
S I L E S I A N  U N I V E R S I T Y  O F  T E C H N O L O G Y  P U B L I S H I N G  H O U S E  

 

SCIENTIFIC PAPERS OF SILESIAN UNIVERSITY OF TECHNOLOGY 2023 

ORGANIZATION AND MANAGEMENT SERIES NO. 187 

http://dx.doi.org/10.29119/1641-3466.2023.187.37  http://managementpapers.polsl.pl/ 

PREDICTIVE MAINTENANCE – THE BUSINESS ANALYTICS USAGE 1 

IN INDUSTRY 4.0 CONDITIONS 2 

Radosław WOLNIAK1*, Wies GREBSKI2 3 

1 Silesian University of Technology, Organization and Management Department, Economics and Informatics 4 
Institute; rwolniak@polsl.pl, ORCID: 0000-0003-0317-9811 5 

2 Penn State Hazletonne, Pennsylvania State University; wxg3@psu.edu, ORCID: 0000-0002-4684-7608 6 
* Correspondence author 7 

Purpose: The purpose of this publication is to present the applications of usage of business 8 

analytics in predictive maintenance. 9 

Design/methodology/approach: Critical literature analysis. Analysis of international literature 10 

from main databases and polish literature and legal acts connecting with researched topic.  11 

Findings: The integration of business analytics into predictive maintenance within the context 12 

of Industry 4.0 signifies a revolutionary change in how organizations manage their industrial 13 

assets. The Industry 4.0 landscape, characterized by advanced technologies and interconnected 14 

systems, has elevated predictive maintenance as a cornerstone of operational strategies.  15 

This shift from reactive to proactive maintenance, powered by real-time data analytics, machine 16 

learning, and IoT integration, not only ensures equipment longevity but also offers a multitude 17 

of advantages. The applications of business analytics in predictive maintenance, detailed in 18 

Table 1, illustrate the comprehensive approach organizations take in collecting, integrating, and 19 

analyzing data to anticipate and prevent equipment failures. The significance of this strategic 20 

imperative is further underscored by the diverse range of business analytics software 21 

highlighted in Table 2, tailored to specific industry needs and emphasizing adaptability and 22 

scalability in Industry 4.0 conditions. The benefits outlined in Table 3 highlight the substantial 23 

positive impact of business analytics on predictive maintenance, including increased 24 

operational efficiency, cost savings, extended equipment lifespan, and improved safety.  25 

The alignment of predictive maintenance with IoT and Industry 4.0 principles ensures a smooth 26 

integration into the broader manufacturing ecosystem. However, challenges discussed  27 

in Table 4 reveal the complexities organizations face in maintaining the quality, scalability, and 28 

responsiveness of predictive maintenance systems. Addressing these challenges requires 29 

continuous investment in infrastructure, skilled resources, and resolving issues related to data 30 

quality and latency. 31 

Keywords: business analytics, Industry 4.0, digitalization, artificial intelligence, real-time 32 

monitoring; predictive maintenance. 33 

Category of the paper: literature review. 34 

  35 



710 R. Wolniak, W. Grebski 

1. Introduction 1 

In the dynamic landscape of Industry 4.0, where advanced technologies converge to 2 

revolutionize traditional manufacturing processes, predictive maintenance stands out as  3 

a cornerstone of operational efficiency. Businesses are increasingly adopting predictive 4 

maintenance strategies empowered by cutting-edge business analytics to optimize asset 5 

management, reduce downtime, and enhance overall productivity. This paradigm shift from 6 

reactive to proactive maintenance not only ensures the longevity of equipment but also 7 

contributes significantly to cost savings and operational excellence. 8 

The adoption of predictive maintenance, fueled by business analytics, is a strategic 9 

imperative for organizations seeking to stay competitive and agile. The ability to harness real-10 

time data, advanced analytics, and machine learning empowers businesses to predict and 11 

prevent equipment failures, ultimately leading to increased operational efficiency, cost savings, 12 

and improved overall performance. As technology continues to evolve, the synergy between 13 

predictive maintenance and Industry 4.0 will play a pivotal role in shaping the future of 14 

industrial operations impact (Wolniak, 2016; Czerwińska-Lubszczyk et al., 2022; Drozd, 15 

Wolniak, 2021; Gajdzik, Wolniak, 2021, 2022; Gębczyńska, Wolniak, 2018, 2023; Grabowska 16 

et al., 2019, 2020, 2021; Wolniak et al., 2023; Wolniak, Grebski, 2023; Wolniak, Skotnicka-17 

Zasadzień, 2023; Jonek-Kowalska, Wolniak, 2023). 18 

The purpose of this publication is to present the applications of usage of business analytics 19 

in predictive maintenance. 20 

2. The selected aspects of business analytics usage predictive maintenance 21 

Predictive maintenance relies on a robust foundation of data. In Industry 4.0, sensors and 22 

