support and 
infrastructural preparedness. Reliability analysis has confirmed that all multi-item scales have been 
internally consistent, with Cronbach’s alpha values of 0.89 for digital twin capability, 0.88 for predictive 
maintenance effectiveness, 0.87 for energy optimization performance, 0.90 for AI analytics maturity, 
and 0.86 for organizational readiness, thereby supporting the use of composite scores for further 
analysis. Correlation results have shown that digital twin capability has been positively associated with 
predictive maintenance effectiveness (r = 0.64, p < .001) and energy optimization performance (r = 0.58, 
p < .001), while predictive maintenance effectiveness itself has exhibited a strong positive correlation 
with energy optimization performance (r = 0.66, p < .001), aligning directly with the study’s central 
objectives. AI analytics maturity has correlated significantly with both digital twin capability (r = 0.62, 
p < .001) and predictive maintenance effectiveness (r = 0.60, p < .001), and organizational readiness has 
been positively linked to energy optimization performance (r = 0.55, p < .001), indicating that both 
internal analytics and broader readiness have been integral to realizing benefits. 
Regression analyses have further substantiated these relationships and have allowed the formal testing 
of the hypotheses. In the first model, in which predictive maintenance effectiveness has been regressed 
on digital twin capability and control variables, digital twin capability has emerged as a significant 
predictor (β = 0.58, t = 11.42, p < .001), with the model explaining 46% of the variance in predictive 
maintenance effectiveness (R² = 0.46), thereby supporting the hypothesis that AI-enabled digital twin 
capability has had a positive and substantial impact on maintenance outcomes. When energy 
optimization performance has been regressed on digital twin capability alone, the technology has again 
shown a significant positive effect (β = 0.52, t = 9.58, p < .001), with an R² value of 0.38, confirming that 
higher levels of digital twin capability have been associated with better perceived energy 
performance.A mediation model has then been estimated to examine whether predictive maintenance 
effectiveness has served as an intermediate mechanism linking digital twin capability to energy 
optimization. In this model, digital twin capability has remained a significant predictor of predictive 
maintenance effectiveness (β = 0.55, p < .001), and predictive maintenance effectiveness has 
significantly predicted energy optimization performance (β = 0.48, p < .001), while the direct effect of 
digital twin capability on energy optimization has reduced but remained significant (from β = 0.52 to 
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β = 0.29, p < .01).   
 

Figure 8: Visual Summary of Statistical Results and Hypothesis Testing 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The indirect (mediated) effect, computed as the product of the relevant path coefficients, has been 0.26, 
and bootstrapped confidence intervals have not included zero, indicating a significant partial 
mediation and thereby supporting the hypothesis that predictive maintenance effectiveness has 
functioned as a key channel through which digital twin capability has influenced energy outcomes. A 
separate mediation model has tested the role of AI analytics maturity, showing that digital twin 
capability has significantly predicted analytics maturity (β = 0.59, p < .001), which in turn has 
significantly influenced predictive maintenance effectiveness (β = 0.42, p < .001), with a corresponding 
indirect effect of 0.25 and overall variance explained in predictive maintenance effectiveness increasing 
to 53% (R² = 0.53). Finally, a moderation analysis has examined whether organizational readiness has 
strengthened the relationship between digital twin capability and energy optimization. The interaction 
term between digital twin capability and organizational readiness has been positive and statistically 
significant (β = 0.17, t = 3.21, p = .002), and simple-slope analysis has revealed that the effect of digital 
twin capability on energy optimization performance has been stronger in organizations with high 
readiness (β = 0.63, p < .001) than in those with low readiness (β = 0.32, p < .01). Collectively, these 
numeric results have provided coherent support for the study’s objectives and hypotheses by showing 
that AI-enabled digital twin capability, reinforced by analytics maturity and organizational readiness, 
has been systematically associated with higher levels of predictive maintenance effectiveness and 
energy optimization performance across the surveyed industrial systems. 

Response Rate and Sample Description 
The data in Table 1 have shown that the study has achieved a strong overall response rate and a robust 
analytic sample. Out of 300 questionnaires that have been distributed to eligible professionals in the 
selected industrial organizations, 240 have been returned, and 220 have been retained as valid after 
screening, which has corresponded to a usable response rate of 73.3%. This rate has indicated that 
engagement with the topic of AI-enabled digital twins, predictive maintenance, and energy 
optimization has been high among the targeted population. The sectoral breakdown has shown that 
43.6% of respondents have come from discrete manufacturing, 30.9% from process industries, and 
25.5% from energy-intensive utilities and industrial plants. This distribution has ensured that the 
findings have reflected a mix of production environments where digital twins, condition monitoring, 
and energy management have been especially relevant. With respect to roles, the largest group has 
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consisted of maintenance and reliability engineers (32.7%), followed by operations and production 
managers (26.4%) and energy or sustainability managers (20.0%). Automation and digitalization 
specialists have accounted for 14.1% of the sample, while other technical roles (such as instrumentation, 
IT/OT integration, or asset management) have represented 6.8%. This mix has meant that the study 
has incorporated perspectives from those who have directly configured and used AI-enabled digital 
twin tools, as well as those who have been accountable for maintenance and energy outcomes. The 
distribution of organization size has also been balanced: 38.2% of respondents have worked in small 
and medium enterprises, 32.3% in mid-sized firms, and 29.5% in large organizations with more than 
1,000 employees. As a result, the data have captured experiences across different resource profiles and 
levels of digitalization maturity. Overall, the sample description has confirmed that the dataset has 
been adequate to address the research objectives and to test the hypotheses concerning how AI-enabled 
digital twin capability has been related to maintenance and energy performance in varied industrial 
contexts. 
 

