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[bookmark: _Toc238447984]CHAPTER 1: INTRODUCTION

[bookmark: _o5ky05dxfeoy][bookmark: _Toc238447985]1.1 Background and Problem Statement
[bookmark: _pf6kzvh6gyig][bookmark: _Toc238447986]Background
With the advent of Industry 4.0, the approach of manufacturing processes has also undergone a significant transformation, involving the use of advanced digital technologies. Industry 4.0 is the fourth Industrial Revolution, characterised by connected systems, automation, and intelligent technologies that improve the efficiency and performance of production (Soori et al., 2024). The new technologies that have come under the umbrella of Industry 4.0 include the Internet of Things (IoT), Artificial Intelligence (AI), Machine Learning (ML), Cloud Computing, and Big Data Analytics. These technologies enable companies to import a huge volume of real-time operating data and make on-the-fly informed decisions. It has helped make manufacturing a reactive to a predictive and data-driven business with the need for real-time information. It is predicted that this competition within the global market will grow even more, which will make manufacturing companies invest more in Industry 4.0 technologies to enhance their productivity.

The aerospace manufacturing industry is among the world's most complex and technologically advanced manufacturing industries. Aerospace manufacturers have highly integrated supply chains across countries that include suppliers, manufacturers, logistics organisations, and maintenance organisations (Haghnegahdar et al. 2022). Such supply chains are dedicated to creating components and systems used in aircraft, which must also be precise, well-made, and adhere to safety measures. In such a context, equipment reliability and operational efficiency are crucial as the effects of equipment failure or production delay can be detrimental to the efficiency of a company's supply chain. A disruption in aerospace manufacturing can cause operational expenses to rise, delivery dates to be missed, and ultimately lead to lower customer satisfaction.

Until now, manufacturing companies have been using a reactive maintenance and preventive maintenance approach for managing the performance of their equipment. Reactive maintenance is a maintenance policy in which repairs are performed after equipment breaks down, whereas preventive maintenance is a maintenance policy where the repairs are carried out on a scheduled basis (Fosso Wamba et al. 2022). While preventive maintenance is more reliable than reactive maintenance, it is not always foolproof. In the case of reactive maintenance, there is the possibility of unexpected downtime and downturn, while for preventive maintenance, there is the possibility of duplicating maintenance activities and overheads (Yadav et al. 2024). Furthermore, equipment can develop unexpected failures, and planned maintenance cycles may not always be sophisticated enough to identify such failures or to accurately foresee when the failures will occur. That continues to be a big issue for manufacturers. Having known these challenges, organisations are coming up with solutions such as the increasingly popular tool of Industry 4.0, predictive maintenance (Al-Surmi et al. 2022). In the realm of Predictive Maintenance, the principle is to save money and enhance productivity by working ahead of potential failures. Predictive maintenance is the idea of employing sensor networks, AI and machine learning algorithms, and monitoring systems in real time to foresee equipment failures and save money and improve productivity. Predictive maintenance can be performed as opposed to an “old” maintenance approach when equipment is in condition. This can help to reduce downtime, increase equipment utilisation, improve productivity and enable equipment reliability of the operation (Hector and Panjanathan, 2024). 

[bookmark: _uncnuw5ex3qw][bookmark: _Toc238447987]Problem Statement 
Although the interest in predictive maintenance is rising, most research so far has been dedicated to the generalised manufacturing industry instead of the aerospace industry. There are many studies investigating technological Innovation and Maintenance Optimization, but they don't sufficiently investigate their impacts in complex aerospace supply chains (Bucci et al. 2024). Moreover, there are scarce studies that examine the impact that Industry 4.0 predictive maintenance technologies have on UK aerospace manufacturing organisations within a global supply chain network. Most research focuses on efficiency, sustainability, resilience, and cost reduction, studying them individually and creating a disjointed approach to the outcomes of predictive maintenance (Fasuludeen Kunju et al. 2022). Accordingly, there is a clear research gap in the simultaneous effect of predictive maintenance on operational performance in the aerospace manufacturing supply chain in the UK. This study aims to witness that gap by reviewing the current research to critically assess the role of predictive maintenance.

[bookmark: _keau8j9qe061][bookmark: _Toc238447988]1.2 Research Aim
This research aims to examine the effect of Predictive Maintenance technology (PMT) of Industry 4.0 on operational performance within the UK aerospace manufacturing supply chain activities.

[bookmark: _4oxmsxl530p5][bookmark: _Toc238447989]1.3 Research Objectives
· To explore the impact of predictive maintenance in UK aerospace manufacturing.
· To understand the application of Industry 4.0 technologies within predictive maintenance systems.
· To assess the benefits and drawbacks of implementing predictive maintenance within aerospace supply chains.

[bookmark: _wqlk8id53zil][bookmark: _Toc238447990]1.4 Research Questions
1. How does predictive maintenance affect operational performance in UK aerospace manufacturing supply chains?
2. What benefits and challenges are associated with implementing Industry 4.0 predictive maintenance within aerospace supply chains?
3. In what ways does predictive maintenance help to lower costs, improve reliability, and support sustainability?

[bookmark: _xf6mvphdwi9][bookmark: _Toc238447991]1.5 Significance of the Study
The research is important due to its contribution to the evolving knowledge in the field of Industry 4.0 technologies and predictive maintenance in manufacturing and supply chain (SC) management. Predictive maintenance has gained increased popularity in recent years, but the majority of the literature is concentrated on manufacturing companies in general (Van Dinter et al. 2023). There is only limited research about the direct impact of Industry 4.0 technology solutions on operational performance in global aerospace manufacturing SCs in the UK. Hence, this study illuminates the impact of predictive maintenance on the aerospace domain. Research can be useful for the industry by enabling it to gain benefits from research in its environment when applying predictive maintenance technologies. For companies wanting to improve the performance of manufacturing, the reliability and efficiency of equipment to ensure the achievement of production schedules and product quality can be particularly beneficial for the application of Predictive Maintenance (Gunnarsson, 2025). The results may also help practitioners to gain a better understanding of how digital technologies can help to minimise downtime and maximise equipment usage. The results are also suitable for managers and decision-makers of operations. It is valuable to help maintenance managers in determining the maintenance strategies that will be effective, as well as for making investment decisions relating to the application of Industry 4.0 technologies. Furthermore, the link between predictive maintenance and other goals within the supply chain is highlighted (Felsberger et al. 2022). 

[bookmark: _x3q6qmuqkocc][bookmark: _Toc238447992]1.6 Research Methodology
This research employs the Interpretivism research philosophy to interpret knowledge gathered in previous research and knowledge from industry to find out the scope of influence of predictive maintenance (Acerbi et al. 2022). There will be an inductive research approach because identifying patterns, themes and insights in the literature surveyed will arise. The research is descriptive and not conducted to gather numerical evidence, but just to explore the existing evidence. The peer-reviewed articles, industry publications, aerospace company publications, conference papers, etc., from good academic databases like Scopus, ScienceDirect, IEEE Xplore and Google Scholar will be considered for gathering Secondary qualitative data. They provide useful content related to Industry 4.0 technologies, predictive maintenance and some aspects of aerospace manufacturing operational performance. This research will be based on the triangulation method with the comparison and integration of information from various secondary sources, such as peer-reviewed journal papers, industry reports, aerospace company publications and conference papers, to strengthen the credibility and reliability of the results.

[bookmark: _195z3y8vtmn][bookmark: _Toc238447993]1.7 Structure of the Rest of the Project
The dissertation is divided into the following chapters, which are equal in number to the parts explored. A thorough literature review on the main themes of Industry 4.0 technologies, predictive maintenance systems, operational performance, supply chain resilience, sustainability, and implementation challenges for the aerospace manufacturing industry was presented in Chapter Two. In Chapter Three, the research methodology is discussed based on four criteria: research philosophy, approach, design, data collection phase, data analysis techniques, and ethical considerations. The results of triangulation methods and discussions are presented in Chapter Four in light of the research questions and research aims. Finally, Chapter Five presents the findings of the study, discusses the implications of the results, and provides some recommendations for aerospace companies.
[bookmark: _Toc234290064]
[bookmark: _Toc234793881][bookmark: _Toc238449665]Figure 1: Structure of the Dissertation
(Source: The author)
The overall structure of the dissertation is presented in Figure 1, in which each chapter is associated with its contribution through fulfilling the research aim.
[bookmark: _kjp2ehlah6xp][bookmark: _Toc238447994]CHAPTER 2: LITERATURE REVIEW
[bookmark: _hsi288rd88vb][bookmark: _Toc238447995]2.1 Introduction   
Digital technologies have found their way into manufacturing processes through the rapid changes in technology in several market sectors, and Industry 4.0 has emerged as a strong catalyst for industrial innovation. Industry 4.0 is the concept of using the Internet of Things, Artificial Intelligence, Machine Learning, Cloud Computing, and Big Data Analytics technologies and applications in operational processes in order to increase efficiency, productivity and effectiveness. The vision of Industry 5.0, however, expanded this transformation to consider "human-centric production, sustainability and organisational robustness" more recently (Gao et al, 2024). While manufacturing firms are operating in an ever-expanding competitive business landscape, the new technologies have offered them ways to improve equipment management as well as the business supply chain. One of the most noteworthy value-creating and developing use cases of the technologies of Industry 4.0 is the use of predictive maintenance. Conventional scheduled maintenance and failure-driven approaches are replaced by a new philosophy that uses real-time data, smart algorithms and continuous monitoring to foresee the onset of failures (Ghobakhloo et al, 2024). In this industry, production requires much specialised equipment and quality specifications that don't happen in other industries. 

The Aerospace Manufacturing Supply Chain is one of the most complex international supply chains, which consists of several suppliers, manufacturers, and logistics and maintenance service providers. Any disruption to these interdependent networks could have consequences on production planning, operating costs and the effectiveness of the supply chain. So, the continuous adoption of Industry 4.0 technologies and predictive maintenance systems is becoming important for the improvement of the Aerospace production systems' resilience, sustainability and Efficiency (Abidi et al. 2022). The key literature review in this chapter covers the fields of Industry 4.0, industrial predictive maintenance, operational performance, and aerospace manufacturing supply chains.

The review is structured in basic themes such as the Industry 4.0 transition, the contribution of predictive maintenance technologies, predictive maintenance effects on operational performance, and the effects of digital technologies on supply chain resilience and sustainability. Some research gaps are identified from existing literature. The chapter offers the theoretical basis for addressing the aim of the research and answering the research questions to understand the impact of the extension of Industry 4.0. 