IoT devices play a crucial role in collecting real-time data from machinery and equipment.  23 

This data is then integrated with other relevant information, such as historical performance data, 24 

maintenance logs, and external factors like weather conditions. Business analytics tools, 25 

powered by machine learning algorithms, analyze the integrated data to identify patterns and 26 

anomalies. These analytics models learn from historical data and continuously improve their 27 

predictive capabilities. As more data is fed into the system, the accuracy of predictions 28 

increases, allowing organizations to make informed decisions about maintenance activities 29 

(Zeng et al., 2022; Pech, Vrchota, 2022). 30 

Real-time monitoring of equipment conditions is a pivotal aspect of predictive maintenance. 31 

Continuous tracking of parameters like temperature, vibration, and fluid levels provides insights 32 

into the health of machinery. Deviations from normal operating conditions trigger alerts, 33 
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enabling timely intervention and preventive actions. Predictive maintenance employs 1 

sophisticated algorithms to forecast potential failures. These models take into account  2 

a multitude of variables, including equipment usage patterns, environmental factors,  3 

and historical failure data. As a result, organizations can create accurate predictions of when 4 

maintenance is needed, minimizing downtime and optimizing resources (Jonek-Kowalska, 5 

Wolniak, 2021, 2022; Jonek-Kowalska et al., 2022; Kordel, Wolniak, 2021, Orzeł, Wolniak, 6 

2021, 2022, 2023; Rosak-Szyrocka et al., 2023; Gajdzik et al., 2023; Ponomarenko et al., 2016; 7 

Stawiarska et al., 2020, 2021; Stecuła, Wolniak, 2022; Olkiewicz et al., 2021). 8 

Table 1 contains descriptions of how business analytics is used in the case of predictive 9 

maintenance.  10 

Table 1.  11 
The usage of business analytics in predictive maintenance 12 

Application  Description 

Data Acquisition 

and Integration 

Predictive maintenance begins with the systematic collection of real-time data from 

sensors and IoT devices installed on machinery. This data encompasses a wide range of 

parameters, including but not limited to temperature, pressure, vibration, and operational 

metrics. The integration of this real-time data with historical performance data, 

maintenance logs, and external factors like weather conditions creates a comprehensive 

dataset for analysis and prediction. This process enables a holistic understanding of 

equipment health and facilitates more accurate predictions of potential failures. 

Advanced 

Analytics and 

Machine 

Learning 

Business analytics tools, powered by machine learning algorithms, are employed to 

dissect the integrated dataset. These tools analyze patterns, anomalies, and trends within 

the data, allowing for the creation of predictive models. These models continuously learn 

from historical data, adapting and improving their predictive capabilities over time.  

The use of advanced analytics in predictive maintenance empowers organizations to 

make informed decisions based on data-driven insights, enhancing the overall efficacy of 

maintenance strategies. 

Condition 

Monitoring 

Condition monitoring is a continuous and real-time process that involves tracking 

various parameters related to equipment health. This includes monitoring temperature 

variations, vibration levels, fluid conditions, and other relevant indicators. Deviations 

from established norms trigger alerts, providing an early indication of potential issues. 

Through robust condition monitoring, organizations gain actionable insights into the 

health of their assets, enabling timely intervention to prevent failures and optimize 

maintenance activities. 

Predictive 

Algorithms and 

Models 

The heart of predictive maintenance lies in sophisticated algorithms that leverage the 

integrated dataset and analytics insights. These predictive models take into account  

a multitude of variables, including usage patterns, environmental factors, and historical 

failure data. The models forecast when equipment is likely to fail, offering a proactive 

approach to maintenance. As these algorithms continually learn from new data, the 

accuracy of predictions increases, allowing organizations to optimize resources and 

minimize downtime. 

Reduced 

Downtime 

One of the primary benefits of predictive maintenance is the ability to anticipate and 

address potential equipment failures before they lead to unplanned downtime.  

By scheduling maintenance activities during planned downtimes, organizations minimize 

disruptions to operations and production schedules. This strategic approach to 

maintenance improves overall operational efficiency and ensures a more stable 

production environment. 

Cost Savings 

Predictive maintenance significantly reduces costs associated with reactive maintenance. 

Unplanned downtime, emergency repairs, overtime payments, and rush orders for 

replacement parts are minimized. The proactive identification and resolution of issues 

contribute to substantial cost savings over time, making predictive maintenance  

a financially prudent strategy. 
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Cont. table 1. 1 

Optimized Asset 

Performance 

Predictive maintenance goes beyond avoiding downtime; it actively contributes to 

optimizing the performance of assets. By addressing potential issues before they escalate, 

organizations ensure that equipment operates at peak efficiency. This not only extends 

the lifespan of assets but also maximizes their overall performance, leading to a higher 

return on investment. 