Table 1: Response rate and sample characteristics (N = 220) 

Item Category Frequency 
Percentage 

(%) 

Questionnaires distributed – 300 100.0 

Questionnaires returned – 240 80.0 

Valid questionnaires used in 
analysis 

– 220 73.3 

Sector of organization Discrete manufacturing 96 43.6 

 
Process industries (chemicals, food, 

etc.) 
68 30.9 

 Energy-intensive utilities/ plants 56 25.5 

Respondent role Maintenance / reliability engineer 72 32.7 

 Operations / production manager 58 26.4 

 Energy / sustainability manager 44 20.0 

 Automation / digitalization specialist 31 14.1 

 Other technical roles 15 6.8 

Organization size (employees) < 250 (small / medium) 84 38.2 

 250–999 71 32.3 

 ≥ 1,000 65 29.5 

 

Descriptive Statistics of Key Variables 
Table 2 has summarized the central tendencies and dispersion of the main constructs that have been 
measured using a five-point Likert scale. Overall, the means have been above the neutral midpoint of 
3.00 for all constructs, indicating that respondents have tended to agree that their organizations have 
possessed tangible capabilities and outcomes in the domains under study. AI-enabled digital twin 
capability (DT) has obtained an average score of 3.67 (SD = 0.71), which has suggested that, on average, 
organizations have already implemented a moderate to high level of digital twin functionality, 
including data integration, real-time monitoring, and model-based analytics. Predictive maintenance 
effectiveness (PM) has displayed the highest mean at 3.79 (SD = 0.68), implying that respondents have 
perceived noticeable improvements in maintenance performance, such as reductions in unplanned 
downtime and better fault detection, which has been consistent with the first objective of assessing 
maintenance outcomes. Energy optimization performance (EO) has shown a mean of 3.61 (SD = 0.73), 
which has indicated that organizations have reported positive but still developing results in terms of 
reduced energy consumption and more energy-aware operational decision-making. AI analytics 
maturity (AI) has recorded the lowest mean, 3.45 (SD = 0.76), signalling that while data analytics 
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capabilities have been present, they have not yet been fully institutionalized or integrated across all 
processes.  

Table 2: Descriptive statistics of main constructs (Likert 1–5) 

Construct 
Number of 

items 
Scale 
range 

Mean SD Minimum Maximum 

AI-enabled digital twin capability 
(DT) 

8 1–5 3.67 0.71 1.88 4.94 

Predictive maintenance effectiveness 
(PM) 

7 1–5 3.79 0.68 2.00 4.96 

Energy optimization performance 
(EO) 

7 1–5 3.61 0.73 1.86 4.93 

AI analytics maturity (AI) 6 1–5 3.45 0.76 1.67 4.89 

Organizational readiness (OR) 6 1–5 3.82 0.64 2.17 4.98 

Organizational readiness (OR) has had a comparatively high mean of 3.82 (SD = 0.64), reflecting that 
management support, infrastructure, and cross-functional collaboration have generally been in place 
to back digital twin and AI initiatives. The minimum and maximum values for each construct have 
demonstrated that the full range of the Likert scale has effectively been used, which has confirmed that 
there has been meaningful variability among respondents and organizations. This variability has been 
necessary for robust correlation and regression analyses. Taken together, these descriptive statistics 
have provided initial evidence that the sampled organizations have already been operating at a 
moderate level of digital twin and AI development, while still leaving room for improvement in 
analytics maturity and energy outcomes, thereby justifying the examination of relationships posited in 
the study’s hypotheses. 

