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ABSTRACT 

The present review addresses how it can be possible to make 

Artificial Intelligence (AI) and Machine Learning (ML) an integral 

element of Lean Six Sigma (LSS) and evaluate the influence that the 

combination of the two can have on the contemporary process 

improvement. Traditional LSS can be improved by AI and ML to 

achieve predictive analytics, real-time monitoring, automated 

decision-making, and more in-depth root cause analysis. The sector 

has found application in manufacturing, healthcare, logistics, and 

service sectors; there is a considerable increase in efficiency, quality, 

and cost reduction. Other challenges raised in the review include 

data quality, technological complexity and organizational 

resistance. The trends of the future point to the significance of 

digitalization, smart automation, and sophisticated analytics, 

making AI-based LSS one of the drivers of operational excellence. 
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INTRODUCTION 

Lean Six Sigma (LSS) has become a common approach among businesses worldwide with an aim of 

enhancing their business operations, minimizing errors and boosting their general performance. LSS 

is based on the ideals of Lean, based on the necessity to eliminate waste and create value, and Six 

Sigma, based on the need to minimize variation in processes and improve their quality [1]. LSS has 

been effectively implemented in various industries in the last several decades, including 

manufacturing and healthcare, finance and IT services, and it has assisted organizations in attaining 

operational excellence, cost-reduction and increased customer satisfaction [2]. Nevertheless, the 

conventional approaches to LSS use in the past have been quite dependent on historical data, manual 

system analysis, and the use of pre-programmed statistical systems, which may restrict their flexibility 

in the modern business world, which is quite dynamic and complex [3]. 

The current accelerated development of Artificial Intelligence (AI) and Machine Learning (ML) 

provides unparalleled possibilities to increase and change the Lean Six Sigma practices. AI, or the 

emulation of human intelligence in computers, can solve problems, predict outcomes, and recognize 

patterns, whereas ML, a branch of AI, allows systems to learn by analyzing data, detect patterns and 

forecast the outcomes without having to be programmed to do so [4]. Combining AI and ML with 

LSS would be able to considerably enhance the conventional process improvement methodologies to 

allow predictive analytics, real-time monitoring, and intelligent decision support. Such integration is 

capable of enabling the organizations to predict faults, dynamically optimize processes, and make 

more effective decisions based on data [5]. 

This review aims to offer an extensive analysis of the ways in which AI and ML are transforming 

Lean Six Sigma practices, referring to the latest trends, the approaches, and real-life examples. The 

review will address the gap in knowledge between the traditional LSS practitioners and the new AI 

technologies to demonstrate how these smart-tools can be used to improve the performance of the 

process, lower the costs of functioning of the business, and become innovative [6]. Moreover, it 

examines issues regarding the quality of data, the barriers to its implementation, and the 

organizational preparedness, offering the balanced picture on the introduction of AI and ML into the 

process improvement frameworks. Through the systematic review of existing literature and case 

studies, this review aims to illustrate the contemporary research, practice and perspective, and provide 
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the useful insights to the scholars, practitioners and industry leaders to utilize intelligent technologies 

as means to operational excellence [7]. This review places AI and ML not only as the tools that are 

supportive, but as the forces that can change the concept of Lean Six Sigma and be the backbone of 

the next generation of process improvement Lean Six Sigma 5.0. 

LEAN SIX SIGMA: PRINCIPLES AND METHODOLOGIES 

Lean Six Sigma (LSS) is the merger of two mighty process enhancement ideologies namely Lean and 

Six Sigma. Lean concepts are aimed at ensuring maximum customer value by ruthlessly removing 

waste which is any customer activity that does not contribute value to the customer using methods of 

value stream mapping, 5S and continuous flow optimization [8]. Six Sigma, however, primarily 

focuses on lowering variation and defects in the processes through the application of statistical 

instruments and a systematic approach to solving problems. Lean Six Sigma is a comprehensive 

approach that when integrated together enhances the speed, efficiency, and quality of processes 

simultaneously and has become something that cannot be ignored in the current management of an 

organization [9]. 

 

 

 

 

 

 

 

 

 

 

Figure: 1 showing principles of lean six sigma 
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The key aspects of LSS are the DMAIC (Define, Measure, Analyze, Improve, and Control) and 

DMADV (Define, Measure, Analyze, Design, Verify) models. The use of DMAIC is widespread to 

enhance the current processes; every step is aimed at a systematic approach: problem and project 

scope definition, current performance measurement, root cause defects analysis, improvements 

implementation, and the control mechanisms [10]. DMADV, however, is normally used in designing 

new processes or products, and quality and efficiency is incorporated at the very beginning and not 

added later. Both models are based on data-driven decision-making and statistical analysis to a large 

extent, which is why they are extremely compatible with the integration of AI and machine learning 

[11]. 

Conventional Lean Six Sigma instruments, e.g., process mapping, cause-and-effect diagram, Pareto 

analysis, and control chart have demonstrated to be effective in many applications. Nonetheless, such 

techniques are frequently labor-intensive and constrained by the presence and the fineness of 

historical information [12]. In addition, biases or slow decision-making may be created by the human 

interpretation of data. Such restrictions stem from the possibility of introducing AI and machine 

learning, which can handle huge amounts of structured and unstructured data, detect latent patterns, 

and offer predictive information that cannot be effectively gathered through standard statistical 

analysis [13]. 