Enhanced Safety 

Proactive maintenance strategies contribute to a safer working environment.  

By identifying and addressing potential equipment issues before they result in accidents 

or malfunctions, organizations prioritize employee safety. Predictive maintenance, 

therefore, plays a crucial role in mitigating risks and fostering a secure workplace. 

Continuous 

Improvement 

Predictive maintenance is an iterative process that thrives on continuous improvement. 

Feedback loops, data analysis, and insights from ongoing operations contribute to the 

refinement of predictive models. This iterative approach enhances the accuracy and 

effectiveness of predictive maintenance strategies, ensuring they remain aligned with 

evolving operational needs. 

Integration with 

Industry 4.0 

Predictive maintenance aligns seamlessly with the principles of Industry 4.0.  

By leveraging interconnected systems, data sharing, and smart technologies, predictive 

maintenance becomes an integral part of the broader manufacturing ecosystem.  

This integration enhances the synergy between predictive maintenance and other 

Industry 4.0 technologies, fostering a more interconnected and efficient industrial 

landscape. 

Source: (Adel, 2022; Akundi et al., 2022; Olsen, 2023; Aslam et al., 2020; Bakir, Dahlan, 2022; Cillo 2 
et al., 2022; Ghibakholl et al., 2022, Javaid, Haleem, 2020, Javaid et al., 2020; Cam et al., 2021; Charles 3 
et al., 2023; Greasley, 2019; Hurwitz at al., 2015; Nourani, 2021; Peter et al., 2023). 4 

3. Software used in predictive maintenance in Industry 4.0 conditions 5 

Predictive maintenance, powered by business analytics software, has emerged as  6 

a transformative approach to equipment management and operational efficiency across various 7 

industries. The integration of advanced analytics into maintenance strategies brings about  8 

a paradigm shift from traditional, reactive methods to proactive, data-driven decision-making. 9 

This evolution is particularly evident in the utilization of cutting-edge business analytics 10 

software, which plays a pivotal role in optimizing asset performance, reducing downtime,  11 

and ultimately enhancing the overall productivity of industrial processes (Bakir, Dahlan, 2022). 12 

At the core of the usage of business analytics software in predictive maintenance is the ability 13 

to harness and analyze vast amounts of data. These software solutions facilitate the seamless 14 

integration of real-time data from sensors and IoT devices with historical performance metrics. 15 

By leveraging sophisticated algorithms, businesses can derive actionable insights from this 16 

integrated dataset, enabling them to make informed decisions about maintenance activities 17 

(Greasley, 2019). Business analytics software excels in predictive modeling and analysis, 18 

allowing organizations to forecast potential equipment failures with a high degree of accuracy 19 

(Scappini, 2016). Through machine learning algorithms, these tools can identify patterns, 20 

anomalies, and trends in the data, enabling the creation of predictive models. This predictive 21 

capability empowers maintenance teams to address issues before they escalate, minimizing 22 

downtime and maximizing the operational lifespan of assets (Ghibakholl et al., 2022). 23 



Predictive maintenance – the business analytics usage… 713 

The strategic deployment of business analytics in predictive maintenance extends beyond 1 

merely predicting failures; it includes optimizing the allocation of resources. By identifying 2 

when maintenance is truly necessary, organizations can schedule activities during planned 3 

downtimes, minimizing disruptions to operations and improving resource efficiency (Akundi 4 

et al, 2022). This proactive approach contributes to cost savings and ensures that maintenance 5 

efforts are focused where they are most needed. The strategic deployment of business analytics 6 

in predictive maintenance extends beyond merely predicting failures; it includes optimizing the 7 

allocation of resources. By identifying when maintenance is truly necessary, organizations can 8 

schedule activities during planned downtimes, minimizing disruptions to operations and 9 

improving resource efficiency. This proactive approach contributes to cost savings and ensures 10 

that maintenance efforts are focused where they are most needed (Cillo et al., 2022). 11 

Table 2 highlighting examples of software and applications used in predictive maintenance, 12 

along with descriptions of their usage. These examples showcase the diversity of business 13 

analytics software available for predictive maintenance, catering to different industries and 14 

operational needs. 15 

Table 2.  16 
The usage of business analytics software in environmental sustainability 17 

Software/Application Description Key Features 

IBM Maximo 

IBM Maximo is an enterprise 

asset management (EAM) 

software that incorporates 

business analytics for 

predictive maintenance.  