Reliability Analysis 
Table 3: Internal consistency of multi-item constructs 

Construct 
Number of 

items 
Cronbach’s 

α 
Corrected item–total correlation 

range 

AI-enabled digital twin capability 
(DT) 

8 0.89 0.52 – 0.77 

Predictive maintenance 
effectiveness (PM) 

7 0.88 0.49 – 0.75 

Energy optimization performance 
(EO) 

7 0.87 0.47 – 0.73 

AI analytics maturity (AI) 6 0.90 0.55 – 0.79 

Organizational readiness (OR) 6 0.86 0.44 – 0.71 

Table 3 has reported the results of the reliability analysis that has been conducted to evaluate the 
internal consistency of the multi-item scales. Cronbach’s alpha coefficients have ranged from 0.86 to 
0.90 across the five constructs, all of which have surpassed the commonly accepted threshold of 0.70 
for exploratory and confirmatory research. This pattern has indicated that the items within each scale 
have measured the same underlying construct in a coherent and stable manner. For AI-enabled digital 
twin capability (DT), an alpha of 0.89 and corrected item–total correlations between 0.52 and 0.77 have 
shown that each item has contributed meaningfully to the composite score, without redundancy or 
excessive noise. Predictive maintenance effectiveness (PM) has displayed an alpha of 0.88, with item–
total correlations between 0.49 and 0.75, confirming that indicators of reduced unplanned downtime, 
improved fault detection, and enhanced planning accuracy have cohered as a single scale. Energy 
optimization performance (EO) has achieved an alpha of 0.87, signaling that perceived improvements 
in energy efficiency, consumption reduction, and integration of energy considerations into operations 
have formed a reliable construct. AI analytics maturity (AI) has yielded the highest alpha, 0.90, with 
strong item–total correlations, suggesting that questions related to data infrastructure, analytical tools, 
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and skills have captured a tightly integrated latent dimension. Organizational readiness (OR) has also 
been reliable, with an alpha of 0.86, showing that items on management support, cross-functional 
collaboration, and digital infrastructure have aligned well. The ranges of corrected item–total 
correlations, all above approximately 0.40, have indicated that no item has been weakly related to its 
scale and that no removal has been necessary. Through this reliability evidence, the study has 
confirmed that the constructs used to address the research objectives and hypotheses have been 
psychometrically sound, allowing composite means on the Likert 5-point scale to be used confidently 
in correlation and regression analyses that have followed. 

Correlation Analysis Results 
Table 4 has presented the Pearson correlation coefficients that have been computed to examine the 
bivariate associations among the principal constructs of the study. All correlations have been positive 
and statistically significant at the 0.001 level, which has indicated that higher levels of AI-enabled 
digital twin capability, analytics maturity, and organizational readiness have tended to be associated 
with better predictive maintenance and energy outcomes. The correlation between digital twin 
capability (DT) and predictive maintenance effectiveness (PM) has been 0.64, which has represented a 
strong relationship and has directly supported the hypothesis that organizations with more advanced 
digital twin implementations have experienced greater improvements in maintenance performance. 
Similarly, DT has correlated at 0.58 with energy optimization performance (EO), confirming that digital 
twins have been strongly linked with perceived energy-related benefits. Predictive maintenance 
effectiveness has shown an even stronger correlation with energy optimization (r = 0.66), which has 
been consistent with the conceptual assumption that stabilizing equipment health and reducing 
unplanned failures have helped to create smoother, more energy-efficient operations. AI analytics 
maturity (AI) has correlated strongly with DT (r = 0.62) and with PM (r = 0.60), indicating that 
organizations that have invested in robust AI and analytics infrastructures have tended to deploy more 
capable digital twins and to achieve better predictive maintenance outcomes.  

Table 4: Pearson correlations among main constructs (N = 220) 
Construct 1 2 3 4 5 

1. DT 1.00     

2. PM 0.64*** 1.00    

3. EO 0.58*** 0.66*** 1.00   

4. AI 0.62*** 0.60*** 0.55*** 1.00  

5. OR 0.49*** 0.52*** 0.55*** 0.47*** 1.00 
*Note: DT = digital twin capability; PM = predictive maintenance effectiveness; EO = energy optimization performance; AI = AI analytics 
maturity; OR = organizational readiness. **p < .001 (two-tailed). 

The correlation between AI and EO (r = 0.55) has also been substantial, implying that analytics 
capability has contributed to energy performance as well. Organizational readiness (OR) has been 
moderately to strongly related to all other constructs, with coefficients from 0.47 to 0.55, suggesting 
that supportive management, appropriate infrastructure, and cross-functional coordination have been 
important conditions for realizing the benefits of digital twins and AI. Taken together, these correlation 
patterns have provided preliminary empirical support for all of the study’s hypotheses and objectives 
by showing that the directional expectations specified in the conceptual framework have been borne 
out in the survey data. The results have additionally justified proceeding to multivariate regression 
analyses to disentangle the relative contributions and mediating roles of these interrelated constructs. 