[bookmark: _eu72bgpwbdt8][bookmark: _Toc238447996]2.2 Industry 4.0 and Digital Manufacturing
[bookmark: _qf9hf0se8u07]The fourth industrial revolution is Industry 4.0, in which digital technologies are being incorporated into manufacturing systems. The concept of smart factories revolves around the digitisation of machines, systems and processes, as well as their seamless integration and operation to improve efficiency, productivity and performance. Industry 4.0, through real-time data and intelligent systems, can advance organisations beyond the constraints of traditional manufacturing practices and promote innovation and efficiency throughout the manufacturing process. Several technologies are at the foundation of Industry 4.0. In the Internet of Things (IoT), machines and equipment can communicate with each other through the exchange of information via sensors that are permanently collecting data about a machine or equipment. This information can be used to optimise operations by leveraging Artificial Intelligence and Machine Learning. This can be used to optimise operations by harnessing Artificial Intelligence and Machine Learning to make sense of that data, finding patterns, and making predictions along the way (Keleko et al. 2022). Cloud computing allows organisations to leverage scalable storage and computing resources, rather than relying on their on-site resources for large volumes of data. Furthermore, Big Data Analytics helps them understand complex data generated from manufacturing processes, allowing companies to make faster decisions. According to Gao et al. (2024), AI technologies have become increasingly important in the current manufacturing environment, where they seem to have become a necessity in automation and artificial intelligence processes. The systems can identify problems and inefficiencies in the production process that may not be apparent from standard monitoring. Similarly, Khan et al. (2025) agree that the management of IoT and Cloud-based systems facilitates the detection and tracking of operations by the manufacturer from a distance, and also allows for real-time process control. These additional advantages help make the manufacturing operations more visible and more responsive in the entire production workflow. Manufacturing has undergone a digital transformation in Industry 4.0 through the use of technologies, which improves post-production processes in terms of automating repetitive tasks, optimising production planning, optimising equipment tracking, and minimising production delays (Duan and Da, 2024).

Yet, there are some hurdles to overcome. According to Kretzer et al.  (2025), the data needed for manufacturing is growing in volume, speed, and variety, posing huge data management challenges. Large volumes of information are created by connected devices, and organisations need effective systems to accept, store, and review masses of data. Further, with the greater interconnection of manufacturing systems, cybersecurity issues have gained in significance. Increased connectivity brings a greater risk to operations and the vital data of the organisation from cyber threats. Moreover, the introduction of new digital technologies combined with traditional manufacturing processes may mean significant financial and technical effort. Therefore, introducing Industry 4.0 into processes and systems is full of opportunities to streamline operations, but it requires addressing technical, organisational, and security challenges. 

[bookmark: _rrk6mslj3j3h][bookmark: _Toc238447997]2.3 Digital Transformation in Aerospace Manufacturing
The adoption of digital transformation in the aviation sector has gained significant momentum as the industry strives to increase the efficiency, quality, and performance of operations, processes, and supply chains by leveraging innovative digital solutions. The aerospace sector is an extremely demanding industry with strict safety regulations, complicated manufacturing processes, and a worldwide supply chain. As a consequence, manufacturers are using Industry 4.0 technologies to improve traditional manufacturing systems and to enable more efficient production operations. According to Bhatia et al. (2024), intelligent manufacturing combines technologies like the Industrial Internet of Things (IIoT), Artificial Intelligence, Big Data Analytics, Cloud Computing, Digital Twins, and Cyber-Physical Systems (CPS), with additive manufacturing as an enabling technology for operational excellence. IoT devices and sensors provide continuous checkups on production equipment, and AI and Big Data Analytics add value to a wealth of production data to create usable information for quicker and more accurate decision-making (Jwo, Lee and Lin, 2022). Existing research also emphasises the ability of Digital Twin technology to generate virtual versions of manufacturing systems, enabling companies to create a virtual production environment and simulate possible risks and boost the performance of these assets without stopping the machinery. Likewise, Cloud Computing helps manufacturers to securely process and manage huge engineering data sets, paving the way for improved coordination and transparency throughout the manufacturing facilities around the world (Prasad, 2022).  While Maldonado Guzmán (2026) states that by combining Lean 4.0 and Industry 4.0, operational agility and material flow are enhanced, Zutin et al. (2022) highlight that the introduction of technology should be done in phases with reference to technology readiness levels. Bajaj et al. (2024) also discuss that digital transformation encompasses not just automating the Factory, but also the whole lifecycle of aerospace products in the digital world. Model-Based Systems Engineering (MBSE) enhances the coordination of product design, manufacture, and supply chain operations with activities related to maintaining the product life cycle. It also provides increased visibility throughout the global supply chain, which means that organisations can be more effective in reacting to production changes and disruptions in sequence. However, the implementation of digital transformation comes with some challenges. Bhatia et al. (2024) identify key barriers to successful implementation, which include cybersecurity risks, integration with legacy manufacturing systems, workforce skill shortages, regulatory compliance, and high investment costs. Such challenges reflect the need for more than just technology investments and preparedness to change in organisations as they go through digital transformation. However, the potential benefits of becoming more efficient via Industry 4.0 technologies in the aerospace sector are also dependent on being able to integrate the digital infrastructure along with qualified staff and a strong data management approach. It is also a key enabler for digital transformation, supporting the technology behind predictive maintenance systems as follows.
[bookmark: _Toc236283969][bookmark: _Toc237530039]Table 1: Industry 4.0 Technologies Supporting Digital Transformation in Aerospace Manufacturing
(Source: The author)
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Table 1 summarises the main studies considered in this research and shows the role of these studies in the fields of Industry 4.0, predictive maintenance and aerospace manufacturing.

[bookmark: _durls1mq9sno][bookmark: _Toc238447998]2.4 Predictive Maintenance and Industry 4.0 Technologies
[bookmark: _t7zrjmd92q7][bookmark: _Toc238447999]2.4.1 Maintenance Strategies
It is essential to ensure reliability and efficiency in manufacturing with RM. Traditional organisations have mainly taken one of two approaches: either reactive or preventive actions. It is planned to develop certain equipment for the run-to-failure maintenance practice, which is widely known as Reactive Maintenance. This can reduce maintenance costs, but results in the unexpected outcome of maintenance problems, stoppages, and high-cost maintenance repairs. With the growing complexity of manufacturing, reactive maintenance becomes an increasing factor in these systems. To address these issues, preventive maintenance has been developed whereby maintenance is carried out at regular time intervals. West et al. (2024) highlight are making is that preventive maintenance can decrease the risk of sudden equipment failures and create reliability when operating the equipment. This is, however, done on a predetermined schedule, not the actual equipment's condition. This can lead to unnecessary maintenance efforts, thereby using more labour resources (Acerbi et al. 2022). Moreover, any defect that has not manifested itself between maintenance periods will be undetectable with preventive maintenance.

Predictive maintenance is the next level in maintenance, which involves using data and technology to anticipate when equipment is likely to fail (Eddarhri et al. 2022). Predictive maintenance requires an ongoing approach of continuous monitoring of equipment conditions and decision-making. Predictive maintenance is based on continuous monitoring of equipment and decision-making based on conditions, as opposed to reactive and preventative maintenance (Qureshi et al. 2024). 
[bookmark: _o8dmbbdj1iff][bookmark: _Toc238448000]2.4.2 Predictive Maintenance Framework
The emergence of Industry 4.0 technologies has greatly improved the means of predictive maintenance. The structure of predictive maintenance systems allows them to interrelate different technologies to capture, process and analyse events produced within the system. The key element of these systems is the use of Light streamer-compatible IoT sensors that perform intelligent monitoring of equipment status, such as monitoring temperature, vibration, pressure and acoustic readings. Uppal et al. (2023) suggest that real-time monitoring can aid in the detection of unusual operating conditions at an early stage, thereby reducing the potential for equipment failures. The data collected from the IoT devices is processed using machine learning models and sophisticated analytical capabilities. This data is then analysed using advanced machine learning models and analytical techniques. Esteban et al. (2022) highlight that data mining and machine learning algorithms are expected to show significant importance in identifying patterns associated with equipment degradation. Similarly, Alblooshi (2022) demonstrated high prediction accuracy of machine learning algorithms such as Support Vector Machines (SVM), AdaBoost, and XGBoost for equipment failures. These technologies can support maintenance personnel in making proactive decisions prior to them becoming operational disruptors. Some cloud computing platforms also improve predictive maintenance systems by providing a scalable data storage and processing system. With a connected infrastructure, operational data can be stored, analysed, and retrieved remotely through a cloud-based infrastructure system, without requiring any extensive data roads or networks to be built (Kapoor, Gupta and Uppal, 2025). The amount of data that can be generated from connected equipment can be stored, analysed and retrieved remotely using a cloud-based infrastructure, without the need to install extensive data roads or networks. This will help to promote data access and make faster decisions on geographically distributed manufacturing plants (Anandan et al. 2022). There are a lot of advantages that can be gained with a predictive maintenance approach, but there are some issues to consider. The usefulness of the models for predictions will be highly dependent on the quality and completeness of the data (Rony and Islam, 2022). Poor predictions can arise from incorrect readings from these sensors, missing data, and/or poor sharing of sensor data. 
[bookmark: _vv0rtp7fkv64][bookmark: _Toc238448001]2.4.3 Predictive Maintenance and Sustainability
Abidi et al. (2022) presented two factors for sustainable manufacturing with the utilisation of Predictive Maintenance: reduction of waste and increase of energy efficiency through Equipment Life Cycle. When organisations can identify problems early, before the condition begins to cause the equipment to wear out, this means they do not need to replace worn equipment and that the right number of materials is used (Caliskan et al. 2023). In this manner, industrial waste can be reduced and put to efficient use.

Predictive maintenance can also improve energy efficiency, as well-maintained equipment will be more efficient and consume fewer resources (Bermeo-Ayerbe, Ocampo-Martinez and Diaz-Rozo, 2022). Old and dysfunctional machines will have to utilise a larger amount of energy to yield the same products. Keeping a close eye on and intervening in equipment at the appropriate time and promptly can optimise equipment performance and reduce energy usage. New research reveals wider insights into the sustainability value of predictive maintenance. Varma et al. (2025) demonstrate how predictive maintenance contributes to the circular economy values, such as extending the life of the product and using components for refurbishment instead of replacement. Likewise, Achouch et al. (2022) stress the efficient use of resources with efficiency by employing the concept of condition-based maintenance, but also mention the potential problems of data quality and legacy systems. On the contrary, Er-Ratby et al. (2025) emphasise that the environmental impact of predictive models relies on their reliability and the ability of practitioners to apply them correctly, indicating that factors such as technology proficiency and organisational preparedness have a bearing on the environmental outcomes of these predictive models. Furthermore, the production cycle of new equipment and the disposal of outdated equipment, which often provide poor services, is also reduced.