It facilitates the integration of 

real-time data from sensors 

and IoT devices to optimize 

asset performance and reduce 

downtime. 

 Condition-Based Monitoring: Real-time 

monitoring of asset conditions through 

integrated IoT data. 

 Advanced Analytics: Utilizes machine learning 

for predictive modeling and trend analysis. 

 Work Order Management: Streamlines the 

execution of maintenance tasks based on 

predictive insights. 

SAP Predictive 

Maintenance and 

Service 

SAP's solution integrates 

business analytics with 

predictive maintenance 

capabilities. It leverages 

machine learning algorithms 

and IoT data to forecast 

equipment failures and 

optimize maintenance 

processes. 

 Predictive Analytics: Uses historical data and 

machine learning to predict equipment failures. 

 IoT Integration: Collects and analyzes data from 

connected devices for real-time insights. 

 Resource Optimization: Enables efficient 

allocation of resources based on predictive 

insights. 

Microsoft Azure IoT 

Hub 

Microsoft Azure IoT Hub is  

a cloud-based platform that 

provides business analytics 

tools for predictive 

maintenance. It focuses on 

data analytics, machine 

learning, and IoT integration 

to enhance equipment 

reliability. 

 Data Ingestion and Storage: Gathers and stores 

data from various sources for analysis. 

 Machine Learning Workbench: Enables the 

development and deployment of predictive 

models. 

 Real-Time Alerts: Notifies users of potential 

equipment failures for proactive intervention. 

 18 

  19 
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Cont. table 2. 1 

Oracle IoT Asset 

Monitoring Cloud 

Oracle's solution is designed 

for monitoring and 

maintaining assets using 

business analytics.  

It combines IoT data with 

analytics to predict 

maintenance needs and 

optimize asset performance. 

 Asset Health Monitoring: Continuous 

monitoring of asset conditions through IoT 

sensors. 

 Predictive Analytics: Utilizes historical and 

real-time data for predictive modeling. 

 Integration with Oracle EAM: Seamless 

integration with Oracle's Enterprise Asset 

Management system for end-to-end asset 

management. 

Siemens MindSphere 

Siemens MindSphere is an 

industrial IoT platform that 

integrates business analytics 

for predictive maintenance.  

It focuses on leveraging IoT 

data and analytics to enhance 

equipment performance and 

reliability. 

 Asset Performance Management: Monitors 

asset performance and health through real-time 

data. 

 Advanced Analytics: Utilizes machine learning 

algorithms for predictive maintenance. 

 Collaborative Maintenance: Facilitates 

collaboration among teams for effective 

maintenance decision-making. 

Predix (by GE 

Digital) 

Predix is a comprehensive 

industrial IoT platform that 

includes analytics for 

predictive maintenance.  

It integrates with a variety of 

industrial equipment to 

provide real-time insights and 

predictive modeling. 

 Asset Performance Management:  

Monitors equipment health and performance. 

 Data Analytics: Utilizes machine learning for 

predictive analysis. 

 Integration with Field Service: Seamless 

connection with field service applications for 

streamlined maintenance workflows. 

PTC ThingWorx 

PTC ThingWorx is an IoT 

platform that incorporates 

business analytics for 

predictive maintenance.  

It focuses on connecting and 

analyzing data from various 

IoT devices to optimize asset 

management. 

 Remote Monitoring: Real-time monitoring of 

equipment conditions remotely. 

 Predictive Analytics: Leverages machine 

learning for predicting equipment failures. 

 Scalable Platform: Supports scalability as the 

IoT ecosystem grows. 

Infor EAM 

(Enterprise Asset 

Management) 

Infor EAM is an enterprise 

asset management solution 

that includes predictive 

maintenance capabilities.  

It integrates with IoT devices 

and business analytics for 

data-driven decision-making. 

 IoT Integration: Gathers data from sensors and 

IoT devices for analysis. 

 Predictive Maintenance Modeling:  

Uses analytics to predict equipment failures. 

 Mobile Accessibility: Allows for on-the-go 

monitoring and maintenance tasks through 

mobile devices. 

Dynamics 365 Field 

Service 

Microsoft Dynamics 365 

Field Service includes 

predictive maintenance 

features for organizations 

seeking to optimize field 

service operations.  

It combines IoT data with 

business analytics to enhance 

asset reliability. 

 Connected Field Service: Integrates with IoT 

devices for real-time data collection. 

 Predictive Maintenance Insights: Utilizes 

historical and real-time data for predictions. 

 Work Order Optimization: Streamlines work 

order management based on predictive insights. 