Regression Analysis for Hypothesis Testing 
Table 5 has summarized the core regression models that have been estimated to test the study’s 
hypotheses regarding the effects of AI-enabled digital twin capability on predictive maintenance and 
energy optimization performance. In the first set of models, predictive maintenance effectiveness (PM) 
has served as the dependent variable. Model 1 has included digital twin capability (DT) and control 
variables only, and DT has emerged as a strong, statistically significant predictor (β = 0.68, p < .001), 
with the model explaining 46% of the variance in PM (R² = 0.46). This result has supported the 
hypothesis that higher digital twin capability has been associated with better predictive maintenance 
outcomes. In Model 2, AI analytics maturity (AI) and organizational readiness (OR) have been added. 
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DT has remained highly significant (β = 0.58, p < .001), while AI (β = 0.21, p < .001) and OR (β = 0.13, p 
< .05) have also shown significant positive effects. The inclusion of these variables has increased the 
explained variance to 53% (R² = 0.53), which has indicated that analytics capability and organizational 
conditions have substantially enhanced the impact of digital twins on maintenance performance. 
 

Table 5: Multiple regression models for maintenance and energy performance 

Dependent variable Predictor Model 1 β Model 2 β 

Predictive maintenance effectiveness (PM) DT 0.68*** 0.58*** 

 AI – 0.21*** 

 OR – 0.13* 

 
Controls (size, sector, 

role) 
included included 

 R² 0.46 0.53 

 Adjusted R² 0.45 0.51 

Energy optimization performance (EO) DT 0.52*** 0.29** 

 PM – 0.48*** 

 OR – 0.19** 

 
Controls (size, sector, 

role) 
included included 

 R² 0.38 0.56 

 Adjusted R² 0.37 0.54 

*Note: DT = digital twin capability; AI = AI analytics maturity; OR = organizational readiness; PM = predictive maintenance 
effectiveness. Standardized coefficients shown. *p < .05, **p < .01, **p < .001. 

For energy optimization performance (EO), Model 1 has regressed EO on DT and controls only. DT has 
again been a strong positive predictor (β = 0.52, p < .001), and the model has accounted for 38% of the 
variance (R² = 0.38), thereby confirming the direct effect of digital twin capability on energy outcomes. 
In Model 2, PM and OR have been added alongside DT. In this expanded model, PM has displayed a 
large, significant coefficient (β = 0.48, p < .001), and OR has also been significant (β = 0.19, p < .01), 
while the coefficient for DT has decreased to 0.29 but has remained significant (p < .01). The increase in 
R² to 0.56 has indicated that including maintenance effectiveness and organizational readiness has 
considerably improved the explanatory power of the model. The reduction in the DT coefficient when 
PM has been included has provided evidence that predictive maintenance effectiveness has partially 
mediated the relationship between digital twin capability and energy optimization performance. This 
pattern has been fully consistent with the study’s objective of demonstrating that AI-enabled digital 
twins have influenced energy outcomes both directly and through their impact on maintenance 
processes. Overall, these regression results have provided strong support for the main hypotheses, 
showing that digital twin capability, when combined with AI analytics maturity and organizational 
readiness, has had substantial and statistically significant effects on both maintenance and energy 
performance in the surveyed industrial organizations. 

Hypothesis Testing 
Table 6 has provided an integrated overview of how the empirical results have aligned with the 
hypothesized relationships and the study objectives. Hypothesis H1, which has proposed a positive 
relationship between AI-enabled digital twin capability (DT) and predictive maintenance effectiveness 
(PM), has been supported by a strong standardized coefficient (β = 0.58, p < .001) in the full maintenance 
model. This coefficient has confirmed that, after accounting for analytics maturity, organizational 
readiness, and control variables, organizations with higher perceived digital twin capability have 
consistently reported better maintenance outcomes, thereby fulfilling the objective of quantifying the 
impact of digital twins on predictive maintenance. Hypothesis H2 has stated that digital twin capability 
has been positively related to energy optimization performance (EO), and this has been confirmed by 
the direct effect in the energy Model 1 (β = 0.52, p < .001), indicating that digital twin capability alone 
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has explained a substantial portion of variance in energy outcomes. 
 

Table 6: Summary of hypotheses, paths, and statistical support 
 

Hypothesis Statement (simplified) Key path / effect Finding (β, p) Result 

H1 
DT capability has been positively 

related to PM effectiveness. 
DT → PM (Model 

2) 
β = 0.58, p < .001 Supported 

H2 
DT capability has been positively 

related to EO performance. 
DT → EO (Model 1) β = 0.52, p < .001 Supported 

H3 
PM effectiveness has mediated 

the relationship between DT 
capability and EO. 

DT → PM → EO 
(indirect) 

Indirect β ≈ 0.26, p < 
.01 

Supported 

H4 
AI analytics maturity has 
positively influenced PM 

effectiveness. 
AI → PM (Model 2) β = 0.21, p < .001 Supported 

H5 
Organizational readiness has 
strengthened operational and 
energy outcomes (PM, EO). 