[bookmark: _4k2mmr685z1o][bookmark: _Toc238448002]2.5 Impact of Predictive Maintenance on Operational Performance
[bookmark: _md6z3tyvtvqm][bookmark: _Toc238448003]2.5.1 Downtime Reduction
In an Industrial setting, equipment failures may cause equipment failure and halt production, resulting in loss of productivity, delays, high operating costs and potential damage to the facility. Predictive maintenance allows awareness of potential failure. Uppal et al. (2023) argue that real-time monitoring systems could be implemented that will continuously collect data from the equipment's sensors, aiding maintenance staff in identifying abnormal operations and taking corrective measures at an early stage. It is a preventive measure which can reduce unplanned failures and improve production continuity. Similarly, Celestin (2023) demonstrated the use of predictive maintenance, the use of telematics and sensor-based monitoring tools to reduce downtime in logistics operations. The important consideration is to plan maintenance around non-production time, rather than around production time, so that equipment failure will not impact. However, it is important that monitoring systems are reliable and that the data they gather is accurate for downtime-reduction work to be successful.
[bookmark: _e0jtapfmhe4c][bookmark: _Toc238448004]2.5.2 Equipment Reliability and Productivity
Alblooshi (2022) also showed that machine learning models could accurately predict failure on industrial equipment with a high rate of accuracy. The research revealed that it is possible to detect signs of equipment failure a long time before they actually occur, with organisations able to avoid unexpected failures and maintain a sustained production schedule through the use of predictive algorithms (Guidotti, Pandolfo and Pulina, 2025). Improved reliability means reduced production downtime and higher equipment utilisation rates, directly contributing to improved production. Different recent studies show varying beliefs regarding how well predictive maintenance is working. AI enhances equipment reliability by monitoring equipment performance continuously (Ayeni, 2025), while Kabashkin et al. (2025) point out that maintenance decision-making in aviation must meet compliance and safety standards in addition to performance standards. Likewise, to ensure accurate predictions, Tsallis et al. (2025) recommend using appropriate machine learning algorithms and providing good-quality operational data. However, predictive maintenance systems’ reliability is based on the accuracy of prediction models (Khan, 2026). If forecasting is inaccurate, then unwanted work may be carried out, or faults may only be recognised in the later stages of operations, which reduces the benefit.
[bookmark: _r7xww81d23g5][bookmark: _Toc238448005]2.5.3 Cost Optimization
The benefits of implementing predictive maintenance, apart from the first-mentioned one, are also cost optimisation. Conventional maintenance strategies tend to include expensive emergency repairs and unnecessary scheduled maintenance activities. West et al. (2024) identified that implementing a change in maintenance approach from corrective to condition-based strategies could potentially produce large benefits from such a change in maintenance through major equipment failure reduction and by optimising resource allocation, while significantly lowering maintenance costs. Predictive maintenance also helps organisations direct their maintenance resources where they are needed to save costs on maintaining equipment that does not require it.

Abidi et al. (2022) also pointed to the contributions of predictive maintenance towards boosting sustainability and cost-efficiency. This helps to reduce the cost of replacements and the waste of resources due to the ageing of equipment and the equipment lifecycle. Yet, with these benefits, there is no guarantee of improved performance if one were to expect it. Some predictive maintenance solutions may be less effective, say, because of the high cost of deployment, low quality of the data input, or a lack of technical know-how. The system performance and the potential for savings can be diminished because of its high deployment cost, poor data quality and lack of technical expertise. Hence, the need for reliable data management in place, qualified staff, and proper digital infrastructure to ensure long-term cost optimisation for organisations. However, in order to optimise cost in the long run, it is important to have accurate data, trained staff and appropriate digital infrastructure to facilitate maintenance choices and decisions.

[bookmark: _n50a7vf515xm][bookmark: _Toc238448006]2.6 Aerospace Manufacturing Supply Chains and Resilience
[bookmark: _jn17l5l5ube1][bookmark: _Toc238448007]2.6.1 Aerospace Supply Chain Characteristics
The aerospace supply chain is extremely complex as it involves numerous suppliers, manufacturers, logistics providers, and maintenance organisations from various countries across the world. They are involved in multiple locations, and aircraft parts need to be delivered at the right time to aid in efficient production (Payne, 2025). The industry calls for stringent quality management, compliance with regulatory needs, and precise coordination along the supply chain. Production schedules could be affected by any delay, disruptions to suppliers or transportation delays, not only in terms of sending products, but also in production costs. Furthermore, aerospace industry producers need a variety of specialised parts, commonly with several weeks or months of lead time for procurement, which necessitates a fragile supply chain and makes it more susceptible to interruptions (Hu et al. 2026). As such, the importance of having efficient coordination, information sharing and risk management for maintaining production continuity. This has added to the significance of supply chain resilience and helped aerospace companies to be agile when facing unforeseen incidents, ensuring no impact on the operational performance of their supply chain, product quality or customer commitments.
[bookmark: _vibdfoapqamg][bookmark: _Toc238448008]2.6.2 Digital Technologies and Supply Chain Resilience
Digital technologies have enhanced the capacity of aerospace companies to manage and mitigate risks and to deal with disruptions and uncertainties. Hu (et al. 2026) suggest that in Industry 4.0, technologies can enhance supply chain visibility and influence quicker reactions to operational problems. Having visibility empowers an organisation to detect when there is a potential disruption that may become unacceptable and advance into a significant operational concern.

In addition, Rifat et al. (2025) highlight the importance of data-based risk management processes in an aerospace supply chain. By making predictions about potential delays to suppliers, problems with transport, and quality-related risks, organisations can respond with proactive measures. This enhances decision-making and minimises the effects of unexpected events. But the digital transformation efforts need to be accurate and timely, or they will not have the desired effect on supply chain resiliency.
[bookmark: _5fm3nu90tucl][bookmark: _Toc238448009]2.6.3 Smart Supply Chains and Operational Performance
Smart supply chains are a combination of digital technologies to provide higher coordination, efficiency, and performance in operations. According to Lee et al. (2023), the use of technologies, like cloud-based systems, automated tracking, and digital information sharing, is associated with overall performance improvements in delivery, product information transparency, and processes. Similarly, Wang et al.  (2022) showed that data-driven supply chain management systems could be used to manage stocks efficiently to minimise supply chain costs and shortages.

Another benefit of advanced manufacturing technology that Tegethoff et al. (2025) cite is that these technologies can increase supply chain flexibility through the ability to swiftly produce off-the-shelf or customised aerospace parts and components through additive manufacturing approaches. 

Though the benefits of smart supply chains are various, it does have their challenges (Shamsuddoha et al. 2025). Such is the case with greater expectations of investment return, the challenge of integrating technologies, and cyber concerns, particularly with smaller suppliers of technology. Moreover, digital technologies' value is dependent on workforce and organisational capabilities and readiness. While the potential for a more operational and resilient supply chain is high using smart supply chains, there are challenges in the form of technologies and organisations in order to realise these achievements properly (Alfaqiyah et al. 2025). As of now, the overall literature presents a positive approach to the success of implementing the smart supply chain, but this is correlated with the maturity of the organisations in relation to digitisation. The organisations that have not started a digital transformation journey are more likely to achieve improvements in operational performance, yet they have already initiated their utilisation of information systems and the information technology portion of the digital infrastructure (Njah et al. 2025). Each chain has its own capacity in terms of technology, skilled manpower, and the capacity to share practices—these needs and capabilities can influence the success and effectiveness of predictive maintenance and information sharing. Smart supply chains thus can be considered as a journey rather than a one-off technological investment and need to be continuously developed, so as to maintain operational efficiency and create stable competitiveness (Ivanov, Tsipoulanidis and Schönberger, 2025).

[bookmark: _58enfa8viw1r][bookmark: _Toc238448010]2.7 Conceptual Framework
The foundation of this research work is grounded in the concept of Industry 4.0 technology, the concept of predictive maintenance, operational performance, and supply chain results in the aerospace manufacturing industry (Akhai, 2023). Predictive Maintenance systems are based on Industry 4.0 technologies to support smart maintenance and predictive maintenance. Smart maintenance and predictive maintenance are provided by predictive maintenance systems on the basis of the Industry 4.0 technologies: IoT, AI, Machine Learning, Cloud Computing, and Big Data Analytics. All of these technologies offer continuous monitoring of equipment, a collection of data and a complex analysis so as to be able to detect potential equipment failures in advance. Predictive maintenance is a medium between digital technologies and operational performance. It is possible to optimise downtime, foster reliability, productivity and costs through real-time monitoring and intelligent analysis, which are the core powers of predictive maintenance. The conceptual framework gives the construction of how predictive maintenance affects operational performance in the UK aerospace manufacturing supply chain. It suggests the following alternatives: predictive maintenance enhances equipment reliability, prevents unplanned downtime, optimises costs and boosts production efficiency. This enhancement also enhances the resilience of the value chain to effectively mitigate equipment failures and prevent unnecessary resource consumption, which ensures sustainable operations (Vishwakarma, 2025). The success of predictive maintenance relies on various aspects, including data quality, technology integration, and organisational readiness. The framework thus captures the predictive maintenance practices as well as the organisational capacity to apply predictive digital technologies in an effective way to achieve the desired operational performance.

[bookmark: _Toc238448011]2.8 Conclusion of Chapter
This chapter conducted a literature review of the relevant existing work related to the concept of Industry 4.0, technology, Predictive Maintenance, Operational Performance and Aerospace Manufacturing Supply Chain. The study highlighted that digital technologies, such as IoT, AI, Machine Learning, Cloud Computing, and Big Data analytics, were found to be revolutionising the way manufacturing is carried out and serve as a foundation for developing predictive maintenance systems. Now that manufacturing is becoming Industry 5.0, it is essential to combine the know-how and capabilities of humans with technology, sustainability and resilience. The literature has shown that predictive maintenance would diminish downtime, increase equipment reliability, increase productivity, and decrease maintenance costs. Furthermore, predictive maintenance plays a crucial role in strengthening the supply chain, ensuring proactive risk management, and minimising operational disruptions. Also, the identification of sustainability benefits has been achieved through better use of resources, and longer equipment lifecycles have been found.