Source: (Adel, 2022; Akundi et al., 2022; Olsen, 2023; Aslam, et al., 2020; Bakir, Dahlan, 2022; Cillo 2 
et al., 2022; Ghibakholl et al., 2022, Javaid, Haleem, 2020, Javaid et al., 2020; Cam et al., 2021; Charles 3 
et al., 2023; Greasley, 2019; Hurwitz at al., 2015; Nourani, 2021; Peter et al., 2023). 4 
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4. Advantages and problems of business analytics usage in predictive 1 

maintenance 2 

Business analytics in predictive maintenance significantly enhances operational efficiency 3 

by leveraging real-time data analytics and machine learning algorithms. This approach allows 4 

organizations to optimize maintenance schedules, minimizing downtime and ensuring that 5 

equipment is serviced precisely when needed. The result is a streamlined industrial ecosystem 6 

that operates with heightened efficiency, aligning seamlessly with the demands of Industry 4.0 7 

for agile and responsive processes (Wolniak, Skotnicka-Zasadzień, 2008, 2010, 2014, 2018, 8 

2019, 2022; Gajdzik, Wolniak, 2023; Wolniak, 2013, 2016; Hys, Wolniak, 2018). One of the 9 

primary advantages of employing business analytics in predictive maintenance is the substantial 10 

cost savings it brings. By accurately predicting maintenance needs, organizations can prevent 11 

unplanned downtime, emergency repairs, and associated costs. The ability to optimize resource 12 

allocation and prevent unnecessary expenditures on overhauls or replacements further 13 

contributes to a significant reduction in operational expenses, aligning with the cost-effective 14 

principles of Industry 4.0 (Adel., 2022). 15 

Predictive maintenance guided by business analytics not only averts unexpected breakdowns 16 

but actively contributes to extending the lifespan of industrial equipment. By addressing 17 

potential issues before they escalate, organizations can implement preventive measures to 18 

mitigate wear and tear. This not only optimizes asset performance but also ensures that 19 

machinery operates within optimal parameters, aligning with Industry 4.0's emphasis on 20 

maximizing the return on investment (Wolniak, Grebski, 2018; Wolniak et al., 2019, 2020; 21 

Wolniak, Habek, 2015, 2016; Wolniak, Skotnicka, 2011; Wolniak, Jonek-Kowalska, 2021; 22 

2022). Enhancing workplace safety is a paramount advantage of integrating business analytics 23 

into predictive maintenance. The proactive identification and resolution of potential equipment 24 

failures contribute to a safer working environment. By minimizing risks associated with 25 

equipment malfunctions, organizations foster a culture of safety that aligns with the principles 26 

of Industry 4.0, emphasizing the well-being of personnel and the integrity of industrial 27 

processes (Du et al., 2023; Fjellström, Osarenkhoe, 2023; Castro et al., 2014; Wang et al., 28 

2023). 29 

Table 3 contains the advantages of using business analytics in predictive maintenance within 30 

Industry 4.0 conditions, along with descriptions for each advantage.  31 

  32 
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Table 3.  1 
The advantages of using business analytics in predictive maintenance 2 

Advantage  Description 

Increased 

Operational 

Efficiency 

Business analytics plays a crucial role in enhancing operational efficiency in the context of 

predictive maintenance within Industry 4.0. By leveraging real-time data analytics and 

machine learning algorithms, organizations can optimize maintenance schedules.  

This proactive approach minimizes downtime, ensuring that equipment is serviced 

precisely when needed, thus maximizing production efficiency and reducing operational 

disruptions. The result is a streamlined and efficient industrial ecosystem that meets the 

demands of Industry 4.0. 

Cost Savings 

The integration of business analytics in predictive maintenance translates into substantial 

cost savings for organizations. Predictive maintenance, driven by data insights, helps 

prevent unplanned downtime and emergency repairs, reducing associated costs. 

Furthermore, by accurately predicting maintenance needs, organizations can optimize 

resource allocation, preventing unnecessary expenditures on overhauls or replacements. 

The financial benefits extend to improved efficiency in labor utilization and reduced 

overtime expenses due to better-planned maintenance activities. 

Extended 

Equipment 

Lifespan 

Predictive maintenance guided by business analytics not only prevents unexpected 

breakdowns but also contributes to extending the lifespan of industrial equipment.  

By addressing potential issues before they escalate, organizations can implement 

preventive measures to mitigate wear and tear. This approach optimizes asset performance 

and ensures that machinery operates within optimal parameters, ultimately maximizing the 

return on investment and deferring the need for premature replacements. 

Improved 

Safety 

Business analytics in predictive maintenance enhances workplace safety by enabling 

organizations to proactively address potential equipment failures. By identifying and 

rectifying issues before they lead to accidents, businesses create a safer working 

environment for their personnel. Predictive maintenance fosters a culture of safety by 

minimizing risks associated with equipment malfunctions, thus aligning with Industry 4.0's 

emphasis on creating technologically advanced and safe industrial workplaces. 