OR → PM; OR → 
EO (Model 2); 

moderation 

β = 0.13, p < .05; β = 
0.19, p < .01; 

interaction significant 
Supported 

 
Hypothesis H3 has concerned the mediating role of predictive maintenance effectiveness in the link 
between DT and EO. The regression models have shown that the DT coefficient for EO has decreased 
from 0.52 to 0.29 when PM has been included, while PM itself has had a significant effect on EO (β = 
0.48, p < .001). The calculated indirect effect (approximately 0.26) has been statistically significant, 
which has meant that predictive maintenance effectiveness has partially mediated the relationship 
between digital twin capability and energy optimization. This finding has matched the objective of 
demonstrating a causal chain from digital twin capability through maintenance improvements to 
energy efficiency gains. Hypothesis H4, which has predicted a positive effect of AI analytics maturity 
(AI) on PM, has likewise been supported (β = 0.21, p < .001), showing that organizations with stronger 
AI capability have leveraged digital twins more effectively for maintenance. Finally, Hypothesis H5 
has posited that organizational readiness (OR) has strengthened operational and energy outcomes. The 
significant positive coefficients of OR on both PM (β = 0.13, p < .05) and EO (β = 0.19, p < .01), together 
with the significant interaction effects (reported earlier), have demonstrated that supportive 
organizational conditions have enhanced the benefits derived from digital twins and AI. Collectively, 
the pattern of supported hypotheses in Table 6 has shown that the study’s conceptual framework and 
objectives have been empirically validated: AI-enabled digital twin capability, embedded within 
mature analytics and readiness contexts, has been systematically associated with superior predictive 
maintenance and energy optimization performance in industrial systems. 
DISCUSSION 
The findings of this study have shown a consistently strong quantitative link between AI-enabled 
digital twin capability and both predictive maintenance effectiveness and energy optimization 
performance, and these relationships align well with, yet also extend, prior work on digital twins in 
industrial contexts. Systematic reviews have argued that digital twins are emerging as a core 
infrastructure for real-time prediction, optimization, and control, but have also noted that many 
published examples remain conceptual or prototype-level, with limited quantitative evidence at the 
organizational scale (Jones et al., 2020). In contrast, this study has provided numeric support from 220 
industrial respondents, showing that perceived digital twin capability has explained almost half of the 
variance in predictive maintenance effectiveness and a substantial share of energy optimization 
performance. This pattern has been consistent with the value propositions articulated in earlier 
reviews—such as improved monitoring, decision support, and resource efficiency—while translating 
them into measurable Likert-scale constructs and regression coefficients. At the same time, the strong 
correlations among digital twin capability, AI analytics maturity, and organizational readiness have 
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echoed the argument that digital twins should be understood as socio-technical assemblages rather 
than stand-alone models or tools (Rasheed et al., 2020; Tao, Zhang, et al., 2019). By empirically 
confirming that capability, analytics, and readiness have moved together in practice, the study has 
reinforced the idea that digital twin initiatives succeed when they are embedded in a broader 
digitalization and data-governance strategy. Overall, the results have validated core claims from the 
literature about the transformative potential of digital twins, but have done so with organization-level 
survey data that have been largely missing from prior work, thereby helping to narrow the gap between 
conceptual frameworks and realized industrial impact. 
With respect to predictive maintenance, the findings have been closely aligned with, but more 
integrative than, existing studies that have focused on either maintenance or digital twins in isolation. 
Reviews of digital twins for maintenance have identified maintenance as one of the most active 
application domains, highlighting use cases related to condition monitoring, fault diagnosis, and 
remaining useful life estimation (Errandonea et al., 2020). Likewise, systematic reviews of predictive 
maintenance using digital twins have catalogued architectures, platforms, and use cases, but have also 
concluded that rigorous empirical evaluations of maintenance performance are still scarce (Rasheed et 
al., 2020; Tao, Zhang, et al., 2019). In parallel, machine-learning–oriented reviews have shown that AI 
methods can significantly improve fault detection and prognostics when sufficient quality data are 
available (Carvalho et al., 2019). This study has converged these strands by demonstrating that 
organizations perceiving higher levels of digital twin capability and AI analytics maturity have 
reported significantly higher predictive maintenance effectiveness, including reduced unplanned 
downtime and improved planning. The partial mediation of the digital twin–energy link through 
predictive maintenance has further indicated that digital twins have contributed to maintenance and 
reliability improvements that, in turn, have enabled more stable and efficient operation. These results 
have complemented recent concept papers on “digital twins for proactive maintenance,” which have 
argued that twins can support more anticipatory maintenance policies but have not quantified these 
benefits at scale (Boschert & Rosen, 2016). By statistically confirming large effect sizes for the digital 
twin–maintenance relationship across multiple sectors, the study has provided a stronger empirical 
foundation for arguments that digital twins should be treated as a core enabler of predictive and 
proactive maintenance strategies rather than an optional add-on. 
On the energy side, the findings have dovetailed with the emerging literature on energy digital twins 
and energy-aware manufacturing, while clarifying the role of maintenance as an intermediate 
mechanism. Reviews of energy-focused digital twins have argued that these systems can support load 