Given all these benefits, the review pointed out that there were several implementation issues to consider, such as data quality, system integration, cyber security, and investment that needed to be addressed. Furthermore, existing studies have tended to look at manufacturing in general, and not the UK aerospace manufacturing supply chain. Studies are also more or less likely to be connected to areas of operational performance, resilience, sustainability, and cost optimisation in a single study. Hence, there is a crucial research gap in the relationship between the simultaneous applications of the predictive maintenance technologies of Industry 4.0.

[bookmark: _Toc234284808][bookmark: _Toc238448012]CHAPTER 3: RESEARCH METHODOLOGY 
[bookmark: _1tn43ubye272][bookmark: _Toc234284809][bookmark: _Toc238448013]3.1 Introduction
This study aims to provide an in-depth understanding of the existing knowledge about PM and Industry 4.0 technologies, which is why a qualitative methodology has been chosen, using secondary data (Işık and Zilka, 2025). The research work does not produce new numerical data, but rather an analysis of existing literature from academic sources, industry reports, aerospace company publications, and conference papers is used to build an overall picture of the current topic. This method will facilitate them in discovering common observations, differences, and themes of previous research.

This chapter starts out with a rationale for the decision of the Interpretivism research philosophy and the Inductive research approach. It further elaborates on the qualitative research design, secondary data collection techniques, and data triangulation and thematic analysis. In addition, the topic of ethics in relation to secondary research is discussed, followed by a summary of the methodological decisions taken in the course of the research (Lawler and Waldner, 2023). The methodology has been carefully planned to ensure credible findings, provide transparency, and to ensure findings are as close to the objectives presented in Chapter 1 as possible. 

[bookmark: _huovzt7t413j][bookmark: _Toc234284810][bookmark: _Toc238448014]3.2 Research Philosophies 
Selecting the right research philosophy is essential for this research, as this research is exploring the effect of Industry 4.0 predictive maintenance using the existing academic and industrial literature, instead of obtaining primary data (Gamage, 2025). The chosen philosophy needs to therefore accommodate the interpretation of different perspectives, experiences, and published work relating to predictive maintenance in aerospace manufacturing supply chains.

This research has an interpretivist research philosophy. Based on understanding and interpreting events, practices, and evidence in human experiences, organisations, and in the actual body of evidence, Interpretivism does not presume the presence of universal laws to be discovered through statistical measurement. The philosophy also assumes that researchers and organisations may view the process of (new) technological implementation, operational performance, and maintenance practice differently, depending on the context of their industry (Ghanad, 2023). The above-mentioned objective explanation does not necessarily convey the full impact of predictive maintenance, as it can be deployed across a range of aerospace organisations and with various technologies and operating strategies. The interpretive approach, therefore, enabled the research to explore a number of different views that have been voiced in the literature and gain a stronger picture of the research issue (Riedel et al. 2024). 

It helps with the qualitative approach to the research, corresponds with secondary data, and facilitates literature interpretation. The philosophy also aligns with the research objective by enabling a better understanding of the impact of predictive maintenance on the performance of operations, reliability of equipment, and supply chain resilience in an environment where UK aerospace manufacturing organisations are subject to a global operating context.

[bookmark: _t8xvcl6gebbi][bookmark: _Toc234284811][bookmark: _Toc238448015]3.3 Research Design
Research design is that which offers a research guide; it can be described as how research will be done, and is related to determining the methods that should be used to answer the research questions. It provides a logical sequence to the research aim, objectives, data collection, and data analysis (Kumar and Ujire, 2024). The appropriateness of the research design in terms of consistency, transparency, and credibility of the results of the research is directly relevant to giving presentations that are sound in research. This research will aim to gain a detailed view of the operational performance impacts of predictive maintenance (Industry 4.0) on the UK aerospace manufacturing supply chains. Thus, a qualitative research design is utilised in the research. This research does not make any attempt to arrive at a statistical relationship or any hypothesis. Instead, it focuses on the understanding of existing knowledge, comparison of models, and identification of common aspects present in research and in the industry. The complexity of the issues of the organisations and the technologies makes it more suitable to use a qualitative design than a quantitative design. The nature of the research seems to favour the qualitative research design, given the qualitative aspect of analysing, understanding, and summarising published evidence on predictive maintenance tools and techniques, digital technologies, operational efficiency, equipment reliability, sustainability, and supply chain resilience. Other previous studies yield varying results as far as the industry environment, the research methodology used, and the technology under consideration (Karim, 2025). 
This helps add some credibility to the results and helps build up the development of conclusions to the research. Hence, the qualitative research design becomes a suitable and justifiable method for analysing the effect of predictive maintenance in Industry 4.0 on the operational performance of aerospace manufacturing supply chains (Yuwon and Rachmawati, 2023).

[bookmark: _a59kn4c7q97r][bookmark: _Toc234284812][bookmark: _Toc238448016]3.4 Research Approaches
A research approach is used to justify the reasoning in the development of knowledge during the research and to answer the research question. The selection of an appropriate research approach ensures that the research methods are aligned with the aim of the research, the philosophy of research, and the research design. Deductive and inductive are two types of research methods. To derive insight from a scientific theory or hypothesis, one generally respected method is deductive, meaning starting from the theory or the hypothesis and testing it through empirical evidence. The alternate approach, which builds from the empirical data by identifying patterns and themes, is said to be inductive.

The approach for this research is an inductive research method because it is intended to interpret already existing literature to develop a comprehensive understanding of the topic of the aim. This research is not testing a set and predetermined hypothesis. Our analysis of published literature in academic journals, industry reports, aerospace company publications, and conference papers has uncovered common themes around aspects of operational performance, equipment reliability, downtime minimisation, cost optimisation, and supply chain resilience (Ajayi, 2023). The findings are derived from the evidence gathered, and the approach used is inductive, which is appropriate to the qualitative nature of the research.

The inductive approach is a flexible way of analysing studies with different experiences and outcomes. While a large number of researchers recognise the benefits of predictive maintenance for manufacturing performance, there are still some differences in the challenges, technology readiness, costs of investment, and organisational capacity to implement PM. This helps to attain a balance to see the benefits and challenges of Industry 4.0 technologies.

While data analysis using quantitative data and hypothesis testing applications were seen as desirable, particularly in a deductive approach, this was not suitable for this research (Donkoh and Mensah, 2023). This research is not an inquiry to change construct relationships or to test cause-and-effect relationships, so the deductive approach would not be in line with research goals. The research, however, aims to decipher and reach an understanding from already available knowledge and evidence presented in previous studies.

The inductive approach also fits in the context of this dissertation, which was carried out using a research philosophy and design of Interpretivism and a qualitative approach. This is appropriate for the qualitative and secondary-studies nature of the research.
[bookmark: _Toc234363391][bookmark: _Toc234793892][bookmark: _Toc236283971][bookmark: _Toc237530040]Table 2: Research Methodology Summary
(Source: The author)[image: ]
Table 2 outlines the research methodology that was used for this study, the research philosophy, research approach, research design, data collection and data analysis methods.
	
[bookmark: _Toc234793885][bookmark: _Toc238449666]Figure 2: Research Methodology Framework
(Source: The author)

The research methodology employed in this study is presented in Figure 2, which consists of research philosophy, research approach, research design, and data collection and analysis.

[bookmark: _xgu423c7nb6p][bookmark: _Toc234284813][bookmark: _Toc238448017]3.5 Data Collection Methods
Secondary qualitative data is used in this research, since it aligns with the interpretivist philosophy, inductive approach and qualitative research design in this study. Secondary data is data which is already collected and published by researchers, organisations, or industry experts. The study is not based on primary data gathered by surveys or interviews, but rather expands the scope of the literature review to reflect the academic and industry evidence based on the use of Industry 4.0 predictive maintenance in UK aerospace manufacturing supply chains. This is suitable since the research is about interpreting what is already known; identifying patterns across research and comparing evidence from various research sources (Rosair, 2023). The sources of data were peer-reviewed journal articles and conference publications, industry reports, and publications from the aerospace industry and academic databases such as Scopus, ScienceDirect, IEEE Xplore, and Google Scholar (Sadeghi and Smith, 2024). The sources highlight information on Industry 4.0 technologies, predictive maintenance, artificial intelligence, artificial life, machine learning, Internet of Things, cloud computing, operational performance, sustainability and aerospace manufacturing supply chains. Peer-reviewed analysis was given first preference, as these papers provide academically vetted evidence, while papers from the industry, aerospace magazines, and conference papers were included if they contained relevant information on practical application and new technology. The publications from the last five years (2022–2026) were emphasised in the literature search, which aimed to cover the latest advancements in the field of Industry 4.0 and predictive maintenance. Only older studies which contributed concepts still relevant to the researched topic were taken into consideration (Zelčāne and Pipere 2023). Studies were chosen that covered a main topic directly related to predictive maintenance, Industry 4.0 technologies, artificial intelligence, machine learning, IoT, cloud computing, operational performance, scope of activities within the field of aerospace manufacturing and/or supply chain resilience. Publications not related to manufacturing or aerospace operations, ones that do not contain enough into the methodology, and those which could not provide academically credible evidence were omitted.
This selection process ensured the linkage of the gathered evidence and the research questions. The triangulation method was used to enhance the credibility of the findings. Strategies to compare evidence from a number of secondary sources were explored, not just specific publications. For instance, in academic reports, results reported were matched with industry reports, aerospace company publications and conference papers. This enabled any similarities, differences and uncertainties to be uncovered between sources. This study was specifically relevant in terms of using various types of sources because there are not only technological innovations in the development of predictive maintenance but also practical and organisational issues as well. Selected evidence was then analysed by using a thematic analysis approach. This included looking for any patterns and relationships in the literature and categorising them into themes that applied to the research questions.
The analysis covered: technologies of Industry4.0, predictive maintenance, operational performance, and equipment reliability, reduction of downtime, cost optimisation, sustainability, and supply chain resilience. Thematic analysis thus allowed for comparison of findings from other studies in a structured manner whilst keeping the individual context of each study. Some of the disadvantages to secondary qualitative data are: The researcher does not have control over the data collection of the original studies and may have mistakes in design, industrial setting and results, which can help to prevent comparability. Those restrictions were mitigated using clear selection criteria, ensuring the use of the most recent and credible sources and comparison of evidence with triangulation. Thus, the secondary qualitative data sources are suitable to draw conclusions on existing evidence and the impact of predictive maintenance on operational performance in the UK Aerospace Manufacturing Supply Chain.