Enhanced 

Asset 

Performance 

Business analytics software facilitates the creation of predictive models that optimize asset 

performance. By continuously monitoring equipment conditions, analyzing historical data, 

and predicting potential failures, organizations can fine-tune their assets for peak 

efficiency. Enhanced asset performance not only contributes to improved productivity but 

also ensures that industrial processes operate seamlessly within the dynamic framework of 

Industry 4.0. 

Data-Driven 

Decision-

Making 

In Industry 4.0, the use of business analytics ensures that decisions related to predictive 

maintenance are grounded in data-driven insights. Organizations can leverage advanced 

analytics tools to analyze vast datasets, identify patterns, and make informed decisions 

about maintenance activities. This data-driven decision-making process enhances the 

precision and accuracy of maintenance strategies, aligning them with real-time operational 

needs and historical performance data. 

Proactive Issue 

Identification 

Predictive maintenance, empowered by business analytics, excels in proactively 

identifying potential issues before they can impact operations. Through continuous 

monitoring and the application of predictive algorithms, organizations receive early alerts 

regarding deviations from normal operating conditions. This early-warning system enables 

maintenance teams to intervene proactively, preventing costly breakdowns and ensuring 

the uninterrupted flow of operations within the Industry 4.0 framework. 

Integration 

with IoT and 

Industry 4.0 

The integration of business analytics in predictive maintenance seamlessly aligns with the 

principles of Industry 4.0 and the Internet of Things (IoT). This integration creates  

a connected ecosystem where data is not only collected but shared and analyzed in real-

time. The interconnectivity of systems enables a more responsive and agile industrial 

environment, fostering collaboration among various components and contributing to the 

overall efficiency and adaptability demanded by Industry 4.0. 

Scalability and 

Adaptability 

Business analytics solutions for predictive maintenance are designed to be scalable and 

adaptable to the evolving needs of Industry 4.0. These solutions can handle increasing data 

volumes and adapt to changes in operational landscapes. Whether scaling up to 

accommodate a growing industrial ecosystem or adapting to incorporate new technologies, 

the flexibility of business analytics software ensures that predictive maintenance strategies 

remain robust and aligned with the dynamic requirements of Industry 4.0. 
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Cont. table 3. 1 

Continuous 

Improvement 

The iterative nature of predictive maintenance, supported by business analytics, fosters  

a culture of continuous improvement. By incorporating feedback loops, analyzing 

operational data, and deriving insights from ongoing maintenance activities, organizations 

can refine and enhance their predictive models. This iterative approach ensures that 

predictive maintenance strategies remain agile, responsive, and continuously aligned with 

evolving operational requirements in the Industry 4.0 era. 

Source: (Adel, 2022; Akundi et al., 2022; Olsen, 2023; Aslam et al., 2020; Bakir, Dahlan, 2022; Cillo 2 
et al., 2022; Ghibakholl et al., 2022, Javaid, Haleem, 2020, Javaid et al., 2020; Cam et al., 2021; Charles 3 
et al., 2023; Greasley, 2019; Hurwitz et al., 2015; Nourani, 2021; Peter et al., 2023). 4 

Ensuring the quality and seamless integration of data from diverse sources, including IoT 5 

devices, sensors, and legacy systems, poses a significant challenge. Inaccuracies, 6 

inconsistencies, or incomplete data can compromise the reliability of predictive models, 7 

impacting the effectiveness of maintenance strategies. The exponential growth of data in 8 

Industry 4.0 can strain the scalability of business analytics systems. Adapting to increasing data 9 

volumes while maintaining real-time processing capabilities requires continuous investment in 10 

scalable infrastructure and technologies (Nourani, 2021). 11 

Developing and maintaining sophisticated predictive models demands specialized skills and 12 

resources. The dynamic nature of Industry 4.0 processes, coupled with the intricacies of 13 

manufacturing, introduces complexities in designing and continually refining predictive 14 

models. Industry 4.0 emphasizes real-time decision-making, placing demands on predictive 15 

maintenance systems to process and analyze data in near real-time. Overcoming latency 16 

challenges and ensuring timely responses to emerging maintenance needs is critical for 17 

maintaining operational efficiency (Charles et al., 2023). 18 

Table 4 contains the problems of using business analytics in predictive maintenance within 19 

Industry 4.0 conditions, along with descriptions for each problem.  20 

Table 4.  21 
The problems of using business analytics in predictive maintenance 22 

Problem Description 

Data Quality and 

Integration Issues 

The effectiveness of business analytics relies heavily on the quality and integration of 

data from diverse sources. In Industry 4.0, where numerous IoT devices contribute 

data, ensuring data accuracy, consistency, and seamless integration poses a significant 

challenge. Incomplete or inaccurate data can compromise the accuracy of predictive 

models, leading to erroneous maintenance predictions. 