forecasting, energy optimization, and integration of renewables in industrial sites, but they also 
emphasize that most reported examples are still at pilot scale and that quantitative evidence on energy 
performance improvements is limited (Yu et al., 2022). Earlier work on energy- and resource-efficient 
manufacturing has likewise highlighted the importance of system-level modelling and key 
performance indicators, but has treated digital twins only implicitly as part of a broader digitalization 
trend (Duflou et al., 2012). The present study has added to this picture by showing that organizations 
with stronger AI-enabled digital twin capabilities have reported significantly better energy 
optimization performance, even after controlling for organizational factors, and that this effect has been 
partially transmitted through predictive maintenance effectiveness. This mediation finding has been 
consistent with technical insights from energy-oriented twin architectures that link equipment health, 
operating conditions, and energy efficiency in a unified model (e.g., adaptive digital twins for energy-
intensive industries). By quantifying the performance chain from digital twin capability through 
maintenance to energy, the study has complemented engineering-level case studies with organization-
level survey evidence, strengthening the case that digital twins should be explicitly positioned as joint 
maintenance-and-energy platforms rather than as separate initiatives. 
From a practical standpoint, the results have carried clear implications for industrial leaders, digital 
architects, and security-oriented roles such as CISOs responsible for operational technology 
environments. The strong interaction between digital twin capability and organizational readiness has 
indicated that investments in models and platforms alone have not been sufficient; firms have 
benefitted most where management support, cross-functional collaboration, and data governance have 
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already been in place. This is consistent with broader arguments that digital twin deployments demand 
coherent data pipelines, robust integration with existing systems, and clear ownership of data and 
models across the lifecycle (Rasheed et al., 2020). For system architects, the findings have suggested 
prioritizing architectures that make AI analytics and digital twin models first-class citizens in the 
maintenance and energy-management workflow, including standardized interfaces to CMMS, 
SCADA, and energy-management systems. For CISOs and OT security teams, the tight coupling 
between real-time operational data and AI-driven twin logic has highlighted the need for strong 
security controls, including segmentation of twin infrastructure, rigorous identity and access 
management for analytics pipelines, and monitoring of data integrity, as data poisoning or incorrect 
sensor readings can propagate directly into maintenance and energy decisions. Recent overviews of 
digital twin challenges have explicitly identified data security, interoperability, and real-time data 
quality as central barriers to adoption, reinforcing this emphasis on governance and security controls 
(Stoel & Muhanna, 2009). Overall, practitioners have been encouraged to treat AI-enabled digital twins 
as part of a broader cyber-physical and analytics architecture, where governance, security, and 
organizational readiness have been as important as algorithmic sophistication. 
Theoretically, the study has contributed to refining digital twin and predictive maintenance pipelines 
by empirically linking conceptual elements that previous reviews have often discussed separately. 
Digital twin research has emphasized the need for clear conceptualization of twin components—data 
acquisition, models, analytics, and control loops—as well as for formal mathematical representations 
that support scale and reuse (Jones et al., 2020). At the same time, predictive maintenance literature has 
focused on AI and machine-learning workflows for feature extraction, model training, and prognostics, 
often without explicitly situating these within digital twin architectures (Carvalho et al., 2019). By 
modelling AI-enabled digital twin capability, AI analytics maturity, and organizational readiness as 
distinct but interdependent constructs and quantifying their joint effects on maintenance and energy 
outcomes, this study has operationalized a pipeline perspective: from data and models (twin and 
analytics), through organizational deployment (readiness), to operational performance (maintenance 
and energy KPIs). This empirically grounded pipeline resonates with modelling perspectives that call 
for hybrid physics–data approaches and robust computational workflows for digital twins (Rasheed et 
al., 2020). The validated Likert-based measurement scales for digital twin capability, predictive 
maintenance effectiveness, and energy optimization performance also provide building blocks for 
future structural equation models or multi-group comparisons, supporting more nuanced theoretical 
explorations of how different dimensions of twin capability (e.g., real-time fidelity vs. optimization 
functions) contribute to various performance outcomes. 
Revisiting limitations, the study has shared several constraints that parallel gaps highlighted in existing 
digital twin and predictive maintenance reviews. The cross-sectional survey design has meant that all 
relationships have been estimated at a single point in time, limiting the ability to draw strong causal 
inferences about how improvements in digital twin capability translate into performance changes. This 
limitation mirrors concerns in systematic reviews that many digital twin studies report positive 
outcomes but rarely provide longitudinal or counterfactual evidence (van Dinter et al., 2022). The 
reliance on self-reported perceptions—rather than direct sensor data or audited performance metrics—
has introduced potential common-method bias and optimism bias, particularly in organizations that 
have championed digitalization internally. In addition, the sample, while diverse in sectors and firm 
sizes, has been restricted to organizations that already have some engagement with digital twins or AI-
enabled maintenance and energy management; firms at very early stages of digitalization have been 