[bookmark: _uwqpicpzuojg][bookmark: _Toc234284814][bookmark: _Toc238448018]3.6 Ethical Considerations
Ethical consideration is vital in the research process since it is important to maintain responsible, honest, and transparent research. While this research does not require humans or the collection of primary data, certain ethical concerns with regard to collecting, analysing, and presenting secondary information are nonetheless important. Academic honesty enhances the credibility of research and the trust in the results.

Secondary qualitative data sources used for this research are sources that are accessible and credible, as they have been published in peer-reviewed journals, as conference papers, as papers in aerospace company publications, as industry reports, or as papers in recognised academic databases (Plathottam et al. 2023). No surveys, interviews, or experiments are conducted; no problems with informed consent, participant confidentiality, or protection of personal data. However, ethical considerations of published information are well considered throughout the research process.

All ideas, findings, and evidence from pre-existing research will be correctly credited and referenced in the appropriate style to uphold academic integrity. Proper citation gives proper credit to original authors, and it helps to prevent plagiarism. Relevant and reliable publications will be used to improve the credibility of the research findings; otherwise, the information from unverified sources or publications that are easily duped will be excluded.
Research bias is another ethical factor that needs to be taken into account. The researcher will review evidence from both proponents and detractors that may not only support but also oppose the expected outcomes (Keleko et al. 2022). 

The research has been done systematically, thereby making it possible for the research process to be understood, and it is easier to build consistency between each stage of the research. Conformability was enhanced by ensuring that research conclusions were derived from evidence found in the literature and not based on the researcher's own opinion (Hiebl, 2023). Finally, transferability was supported by a review of studies across a range of manufacturing contexts, but with a specific focus on the UK aerospace manufacturing supply chain. These quality measures enhance public confidence in the conclusions of this dissertation and improve the trustworthiness of the research results.

[bookmark: _h7v4bbsp9817][bookmark: _Toc234284815][bookmark: _Toc238448019]3.7 Conclusion
The chapter has introduced and endorsed the adopted methodology for the research conducted to explore the effect of Industry 4.0 predictive maintenance on operational performance in the aerospace manufacturing SC in the UK. The methodology was structured to meet the purpose of Chapter 1 research aim, objectives, and research questions, and that of the literature reviewed in Chapter 2.

Naturally, these methodological decisions were deemed suitable as the research is focused upon the interpretation of knowledge and not statistical relationships. The chapter also explained why secondary qualitative data from credible academic databases, peer-reviewed journal papers, industry studies, publications by aerospace companies, conference papers, etc., were used. Triangulation and thematic analysis were used as techniques to support the credibility of the results. 

Ethical issues regarding academic honesty, proper referencing, trust in the source, and interpreting information responsibly were also discussed to help develop responsible research practices. The method is comprehensive and systematic for the discussion of aerospace manufacturing predictive maintenance. The results of the research are presented and discussed in the following chapter, with the topic themes that were found in the literature collected to provide answers to the research questions and objectives. 

[bookmark: _jb6wm7ltoorm][bookmark: _Toc234284816][bookmark: _Toc238448020]CHAPTER 4: FINDINGS / RESULTS, ANALYSIS AND DISCUSSION
[bookmark: _101cphfmpm9e][bookmark: _Toc234284817][bookmark: _Toc238448021]4.1 Analysis of Results
This chapter offers a summary of the secondary qualitative data analysed, used for the research on the use of Industry 4.0 predictive maintenance in aerospace manufacturing supply chains in the UK. This analysis has been conducted based on different kinds of sources gained from scholarly peer-reviewed articles, conference papers, and aerospace industry reports, and publications by the aerospace companies identified through the academic reference literature sources. The literature collected was analysed thematically, as surveyed in chapter three, and the data were triangulated to cross-check the findings of the multiple reliable sources, aimed at strengthening the credibility of the findings.

The analysis revealed three themes related to the aim of the research and the three research questions (Panyaram, 2024). The first theme explores how Industry 4.0 technologies and digital transformation can help practitioners in the aerospace manufacturing industry to support predictive maintenance. The second theme focuses on the impact of predictive maintenance on operational performance, covering areas of improved equipment reliability, downtime reduction, productivity, and cost optimisation. The third theme examines how predictive maintenance can support supply chain resilience and sustainability in the global aerospace manufacturing processes.

The identified theme is not treated as a stand-alone due to the literature providing evidence of the tight relationship between the four identified themes: Industry 4.0 technologies, predictive maintenance, operational performance, and supply chain resilience (Quresh et al. 2024). Hence, the results are subsequently analysed by comparing similarities/differences with the findings generated from previous studies, to arrive at a well-rounded knowledge of the research topic. These will also be used to reflect the findings of this research work back to the existing literature reviewed in Chapter 2, allowing this research to evaluate the existing literature that supports and/or contradicts the findings found, and will help in a systematic and critical evaluation of the identified research questions. 
[bookmark: _Toc234363392][bookmark: _Toc234793893][bookmark: _Toc236283972][bookmark: _Toc237530041]Table 3: Summary of Research Themes
(Source: The author)
[image: ]
The three research themes emerging from the second-order qualitative data obtained were summarised in Table 3, and their relationship with the research questions was outlined. It also explains how evidence from various academic and industry sources was triangulated to provide further context and increase the credibility of the evidence.

[bookmark: _2xknog1ha34v][bookmark: _Toc234284818][bookmark: _Toc238448022]4.2 Summary / Presentation of Findings / Results
[bookmark: _v9cwkpyonrmb][bookmark: _Toc234284819][bookmark: _Toc238448023]Theme 1: Industry 4.0 Technologies and Digital Transformation
Based on the literature analysis, it is observed that the technologies adopted under Industry 4.0 are the technological backbone to enhance operational performance in aerospace manufacturing supply chains. Among the studies selected, IoT, AI, Machine Learning (ML), Cloud Computing, Big Data Analytics, and Digital Twins emerged as key enabling technologies for digital transformation across them (Bello et al. 2024). These offer organisations the ability to gather operational data and analyse it in real time, enabling manufacturers to enhance production visibility and monitor equipment performance, make quicker operational decisions, etc. The results suggest that digital transformation is not just about automation but also better enables communication and information sharing across manufacturing and supply chain processes.

The results clearly indicate the findings of the literature review presented in Chapter 2. Gao et al. (2024) discussed that operational data can be analysed using AI to make manufacturing decisions; Khan et al. (2025) showed the capabilities of cloud-based IoT systems to facilitate real-time monitoring and process optimisation. Likewise, Bhatia et al. (2024) found that in aerospace production, Digital Twins and Cyber-Physical Systems (CPSs) and Big Data Analytics (BDA) enhance production efficiency and monitoring of equipment. Bajaj et al. (2024) also claimed that digital integration provides better visibility of the aerospace product lifecycle, fostering improved coordination throughout the supply chain.

There is a consistent literature reporting positive results, but a few studies also evoke challenges for implementation. Bhatia et al. (2024) indicate that securing a digital transformation, adapting the integration with legacy manufacturing systems, a lack of staff with the necessary qualifications, and the costs to carry out the approach are all hurdles. The results also point to the fact that whilst technology can help to facilitate successful operation, a lack of investment in digital infrastructure, employee capabilities, and a firm grasp of the change process will not guarantee it. Summarised from the literature analysed, Industry 4.0 technologies provide the digital space needed to enable predictive maintenance; this is a key component for enhancing the performance of operations in UK aerospace manufacturing supply chains. The literature reviewed concludes that Industry 4.0 technologies have revolutionised production processes by enhancing data gathering, automation, and decision-making. But the level of digital transformation varies from organisation to organisation. For maximum improvements, Ghobakhloo et al. (2024) state that the most impactful use is when a number of digital technologies are used together as part of a connected manufacturing setup. Likewise, Khan et al. (2025) highlights the role of cloud-based platforms for IoT in enhancing machine-to-machine communication and in providing real-time monitoring of production processes.

Gao et al. (2024) argue the opposite: that technological capacity cannot be assured to lead to better operational performance. Effective AI models are based on reliable and precise operational data to generate accurate predictions of maintenance needs. Building manufacturing organisations that are incomplete and are not connected with information systems can have a tremendous impact on the performance of the AI application. Kretzer et al. (2025) also state that many organisations are still struggling to keep up with the growing amount and complexity of industrial data produced by connected equipment.

The findings of this study also suggest that the success of digital transformation is not just about implementing new and advanced technologies but also about the capability and implementation of an effective digital infrastructure, a secure information system, and organisational capability. Therefore, the system of technological investment and the capacity of the organisation to effectively manage digital resources in the aerospace manufacturing activities affect Industry 4.0 benefits.

[bookmark: _fyizrzfm2f85][bookmark: _Toc234284820][bookmark: _Toc238448024]Theme 2: Predictive Maintenance and Operational Performance
Based on the literature discussed, it can be concluded that the use of predictive maintenance has a very positive impact on operational performance in the aerospace manufacturing supply chains. Whereas reactive and preventive maintenance are based on the knowledge and learning drawn from past experience, predictive maintenance is about the knowledge and learning gained from the real-time information gathered from the equipment and the sophisticated analytical technology (Debnath et al. 2022). The studies reviewed consistently demonstrate that the approach can help organisations to reduce unplanned downtime, which leads to better equipment reliability, better productivity, and a more efficient maintenance schedule. Predictive maintenance can thus contribute to more efficient manufacturing operations and fewer operational disruptions to aerospace supply chains, across the whole world.

The results are in line with what is found in the literature reviewed in Chapter 2. Esteban et al. (2022) indicated that data mining techniques can enhance the prediction of equipment failures by analysing data generated from the operation of the equipment and detecting early signs of equipment deterioration. Likewise, Uppal et al. (2023) have observed that an IoT real-time data monitoring system is always acquiring data on the equipment and helps maintenance personnel identify problems early, preventing their significant impact. Alblooshi (2022) also showed the high capacities of machine learning models to reach high precision of prediction, which in turn would boost maintenance planning and minimise unexpected equipment failure. The results indicate that predictive maintenance helps to increase the overall efficiency of operation through the ability to make informed maintenance decisions, which are based on the real condition of the asset rather than maintenance schedules.