Scalability 

Challenges 

The exponential growth of data in Industry 4.0 can strain the scalability of business 

analytics systems. As the volume of data increases, organizations may face challenges 

in scaling their analytics infrastructure to handle the higher data loads. Ensuring that 

analytics solutions remain responsive and efficient in the face of expanding datasets is 

a critical consideration. 

Complexity of 

Predictive Models 

Developing and maintaining complex predictive models requires specialized skills and 

resources. In Industry 4.0, the intricacies of manufacturing processes, coupled with the 

dynamic nature of equipment, demand sophisticated predictive models. Organizations 

may encounter challenges in acquiring and retaining the necessary expertise to design, 

implement, and continually refine these intricate models. 

 23 

  24 
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Cont. table 4. 1 

Real-Time 

Processing 

Demands 

Industry 4.0 emphasizes real-time decision-making, requiring predictive maintenance 

systems to process and analyze data in near real-time. Meeting these real-time 

processing demands can be challenging, especially when dealing with large datasets. 

Delays in data processing may hinder the ability to respond swiftly to emerging 

maintenance needs, impacting operational efficiency. 

Security and 

Privacy Concerns 

The interconnected nature of Industry 4.0 raises concerns about the security and 

privacy of sensitive data used in predictive maintenance. Protecting data from cyber 

threats and ensuring compliance with privacy regulations become critical 

considerations. Balancing the need for data accessibility with robust security measures 

poses a constant challenge for organizations adopting business analytics in predictive 

maintenance. 

Cost of 

Implementation 

and Integration 

While predictive maintenance offers long-term cost savings, the initial costs associated 

with implementing and integrating business analytics solutions can be substantial. 

Organizations may face challenges in justifying these upfront costs, especially if they 

lack a clear understanding of the potential long-term benefits and return on investment. 

Maintenance of 

IoT Devices and 

Sensors 

The reliance on IoT devices and sensors for data collection in Industry 4.0 introduces 

challenges related to device maintenance. Ensuring the proper functioning and 

calibration of these devices is crucial for the accuracy of data. Device failures or 

inaccuracies can lead to flawed data inputs, undermining the reliability of predictive 

maintenance models. 

Overcoming 

Resistance to 

Change 

Industry 4.0 initiatives often require a cultural shift towards embracing new 

technologies and data-driven decision-making. Resistance to change from employees 

and stakeholders can impede the successful implementation of business analytics in 

predictive maintenance. Educating and fostering a culture that values the benefits of 

data analytics may require significant effort. 

Lack of 

Standardization 

The lack of standardized protocols and formats for data in Industry 4.0 can create 

interoperability challenges. Integrating data from different sources with varying 

formats and standards may lead to inconsistencies and hinder the seamless flow of 

information required for effective predictive maintenance. 

Continuous 

Training and Skill 

Development 

The rapid evolution of technology in Industry 4.0 demands continuous training and 

skill development for personnel involved in managing and utilizing business analytics 

for predictive maintenance. Keeping up with the latest advancements and ensuring that 

the workforce possesses the necessary skills can be an ongoing challenge for 

organizations committed to leveraging Industry 4.0 technologies. 

Complexity of 

Edge Computing 

The adoption of edge computing in Industry 4.0, where data processing occurs closer to 

the data source, introduces complexity. Implementing analytics at the edge requires 

addressing issues such as resource constraints, network latency, and managing 

distributed computing environments. Balancing the benefits of edge analytics with its 

inherent complexities poses a challenge for organizations. 

Lack of Unified 

Standards for 

Analytics 

Platforms 

The absence of universally accepted standards for analytics platforms complicates 

integration efforts. Organizations often use a mix of proprietary and open-source 

analytics tools, leading to interoperability challenges. The lack of a standardized 

framework can hinder seamless communication and data exchange between different 

analytics solutions. 

Unstructured Data 

Handling 

Industry 4.0 generates a vast amount of unstructured data, including images, videos, 

and text. Effectively handling and extracting meaningful insights from unstructured 

data poses a significant challenge for business analytics. Developing algorithms 

capable of processing and interpreting diverse data types is essential for comprehensive 

predictive maintenance in Industry 4.0. 

Limited Predictive 

Analytics 

Adoption 

Awareness 

Despite the potential benefits, there is still a lack of awareness and understanding 

regarding the capabilities and advantages of predictive analytics in some industrial 

sectors. Convincing stakeholders of the value proposition and overcoming skepticism 

may pose challenges, especially in industries with traditional maintenance practices. 