under-represented, which may limit generalizability. From a modelling perspective, the study has 
employed relatively simple regression structures; more complex, non-linear interactions or feedbacks 
among digital twin capability, analytics maturity, and organizational dynamics have not been 
captured. Finally, context-specific factors such as regulatory regimes, local energy prices, and sector-
specific safety constraints have not been explicitly modelled, although prior work has emphasized their 
importance in shaping both digital twin adoption and energy-efficiency strategies (Yu et al., 2022). 
These limitations have not undermined the main conclusions, but they have framed the boundary 
conditions within which the results should be interpreted. 
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Looking forward, the findings have opened several concrete avenues for future research that align with 
priorities identified in earlier digital twin roadmaps. First, longitudinal and quasi-experimental designs 
could track organizations over time as they scale their digital twin and AI capabilities, enabling stronger 
causal claims about how changes in capability and readiness affect maintenance and energy KPIs. This 
would respond directly to calls for more rigorous, quantitative evaluation of digital twin interventions 
in real industrial settings (Jones et al., 2020). Second, mixed-methods studies that combine survey data 
with objective operational logs and sensor data could bridge the gap between perceived and measured 
performance, addressing concerns about the scarcity of publicly available quantitative implementation 
details (Stoel & Muhanna, 2009). Third, more work is needed on security- and resilience-aware digital 
twin architectures, particularly in critical infrastructure contexts, where integrating maintenance, 
energy management, and cyber-risk considerations in a unified twin could be invaluable for CISOs and 
system architects. Fourth, model-centric research could explore advanced digital twin pipelines that 
explicitly fuse physics-based models, probabilistic graphical formulations, and machine-learning 
components, building on recent proposals for scalable predictive digital twins (Kim et al., 2022). Finally, 
cross-sector and cross-country comparative studies could help clarify how regulatory environments, 
energy cost structures, and industrial cultures shape the relationship between AI-enabled digital twins, 
predictive maintenance, and energy optimization. By pursuing these directions, future research can 
deepen and broaden the understanding of how digital twins move from promising prototypes to 
mature, resilient, and performance-critical infrastructures in industrial systems. 
CONCLUSION 
The study has shown that AI-enabled digital twin capability has been a critical lever for enhancing both 
predictive maintenance effectiveness and energy optimization performance in industrial systems, and 
it has done so by grounding these relationships in a robust theoretical and empirical framework. 
Drawing on the Resource-Based View, dynamic capabilities, and the Technology–Organization–
Environment perspective, the research has conceptualized digital twin capability as a strategic, data-
centric asset that has integrated real-time sensing, high-fidelity modelling, and AI-driven analytics into 
a single cyber-physical infrastructure. Using a quantitative, cross-sectional, case-study–based survey 
of 220 respondents from manufacturing, process, and energy-intensive organizations, the study has 
operationalized key constructs on a five-point Likert scale and has demonstrated that perceptions of 
digital twin maturity, predictive maintenance effectiveness, energy optimization performance, AI 
analytics maturity, and organizational readiness have reached moderate to high levels, with strong 
internal consistency across all scales. The findings have confirmed that AI-enabled digital twin 
capability has been strongly associated with improved predictive maintenance outcomes, including 
reduced unplanned downtime, better fault detection, and more reliable planning, while also exhibiting 
a substantial direct effect on energy performance indicators such as perceived reductions in 
consumption and improvements in energy efficiency. At the same time, the analysis has revealed that 
predictive maintenance effectiveness has played a significant mediating role, indicating that part of the 
energy benefits attributed to digital twins has been realized through stabilized equipment health and 
more predictable operations. AI analytics maturity and organizational readiness have emerged as 
important enabling conditions: firms that have invested in data infrastructure, analytical skills, 
management support, and cross-functional collaboration have reported higher maintenance and 
energy gains from the same underlying technology, and interaction effects have shown that the 
performance impact of digital twins has been strongest where readiness has been high. Collectively, 
these results have provided empirical support for all of the study’s hypotheses and have validated its 
objectives by demonstrating, with statistically significant relationships, that digital twin capability, 
when embedded in a supportive analytical and organizational context, has been systematically linked 
to superior operational and energy outcomes. The research has thereby contributed an integrated 
conceptual model and a set of validated measurement instruments that future work can adapt, while 
offering a coherent quantitative picture of how AI-enabled digital twins have functioned as a practical 
mechanism through which industrial organizations have advanced predictive maintenance and energy 
optimization within the broader trajectory of Industry 4.0. 
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RECOMMENDATIONS 
Based on the empirical evidence that AI-enabled digital twin capability, analytics maturity, and 
organizational readiness have jointly driven improvements in predictive maintenance and energy 
optimization, this research has recommended that industrial organizations adopt a staged, capability-
oriented transformation roadmap rather than isolated technology deployments. First, firms should 
have prioritized building a robust digital twin foundation by ensuring that critical assets and systems 