However, there are also some challenges that were mentioned in the literature that can limit the success of such predictive maintenance. Esteban et al. (2022) emphasised the importance of accurate and reliable data in the creation of prediction models, and Alblooshi (2022) pointed out that machine learning systems need reliable and large amounts of historical data that are of high quality in order to obtain reliable results. Further, there could be significant costs involved with implementation, significant integration issues with the systems, and difficulties in acquiring technical expertise for its adoption. While there is a clear operational benefit to predictive maintenance, there is also an underlying need for the right technological framework and data management, as well as organisational preparation. In conclusion, the studies that were examined showed that the technology of predictive maintenance is one of the most widely implemented ones in Industry 4.0, in the aerospace industry, to improve operational performance. While some of these studies were positive in their findings, the amount of improvement varied across organisations, with the majority reviewed reporting positive results of a predictive maintenance program. While the results of the maintenance operation are always positive, the degree of improvement remains different among organisations. For predictive maintenance to be effective, organisations need to have high-quality operational data and advanced analytical capabilities, according to Esteban et al. (2022). By leveraging this accurate information from sensors, machine learning models can detect early signs of equipment deterioration and provide accurate maintenance suggestions.

Alblooshi (2022) further shows that the accuracy of the predictions can vary based on the quality of the history of actual operational data available to train the machine learning algorithms. Incomplete datasets or inconsistent maintenance equipment monitoring can result in reduced accuracy of prediction and/or reduced effectiveness of the maintenance. Likewise, Uppal et al. (2023) have opened a discussion on the need for real-time sensing to enhance maintenance decisions if sensor networks are accurate and data is processed without substantial delay.

Implementing a successful predictive maintenance program is dependent on organisational readiness. The successful implementation of predictive maintenance results in skilled employees who will have to know both manufacturing processes and digital technologies. If an organisation's approach to predictive maintenance is not employed in the industrial output, it has failed to ensure that the analytical output is understandable or that it fits into existing maintenance processes (Akbar, 2026). These are encouraging findings which indicate that improvements in the operation of a plant come from a combination of technological capability, manpower skills, and effective organisation compared with technology alone. Predictive maintenance, therefore, is not about the addition of new digital tools, but rather about being part of the activities that are part of doing business.

[bookmark: _2z6qa1vwmvva][bookmark: _Toc234284821][bookmark: _Toc238448025]Theme 3: Supply Chain Resilience, Cost Optimisation and Sustainability
Results of the literature review analysis show that predictive maintenance is a key part of Industry 4.0 that significantly supports the aeronautics industry in building the resilience of all the points in the supply chain, reducing operational costs, and making the aeronautics industry more sustainable. The results have demonstrated the possibilities of predictive maintenance for continuous surveillance of an asset and for detecting potential failures in good time, in order to prepare for maintenance before it ever reaches the break stage. These minimise production interruptions, enhance manufacturing continuity, and enable better coordination across the globe in aerospace supply chains (Marinagi et al. 2023). However, the availability of equipment is also crucial to ensuring airspace producers have reliable production planning and can provide products on time, as improvements in equipment availability enhance the interconnectedness of the producer's value chain.

The results corroborate the literature studied in Chapter 2. According to Hu et al. (2026), Industry 4.0 technologies enable organisations to increase operational visibility to effectively manage supply chain disruptions, improving the supply chain's resilience. Likewise, Rifat et al. (2025) found that data-driven risk management helps to identify risks in the supply chain at an early stage, enabling the manufacturer to take proper steps to prevent the risks from disrupting their operations, thus preventing their production processes from being interrupted. Lee et al. (2023) additionally have suggested that the use of smart technologies in supply chains affects delivery performance, operational efficiency and even overall organisational productivity. Wang et al. (2022) also indicated the advantages that the Internet-based inventory effect of AI has in optimising inventory levels and making the supply chain more responsive. Furthermore, Abidi et al. (2022) found that the application of predictive maintenance benefits sustainability in various ways, including: Avoiding unnecessary maintenance actions; Extending the life of equipment; reducing material waste; and reducing energy usage.

The studies examined showed that some implementation challenges exist, although they have several benefits. The high investment costs, limited digital infrastructure, integration of multiple technologies, as well as different digital capabilities within the supply chain partners, could hinder the effectiveness of predictive maintenance. These inconsistencies could arise when smaller manufacturers struggle with the adoption of higher-tech 4th Industrial Revolution technologies, due to their higher financial and/or technical costs. Thus, the results indicate that future long-term resilience, cost optimisation, and sustainability can only be achieved through successful cooperation and effective digital investment, as well as the coordinated implementation across the entire aerospace manufacturing supply chain with the help of predictive maintenance technologies. The literature shows that the benefits of predictive maintenance are not only limited to equipment but also extend to overall aerospace supply chains. Hu et al. (2026) explain how digital technologies provide opportunities for the supply chain to be more resilient, as they provide greater transparency around operations and assist in accelerating their response to disruption. Likewise, Lee et al. (2023) mention that the improvement of communication, inventory coordination, and delivery performance are other features that are possible with smart supply chain technologies due to the sharing of real-time information. Some of the research mentioned also takes into account that the improvements are not observed in all organisations. Regardless of the capabilities of devices, their installation alone does not guarantee that the predictive maintenance program can be quickly and effortlessly implemented, as the financial resources of the aerospace manufacturer are also crucial in this regard. Typically, larger aerospace manufacturers possess greater financial resources and have well-established digital capabilities, enabling the deployment of cutting-edge predictive maintenance programs faster and with less effort. The smaller suppliers may experience difficulties because they lack the necessary technical knowledge, lack investment, and cannot integrate new technology into their current production lines. Wang et al. (2022) further highlight an information-sharing requirement between other supply chain actors under digital inventory optimisation, which may be difficult when applying different technologies to these activities.

The results of this study show that the benefits of predictive maintenance in terms of chain resiliency can be achieved only when the digital transformation is not only applied to specific manufacturing sites but is cascaded through the larger supply chain. It is thus essential to maintain a close partnership between manufacturers and suppliers, as well as with technology providers, if long-term operational security and sustainable supply chains are to be created.

[bookmark: _5flc43j09h8d][bookmark: _Toc234284822][bookmark: _Toc238448026]4.3 Discussion of Results
This research concluded that once the industrial uses of Industry 4.0 technologies can be implemented, they have the power to substantially boost operational performance in the UK aerospace manufacturing supply chain by using predictive maintenance. The analysis also reaffirms that technology, like the Internet of Things (IoT), Artificial Intelligence (AI), Machine Learning (ML), Cloud Computing, and Big Data Analytics, is a key technological pillar needed for collecting and analysing real-time operational information. The results corroborate those of Gao et al. (2024), Khan et al. (2025), and Bhatia et al. (2024) that digital technologies enhance production visibility, decision-making, and support manufacturing efficiency. In addition, the results offer insights on the challenges of digital transformation identified by Bhatia et al. (2024), including effective system integration, the capability of personnel, and cybersecurity management.

The study also demonstrated that predictive maintenance can be used to optimise the operational performance of the equipment by reducing unplanned downtime, improving the reliability of the equipment, and optimising maintenance planning. This result resonates with those of Esteban et al. (2022), Uppal et al. (2023) and Alblooshi (2022), who reported that the key element of predictive maintenance is to anticipate equipment failure before it happens and maximise the use of real-time data. Literature highlights all the above benefits, yet they also indicate that there should be enough technology infrastructure, quality data and analytical models to gauge the accuracy of prediction.

Finally, these outcomes prove that predictive maintenance clearly plays a role in building a more resilient supply chain, cost optimisation and sustainability: they help optimise equipment uptime, reduce maintenance costs, help switch to a waste-free business model and smooth out the supply chain flow. This is in line with studies by Hu et al. (2026), Lee et al. (2023), Wang et al. (2022), Rifat et al. (2025), and Abidi et al. (2022) that reveal the necessity of leveraging digital technologies for the resilient and sustainable development of aerospace supply chains. In general, the research aims and research questions have been answered successfully, with positive outcomes of Industry 4.0-based predictive maintenance on operational performance in an aerospace manufacturing supply chain, as well as the need to ensure effective organisational implementation and continual digital investments for long-term success. The overall findings illustrate that predictive maintenance is not, and cannot be, a “when” technology, but a “how” and “where” technology that can be associated with other digital technologies as part of a broader digital transformation agenda in the aerospace industry. Searches of the literature reveal that organisations can make the highest levels of operational improvements when predictive maintenance is combined with IoT, Artificial Intelligence, Machine Learning, Cloud Computing, and data analytics. All of these technologies are designed to work in conjunction and enhance the productivity of equipment monitoring, maintenance planning, and operational decision-making. The findings also confirm the conceptual model presented in Chapter 2, where the links between Industry 4.0 technologies, Predictive Maintenance, operational performance, and supply chain resilience are illustrated. This increased reliability of equipment is directly translated into increased productivity, and reduced downtime means better production continuity and a better supply chain, which creates better reliability. In addition, the lowered maintenance costs and equipment use contribute to the overall sustainability goals by limiting the amount of waste produced and the lifecycle of equipment use. These good results are not foolproof in terms of successful operation, however, as the analysis indicates that technology investments do not guarantee successful operation. Its effective implementation requires high-quality operational data, secure digital systems, and the skills of employees, as well as constant improvement by the organisation (Adler, 2022). Hence, this discovery is aligned with the discussion, with the expectation that this new multi-faceted, technology-enabled but in equal part organisational and managerial integration will enable sustainable aerospace manufacturing performance improvements through successful predictive maintenance approaches.