Evolving 

Regulatory 

Landscape 

The regulatory landscape in the context of data privacy and security is continually 

evolving. Navigating these regulatory changes, ensuring compliance, and adapting 

predictive maintenance strategies accordingly can be a challenge for organizations 

operating in Industry 4.0 environments. 
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Cont. table 4. 1 

Dependency on 

Connectivity 

Infrastructure 

Industry 4.0 relies heavily on interconnected systems and high-speed networks.  

Any disruption in connectivity, whether due to technical issues or cyber threats,  

can impede the seamless flow of data required for effective predictive maintenance. 

Organizations need robust contingency plans to address connectivity challenges and 

prevent disruptions. 

Handling Big Data 

Challenges 

The sheer volume, velocity, and variety of data generated in Industry 4.0 environments 

contribute to big data challenges. Efficiently managing and processing large datasets 

require advanced infrastructure and analytics capabilities. Organizations may face 

difficulties in harnessing the full potential of big data for predictive maintenance 

without the appropriate resources. 

Ethical 

Considerations in 

Data Usage 

As organizations collect and analyze vast amounts of data for predictive maintenance, 

ethical considerations become paramount. Ensuring responsible and ethical use of data, 

protecting privacy, and being transparent about data practices can be challenging in the 

rapidly evolving landscape of Industry 4.0. 

Legacy System 

Integration 

Many industrial facilities still operate with legacy systems that may not seamlessly 

integrate with modern business analytics solutions. Bridging the gap between legacy 

infrastructure and advanced analytics platforms requires careful planning and 

investment in integration solutions, posing a challenge for organizations with older 

technology stacks. 

Dynamic Nature 

of Industry 4.0 

Technologies 

The rapid pace of technological advancements in Industry 4.0 introduces a challenge of 

staying abreast of the latest innovations. Adapting predictive maintenance strategies to 

leverage emerging technologies, such as artificial intelligence and augmented reality, 

requires continuous monitoring and strategic decision-making to remain at the 

forefront of Industry 4.0 capabilities. 

Source: (Adel, 2022; Akundi et al., 2022; Olsen, 2023; Aslam et al., 2020; Bakir, Dahlan, 2022; Cillo 2 
et al., 2022; Ghibakholl et al., 2022, Javaid, Haleem, 2020, Javaid et al., 2020; Cam et al., 2021; Charles 3 
et al., 2023; Greasley, 2019; Hurwitz et al., 2015; Nourani, 2021; Peter et al., 2023). 4 

5. Conclusion 5 

The integration of business analytics in predictive maintenance within the context of 6 

Industry 4.0 marks a transformative shift in the way organizations manage their industrial 7 

assets. The dynamic landscape of Industry 4.0, characterized by advanced technologies and 8 

interconnected systems, has propelled predictive maintenance to the forefront of operational 9 

strategies. This paradigm shift from reactive to proactive maintenance, fueled by real-time data 10 

analytics, machine learning algorithms, and IoT integration, not only ensures the longevity of 11 

equipment but also brings forth a myriad of advantages. 12 

The applications of business analytics in predictive maintenance, as outlined in Table 1, 13 

showcase the comprehensive approach organizations adopt in collecting, integrating, and 14 

analyzing data to predict and prevent equipment failures. This strategic imperative is further 15 

emphasized by the diverse array of business analytics software highlighted in Table 2,  16 

each tailored to specific industry needs, emphasizing the adaptability and scalability required 17 

in Industry 4.0 conditions. 18 

  19 
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The advantages presented in Table 3 underscore the significant positive impact of business 1 

analytics on predictive maintenance. From increased operational efficiency and cost savings to 2 

extended equipment lifespan and improved safety, organizations stand to gain substantial 3 

benefits by adopting these data-driven strategies. Furthermore, the alignment of predictive 4 

maintenance with IoT and Industry 4.0 principles ensures a seamless integration into the 5 

broader manufacturing ecosystem. However, challenges, as discussed in Table 4, highlight the 6 

complexities organizations face in ensuring the quality, scalability, and responsiveness of 7 

predictive maintenance systems. Overcoming these challenges necessitates continuous 8 

investment in infrastructure, skilled resources, and addressing issues related to data quality and 9 

latency.  10 

It can be stated that, the adoption of business analytics in predictive maintenance is not just 11 

a technological evolution but a strategic imperative for organizations aiming to stay competitive 12 

and agile in the rapidly evolving landscape of Industry 4.0. As technology continues to advance, 13 

the synergy between predictive maintenance and Industry 4.0 will undoubtedly shape the future 14 

of industrial operations, fostering a more interconnected, efficient, and adaptive industrial 15 

ecosystem. 16 
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