have been instrumented with reliable sensors, that operational and energy data have been consistently 
captured and stored, and that basic virtual models of key equipment and processes have been 
established; this foundation has needed clear data standards, naming conventions, and ownership so 
that subsequent AI models have been trained on trustworthy, well-governed data. Second, 
organizations have been encouraged to invest systematically in AI analytics maturity by developing 
cross-functional teams that combine maintenance engineering, energy management, and data science 
expertise, supported by training programs and collaborative tools that have allowed domain experts 
and data specialists to co-design predictive models and decision rules; pilot projects should have been 
selected where quick wins in downtime reduction or energy savings have been realistically achievable, 
with explicit before–after KPIs and transparent communication of results to build internal credibility. 
Third, management has been urged to strengthen organizational readiness by embedding digital twin 
outputs into formal maintenance and energy-management routines—for example, integrating health 
scores and forecasted failures into work-order prioritization, scheduling reviews, and energy load-
planning meetings—so that twin insights have become part of “how we work” rather than an optional 
dashboard. Fourth, CISOs and system architects have been advised to treat digital twins as critical 
components of the cyber–physical security surface, implementing rigorous access control, network 
segmentation, encryption, and anomaly detection along the data pipeline from field sensors to analytics 
platforms, and establishing clear incident-response procedures for cases where corrupted data or 
compromised models could misguide maintenance or energy decisions. Fifth, firms have been 
recommended to align investment decisions with the demonstrated mediating role of predictive 
maintenance: initiatives that have combined twin-based prognostics with energy-aware scheduling 
and process optimization have been likely to generate compounded benefits, so capital funds should 
have favored integrated maintenance–energy programs rather than siloed projects. Finally, at the 
strategic level, organizations have been encouraged to adopt a continuous-improvement mindset 
around their digital twin ecosystems by regularly reviewing model performance, updating twin 
parameters and AI algorithms as operating conditions change, and using lessons learned from one asset 
or plant to refine templates and standards that can be scaled across the enterprise; by doing so, firms 
have been better positioned to sustain and amplify the gains in reliability and energy efficiency that 
this study has associated with mature, well-governed AI-enabled digital twin capabilities. 
LIMITATIONS 
The present study has been subject to several limitations that have needed to be acknowledged in order 
to contextualize the findings and delimit their generalizability. First, the research has employed a cross-
sectional survey design, which has captured perceptions and relationships at a single point in time and 
has not allowed definitive causal inferences about how changes in AI-enabled digital twin capability 
have led to subsequent improvements in predictive maintenance and energy optimization. Any 
directional interpretations have therefore been grounded in theory and model structure rather than in 
longitudinal evidence. Second, all core constructs have been measured using self-reported Likert-scale 
items completed by individual respondents, which has introduced the possibility of common-method 
variance, social desirability bias, and optimism bias, particularly in organizations where digitalization 
initiatives have been strategically promoted. The maturity of digital twins, AI analytics, and 
organizational readiness has thus reflected perceived rather than audited capability, and maintenance 
and energy performance have been reported qualitatively instead of being derived directly from sensor 
logs, failure records, or metered energy data. Third, the sampling strategy has been non-probabilistic 
and focused on organizations that have already engaged with digital twin and AI-based maintenance 
or energy projects, meaning that firms at very low levels of digitalization have been under-represented. 
As a result, the conclusions have been most applicable to medium and higher maturity contexts and 
may not fully describe barriers and dynamics in more traditional plants with limited data 
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infrastructure. Fourth, although the sample has included multiple sectors and firm sizes, the study has 
not explicitly modelled sector-specific regulatory environments, market conditions, or energy price 
structures, all of which have had the potential to moderate the relationships among digital twin 
capability, maintenance performance, and energy outcomes. Fifth, the statistical analysis has relied on 
linear regression models with a relatively small set of predictors and controls; more complex non-linear 
effects, interaction patterns beyond those tested, and feedback loops—such as reinvestment of savings 
into further capability development—have not been captured. Measurement limitations have also been 
present: the constructs have been operationalized as composite indices with good internal consistency, 
but external validity of these scales across different cultural and organizational contexts has not yet 
been established, and the study has not incorporated multi-informant triangulation within the same 
organization to reduce mono-respondent bias. Finally, cyber-security posture, data governance 
practices, and detailed architectural characteristics of the digital twin implementations have not been 
directly measured, even though these factors have likely shaped both the effectiveness and risk profile 
of AI-enabled twin deployments. Taken together, these limitations have not invalidated the overall 
pattern of results but have indicated that the findings should be interpreted as evidence of strong 
associations and plausible mechanisms within a specific maturity band and methodological frame, 
rather than as exhaustive or universally causal descriptions of AI-enabled digital twin impacts in all 
industrial settings. 
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