[bookmark: _Toc238448027]CHAPTER 5: THEORETICAL CONTRIBUTIONS AND PRACTICAL CONTRIBUTIONS 
[bookmark: _Toc238448028]5.1 Practical contributions
The contribution of the practical research is that it demonstrates the use of predictive maintenance, which is a part of Industry 4.0, to help improve the operational performance of UK aerospace manufacturing supply chains. Results from the analysis show that there is a need to consider predictive maintenance as more than merely a technical maintenance operation (Khan et al. 2025). Data from sensors, the IOT, AI, machine learning, and cloud-based analysis can be seamlessly integrated to allow maintenance teams to predict changes in the condition of equipment before they escalate into serious issues. This provides more opportunities to change primarily reactive decisions to more proactive planning in maintenance. This has a direct operational value for aerospace manufacturers that may experience a loss of production and therefore be impacted in their schedules, quality and supply commitments. It also helps managers to establish links between maintenance actions and overall production and supply chain goals (Ghobakhloo et al. 2024). One of the most practical applications is the possibility of lowering unplanned downtime. As illustrated in Chapter 4, it is possible to provide early warnings of equipment deterioration with continuous monitoring and predictive models. Therefore, maintenance may be scheduled based on production needs and not just to prevent equipment failure. This may increase the availability of the equipment and help in continuing production. The study also provides evidence that these benefits rely on good data and appropriate digital infrastructure and staff that are capable of using the system outputs to provide value. So, buying predictive maintenance software does not guarantee performance gains. The study also aids in cost management. Predictive maintenance can help organisations avoid unnecessarily maintaining hydraulic components, perform unnecessary emergency repairs and stop losses in production simply by determining a component's correct time for maintenance. Cost-effective maintenance planning and better scheduling of technicians, spares and production are also possible. In the aerospace industry, it is critical since the reliability of equipment is linked to the performance of delivery in a complex network of supply. The findings thus indicate that using maintenance as a standalone activity is unsuitable and the decisions that are taken must be part of the broader operational and supply-chain requirements. Yet another tangible contribution relates to the resilience and sustainability of the supply chains (Debnath et al. 2022). With more reliable production equipment, changes and interruptions to production can be avoided, which can have an impact on production activities and supply or demand in a downstream process. Another approach in which predictive maintenance plays a role in a sustainable way is through the lifespan of equipment, and only replacing it when required or avoiding premature failure to reduce waste. However, it will take money to invest in sensors, data systems, cybersecurity and workforce skills to implement. In practice, aerospace companies’ digital readiness before implementation and the technology investment and elevation combined with training, data quality controls and monitoring should be assessed. It is better than seeing predictive maintenance as a separate technological solution, as it is more of a holistic solution.

[bookmark: _Toc238448029]5.2 Theoretical contributions
The theoretical novelty of this research lies in combining Industry 4.0 technologies, predictive maintenance and operational performance into the manufacturing supply chains of the UK aerospace industry. This study links the relationships together; much of the literature discusses individual technologies or individual maintenance outcomes. The results show that the concept of the Internet of Things, artificial intelligence, machine learning, cloud computing and big data analytics are the digital basis for predictive maintenance, and that predictive maintenance is a driver through which these technologies can impact outcomes (Gao et al. 2024). The current study is thus a part of the body of knowledge on the connection of digital capability and operational performance through the lens of predictive maintenance. The results indicate that predictive maintenance has nothing to do with technology. Data quality, analytical accuracy and the “predictive prescriptiveness” of employees rely on digital technologies to collect and process equipment information, but they are not the ones responsible for their operation and the consequent effects. This reinforces the stance taken in this research of an Interpretivism approach, which holds that outcomes of technology use are influenced by its interpretation and application in organisational contexts. The study is research that broadens conceptualisation from a technology-centred perspective by taking into account organisational conditions that influence the value of technology. An additional theoretical link is between equipment-level maintenance and the supply chain's resilience. The results indicated that equipment reliability can have ramifications beyond the equipment itself. Stable production can contribute to lessening downtime, which can help ensure production continuity; reduced downtime may help reduce the risk of downtime in connected activities in the aerospace value chain. This offers a more holistic understanding of predictive maintenance – in which the performance of maintenance is a part of resilience rather than simply an engineering issue. The relationship also supports the conceptual framework of the study, which links the concept of predictive maintenance to the concept of operational performance, as well as the impact of the study, which extends to the outcomes of the entire supply chain. In addition, a sustainability element is being added to predictive maintenance through research. Some maintenance decisions can have an impact on environmental as well as economic outcomes, for example, by extending equipment life, by avoiding the need for equipment to be replaced and by avoiding unnecessary operational waste. The results don't imply, however, that all predictive maintenance systems create sustainable performance (Hector and Panjanathan, 2024). The theoretical contribution will therefore be contingent on implementation and appropriate organisational practices; if these are not present, there are no sustainability benefits. Overall, the study presents an integrated vision, namely the introduction of AI based on Industry 4.0 technologies in the scope of predictive maintenance, which in turn assists with trustworthiness, downtime reduction, productivity and cost optimisation goals, and subsequently sustains the supply chain as resilient and sustainable. This viewpoint is especially valid when considering aerospace manufacturing since the industry is characterised by difficult and costly equipment, high-quality standards, and interdependent supply lines. It isn't so much that predictive maintenance addresses all operations issues, but that it offers a framework within which digital technologies can be used to contribute to performance, if technical and organisational conditions are well suited.

[bookmark: _8769b47w76h0][bookmark: _Toc234284823][bookmark: _Toc238448030]CHAPTER 6: CONCLUSIONS AND RECOMMENDATIONS
[bookmark: _v2dy6jixwsh2][bookmark: _Toc234284824][bookmark: _Toc238448031]6.1 Summary of Main Findings
This research sought to investigate how predictive maintenance under the concept of Industry 4.0 can influence operational performance in the supply chain of aerospace manufacturing companies in the UK that operate globally. Secondary qualitative data resulting from peer-reviewed journal articles, industry reports, aerospace company publications, and conference papers were used in the research. Thematic analysis and data triangulation were carried out to obtain the main themes corresponding to the aim and research questions of the research. Three main themes were produced based on the research.

The first example shows how Industry 4.0 technologies, such as the Internet of Things (IoT), Artificial Intelligence (AI), Machine Learning, Cloud Computing, and Big Data Analytics, enable the provision of digital tools for predictive maintenance. The example on the first page illustrates how Industry 4.0 technologies, like the Internet of Things (IoT), Artificial Intelligence, Machine Learning, Cloud Computing, and Big Data Analytics, support the provision of digital tools for predictive maintenance. All literature reviewed demonstrated that these technologies provided enhanced real-time equipment monitoring, data-driven decision-making, and allowed communication across the manufacturing system. But the success relies on the ability to achieve effective integration, capabilities, robust cybersecurity, and organisational preparedness.

The second discovery is that predictive maintenance supports operational performance in the following ways: Unplanned equipment downtime is reduced; equipment reliability is enhanced; maintenance planning is better; and overall productivity is enhanced. Predictive maintenance is different from classic reactive and preventative maintenance in that it allows organisations to engage in maintenance so that the equipment will actually need it (Rocha et al. 2025). However, insights into the impact of predictive maintenance also reveal a need for a good quality of operational data, meaningful analytical models, and sufficient digital infrastructure.

The third finding is an insight into building better supply chain resilience, objectives of cost optimisation, and sustainability through predictive maintenance. Early fault detection helps to facilitate uninterrupted production, lower maintenance costs, and minimise waste materials and energy use. The results also indicate that organisations that implement predictive maintenance have better capabilities to react in the face of operational disruptions in global aerospace supply chains.

[bookmark: _l86n3wh2o2we][bookmark: _Toc234284825][bookmark: _Toc238448032]6.2 Conclusion 
The research goal in the study was to investigate how Industry 4.0 predictive maintenance, which could be implemented anywhere in the world in the supply chain of the aerospace industry in the UK, could affect operational performance. Hughes et al. (2022) found that, based on the analytical tests that were performed, this research was successful in achieving this research goal. These results demonstrate the beneficial effect that predictive maintenance using smart digital technologies has on manufacturing efficiency, equipment reliability and the effective supply chain.
The first research question was about the implications of predictive maintenance on the operational performance in the aerospace manufacturing supply chain in the UK. The findings have demonstrated that predictive maintenance can help reduce unexpected equipment downtime, facilitate equipment maintenance planning, enhance equipment reliability, and boost productivity (Pansare et al. 2024). When the organisation realises that it might have a problem with equipment, it can minimise its worries about production and make sure that its overall operational efficiency is maximised. 
The second research question focused on Industry 4.0 technologies since they are the technologies that are generally found in PMS. These are the key technologies, and the analysis determined that the Internet of Things (IoT), Artificial Intelligence (AI), Machine Learning (ML), Cloud Computing, and Big Data Analytics are the primary technologies that enable predictive maintenance. The technologies allow for the continuous monitoring of the production lines, real-time processing of data, and timely decisions regarding maintenance, which results in an optimised production process (Eddarhri et al. 2022).
The third research question focused on the advantages and hurdles of a Predictive Maintenance application in the supply chains of global Aerospace manufacturers. The research has revealed that predictive maintenance could enhance the reliability, productivity, and supply chain resilience of operations. But achieving true digital transformation is still difficult, as firms need to fix some problems before reaping all the benefits, including the ones of high investment, cybersecurity, system integration with other firms, employee skills, and data quality.

In RQ3, the author will explore the potential of predictive maintenance to reduce costs, increase reliability and contribute towards sustainability. The results suggest that the use of predictive maintenance can cut down on unnecessary maintenance actions, increase the lifetime of the equipment, decrease operational costs, minimise material waste and boost energy efficiency. However, the benefits rely on the correct data on the equipment; the effective deployment of such equipment; and the correct organisational support. In conclusion, the implementation of predictive maintenance can positively impact both the economy and environment when it can be used effectively throughout the aerospace manufacturing processes (Karim, 2025). For long-term operational performance and supply chain resilience, however, constant investment in digital technologies, skilled employees, effective data management, and commitment from an organization are needed.
[bookmark: _Toc234363394][bookmark: _Toc234793895][bookmark: _Toc236283974][bookmark: _Toc237530042]Table 4: Summary of Research Questions and Conclusions
(Source: The author)

[image: ]

The answers to each of the three research questions are summarised in Table 4. Conclusions are based on the themes identified after the literature analysis and triangulation is done and so they relate closely to the research questions raised in Chapter 1.

[bookmark: _i87ufi8a5dyr][bookmark: _Toc234284826][bookmark: _Toc238448033]6.3 Recommendations
[bookmark: _2eelh9lyqrm8][bookmark: _Toc234284827][bookmark: _Toc238448034]6.3.1 Practical Recommendations
Based on the results obtained from this research, UK Aerospace Manufacturers should continue to invest in Industry 4.0 technologies to further develop predictive maintenance (PdM) systems to enhance operational performance (Singh et al. 2024). The incorporation of IoT sensors, Artificial Intelligence, Machine Learning, Cloud Computing, and Big Data Analytics in the already existing manufacturing process is crucial for organisations to be able to monitor equipment in real time and be alert to the events generated by the machines. These technologies can help to minimize downtime of equipment, enhance planning of maintenance, and maximise production efficiency.

Manufacturers also need to enhance the performance of their data management systems by ensuring that data related to the equipment remains accurate, complete, and stored securely (Bernabei et al. 2023). The accuracy of the data is especially important for any predictive maintenance system because an error in the data might result in the failure of the prediction model. Organisations will also need to continue expanding their cybersecurity measures further to provide added protection against possible cyber-attacks in interdependent manufacturing systems and for business-critical information. The training of employees should be a priority, too. It isn't just the technologies that are being adopted but the attitude of the employees towards them, and the skills required to use, understand, and manage the emerging digital approaches to maintenance if all of this is going to take off (Martín-Gómez et al. 2024). The staff can improve their skills by regularly conducting training programs for them, so that they can equip themselves with the technological aspects to operate 4.0. Furthermore, larger collaboration needs to be facilitated between the aerospace sector and its suppliers, as well as between the aerospace sector and technology providers to work towards a synergistic way of optimizing and digitalizing their processes to further optimize their processes and to make them more resilient. Digital technologies are not the only things that will pay off in becoming successful on a predictive maintenance project. Last but not least, the actors in the aerospace industry have to start embedding their organisational readiness into the introduction of new techniques in the existing workflows. This includes even defining explicit implementation strategies, improving communication between maintenance and production personnel, and establishing practices to leverage predictive maintenance information to make operational decisions. To undertake more advanced predictive maintenance solutions, an organisation should assess its current digital capabilities. It is important to assess whether old manufacturing equipment needs updating or new sensor technology needs to be added to the equipment for accurate real-time monitoring. Organisations should also take into account the capacity of their IT systems to operate with the large volume of operational information generated by the connected manufacturing system. One of the most crucial factors in the implementation process is also the participation of employees. Training to gain greater awareness of digital maintenance technologies and data interpretation should be targeted at training programmes for maintenance engineers, machine operators, and production managers (Cinar et al. 2022). There is potential to facilitate integration among different technical specialists and operational employees for enhanced trust in predictive maintenance systems and to ease the resistance to change within the organisation.

Last but not least, the effectiveness of the predictive maintenance programs should be evaluated periodically based on various operational metrics like equipment availability, maintenance expenses, production performance, and downtime. Future improvement opportunities can be identified via continuous performance evaluation, while the resulting knowledge and information can help an organisation to enhance the long-term value and benefits of Industry 4.0 investments.

[bookmark: _pnp15u18tuei][bookmark: _Toc234284828][bookmark: _Toc238448035]6.3.2 Theoretical Recommendations
A novelty can be said to be the combination of all four aspects of Industry 4.0: predictive maintenance, operational performance, resilience of the supply chain, cost optimisation, and sustainability in one. To extend the generalizability of the results from these relationships, further academic research should look at the relationships with a wider geographic area and other industrial contexts.

Comparing the implementation of predictive maintenance in other branches of the manufacturing industry by future studies would also provide ways to see what other problems might be encountered in different industries and what has been achieved as a best practice. Moreover, researchers ought to explore the links to organisational culture, the digital skills of employees, leadership support, and employee readiness for the successful use of predictive maintenance (Tjebane et al. 2022). Further studies in the above fields would bolster the existing insights on the topic of the implementation of Industry 4.0 and offer a more detailed overview for scientists and manufacturing companies. 

[bookmark: _m2m4gywr3b1e][bookmark: _Toc234284829][bookmark: _Toc238448036]6.4 Limitations of Research
This research offers valuable insights into the key role of Industry 4.0 PM in improving operational performance in the aerospace manufacturing supply chain in the UK, but a number of limitations merit attention. Firstly, this research is based on data that has been gathered from secondary qualitative sources such as published journal articles, industry reports, aerospace company publications, and conference papers. In keeping with this, the results are subject to the limitations and representativeness of previous studies (Haaker, 2024). The researcher was unable to instruct on the manner in which the data were originally collected or analysed; this could affect the uniformity of the evidence.

Yet another problem is that the research did not gather primary data through interviewing, surveying, or case research information from the aerospace manufacturers. As a result, the current experiences, opinions, and practical problems encountered in implementing predictive maintenance systems by the maintenance managers and/or industry members were not captured for the research. Primary data might have helped to give a deeper understanding of different practices and technological advances within the organisations recently.

The research also treats the aerospace sector manufacturing supply chains in the UK in isolation, and takes into account those in the UK operating internationally. Thus, the conclusions drawn are not necessarily generalizable to other manufacturing or companies in other economic, technological, or regulatory contexts. Furthermore, the development of Industry 4.0 technologies occurs very quickly, so at the end of this research, new digital solutions and predictive maintenance (PM) techniques can be created and can affect these future operational practices (Alves et al. 2023).

Despite these shortcomings, the research makes a valuable contribution to the issue methods because the research is based on recent and credible academic sources, including referring to more than one source, applying data triangulation, and comparing more than one source. These measures help build trustworthy research and demonstrate that more research is needed to broaden the knowledge about predictive maintenance in the aerospace manufacturing supply chain (Nugroho, 2023). Limits identified also offer avenues for the future enhancement of research in this field. As secondary qualitative evidence was used, the study's findings are conclusions about previous studies, not observations of aerospace organisations. Thus, there are likely other challenges encountered while operating and/or other implementation methods identified that have not been fully reported in the literature to be included in future studies.

Another implication has to do with the ever-evolving development of Industry 4.0 technologies. As mentioned earlier, AI, machine learning, digital twins (DT), and cloud-based maintenance or information systems are all growing rapidly. The benefits and issues that are discussed herein for operation and implementation in this study may also change as these technologies advance. Long-term use of continuous academic research will then be required to track the development of technologies and to assess their maturation, their effect on the overall performance of the aerospace industry, and the latest innovations (Antony et al. 2023). Moreover, the results of predictive maintenance can have different outcomes across organisations, depending on their various size, digital maturity, and financial resources. The differences stress the need for additional research in different organisational settings to increase the understanding of the adoption of predictive maintenance and its impact on operational performance.

[bookmark: _o934fwxjb239][bookmark: _Toc234284830][bookmark: _Toc238448037]6.5 Future Recommendations for Industry 5.0 and Human-Centred Manufacturing 
While Industry 4.0 has revolutionised the manufacturing world with the invention of automation and digitalisation, recently, Industry 5.0 is coming into place. Ghobakhloo et al. (2024) argue that Industry 5.0 (I5) is not just Another Point on Efficiency: In I5, awareness of human-centred production/duration, sustainability and organisational resilience features greater significance. Industry 5.0 is more than just a productivity milestone; it's about a mindset, Ghobakhloo et al. (2024) explain, with sustainability and organisational resilience in focus while providing solutions for the human aspect. Industry 5.0 is a combination of high tech with human skills; it's not about replacing human workers. One of the most essential characteristics of Industry 5.0 is that technology doesn't just make for an organization’s long-term success. AI and automation tools, techniques, and systems offer important insights and can streamline processes; having people as a part of the process, particularly in complex scenarios and when dealing with any operational challenges, still plays a very important role (Enrique et al. 2022). Still, context awareness, problem solving, and creativity can be difficult for intelligent systems to accomplish in certain situations.

Hence, by providing more interaction between operators and digital technologies, with collaborative systems that integrate technology with human intelligence, Industry 5.0 promotes the interaction between man and machine.

The concepts of sustainability and resilience are also hugely important in Industry 5.0. Well-organised and efficient organisations are expected to minimise environmental effects without disrupting the activity when a disruption occurs. Ghobakhloo et al. (2024) claim that future manufacturing systems need to achieve a balance of economic performance and environmental and social goals.
[bookmark: _Toc234793897][bookmark: _Toc236283976][bookmark: _Toc237530043]Table 5: Comparison between Industry 4.0 and Industry 5.0
(Source: The author)
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Industry 4.0 is compared to Industry 5.0 in Table 5, showcasing the key industry shifts in terms of technologies, decision-making, sustainability, resilience and the role of employees in the manufacturing of the future.


[bookmark: _Toc234793888][bookmark: _Toc238449667]Figure 4: Evolution from Industry 4.0 to Industry 5.0
(Source: The author)
Figure 4 presents the current Industry 4.0 and the future opportunities for human-centred and sustainable manufacturing with a transition to Industry 5.0. With the Industry 4.0 to Industry 5.0 movement, there's an increasing need for a more balanced approach to digital transformation. Useful operational tools will be at their fingertips, and the more they are used (with man and mind in mind), the more their operational performance will be enhanced by advanced technologies. But when considering the value chain used for the development of aircraft, sustainable and resilient operations are not only a question of technologies, but also dependent on human choice and interaction between humans and intelligent systems. In this regard, predictive maintenance and digital technologies will provide the potential for how Industry 5.0 can help within the broader aim of enhanced operations for longer durations. Future research should go beyond the technology component of Industry 4.0 and evolve it towards incorporating aspects of Industry 5.0 and how this helps towards better long-term improvements in aerospace manufacturing. Industry 4.0 focuses on automation, connectivity, and intelligent decision-making, whereas Industry 5.0 recommends a balance between advanced technologies and the capabilities of humans. Future research directions are important as collaborative human–machine interaction possibilities are explored to improve maintenance decision-making in complex aerospace manufacturing environments. Another field of research that is gaining in significance is the embedding of cobots (Collaborative robots), which are becoming increasingly common in production. Cobots are developed to operate safely alongside people and are more suitable for tasks requiring technical and human skills in maintenance operations. Research could focus on the effect of cobots on the quality, productivity, and safety of workers' activities in the aerospace manufacturing sector. Another aspect of Industry 5.0 needs to be taken into account when considering the sustainability of the industry. The researchers could examine and gain insights into intelligent automation, human-oriented production, and predictive maintenance, and consequently develop intelligent production solutions that will reduce energy consumption, minimise material loss, and prolong the life of the production resources without affecting production performance (Werbińska-Wojciechowska and Winiarska, 2023). This work aims to provide a deeper understanding of the sustainable production of an aircraft, encompassing not only efficiency but also broader aspects. Lastly, but not least, a comparison of international research between countries would have contributed to understanding the impact that economic conditions, digital capability, organisational culture, and government policies have on the transition from Industry 4.0 to Industry 5.0 in the aerospace manufacturing and business landscape. Future research on these aspects can provide organisations with valuable guidance to support more resilient, sustainable and human-centric aerospace manufacturing supply chains.
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