Although Lean Six Sigma has proved to be very beneficial, it may not be easy to implement. Some 

of the challenges that organizations tend to experience when implementing change include resistance 

to change, untrained staff, and inability to maintain process improvements in the long run. Moreover, 

the traditional LSS methods might not be able to easily keep up with the business environment that 

is quickly changing or highly complex and dynamic systems [14]. Such challenges highlight the 

necessity of smart, dynamic solutions that multiply human potentials and allow more dynamic process 

optimization by means of data. The incorporation of AI and machine learning into LSS can be a bright 

solution, and it will enable real-time insights and predictive analytics along with automated decision-

making that will help to take the methodology to a new level of efficiency and effectiveness [15]. 
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THE ARTIFICIAL INTELLIGENCE AND MACHINE LEARNING: OVERVIEW 

Artificial Intelligence (AI) and Machine Learning (ML) have become transformational technologies 

that are redefining the nature of business processes, decision-making, and process initiatives. The 

concept of AI in general relates to the process of imitating the human intelligence in terms of solving 

problems, recognizing patterns, reasoning, and making decisions using computers and robots. Its uses 

cut across the natural language processing, computer vision, robotics and predictive analytics and 

allow organizations to automatize complex processes and make actionable decisions based on big 

data [16]. Machine Learning is a key concept in AI and it provides systems that can learn, get better 

as time progresses and predict without being programmed to do so. After the analysis of historic and 

real-time data, ML algorithms derive information and trends that are frequently not detectable by 

humans [17]. 

 

 

 

 

 

 

 

 

 

 

Figure: 2 showing benefits of using AI in lean sigma 

Machine Learning can be classified into three broad categories, namely, supervised, unsupervised, 

and reinforcement learning. The method of supervised learning is based on labeled data sets, which 

allow algorithms to make predictions using known input/output pairs, e.g. predicting defects in 

manufacturing processes. In contrast, unsupervised learning works with unlabeled data, and 
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algorithms are able to determine the existence of hidden structures, clusters, or anomalies, which can 

be very important in identifying inefficiencies or hazards in complex systems [18]. Reinforcement 

learning is a type of training that teaches agents to make a sequence of decisions with the use of trial 

and error, optimization in the processes that happen in real time and adjustment to the changing 

environments. Taken together, these ML methods give enterprises a well-developed instrumentation 

of predictive maintenance, quality control, optimization of processes, and decision support [19]. 

The advent of AI and ML has been incorporated into organizational workflows because they are 

capable of managing large volumes of data, improving accuracy, and making predictive and 

prescriptive inferences. Contrary to conventional statistical technologies, AI-based solutions are able 

to process structured and unstructured data, are able to learn constantly on new inputs, and can be 

able to produce actionable suggestions, in real time. This is especially useful in the case of Lean Six 

Sigma where empirical decision-making is the focus of the root cause of issues, variation reduction 

in processes, and streamlining of operations [20]. 

Besides, AI and ML applications are complemented with additional technologies (Internet of Things, 

IoT), Big Data analytics and cloud computing, which form a system of smart, responsive, and 

automatic process enhancements. Utilizing such technologies, the organizations will be able to switch 

to the proactive control of the processes and provide predictive monitoring, early defect identification, 

and ongoing optimization [21]. To conclude, AI and ML are not merely facilitating innovations, but 

the drivers of the future of Lean Six Sigma, which will allow efficient and promptly improving 

processes and initiatives based on them to be smarter and fast. 

AI AND MACHINE LEARNING IN LEAN SIX SIGMA 

The incorporation of Artificial Intelligence (AI) and Machine Learning (ML) into Lean Six Sigma 

(LSS) is an evolutionary innovation in the process improvement techniques. Conventional LSS makes 

use of statistical analysis, past data and other human experiences to find areas of inefficiency and 

push quality improvement [22]. These methods can be time-intensive, and are possibly unable to 

manage voluminous and complicated information or react promptly to dynamic business conditions. 

Implementing AI and ML, companies are able to improve all the steps of LSS model, including the 

identification of the problem and optimization of the process as well as its control, which allows 

organizations to make faster, more precise, and data-driven decisions [23]. 
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Predictive analytics is one of the main uses of AI and ML in LSS. The machine learning algorithms 

are able to use the past historical process data to predict probable defects, failures or bottlenecks 

before they arise. This proactive nature enables organizations to respond proactively to situations, 

which have the benefit of reducing downtime and lowering the costs. As an example, in 

manufacturing, sensor data can be used to predict equipment malfunctions with the help of ML 

models, which allows preventative maintenance and minimizes losses in production [24]. 

Process optimization is another important application. Reinforcement learning and optimization 

algorithms are AI methods that allow adjusting the process parameters in real time to ensure optimal 

efficiency and quality. These systems are constantly learning with the real-time data, which detects 

trends and suggests necessary changes that would not be evident under traditional statistical tools. AI 

and ML also significantly improve the root cause analysis. With high-level algorithms, the large 

datasets can be scanned to identify correlations and anomalies, which can aid in identifying the root 

cause of the defects or inefficiencies more precisely and quickly than through manual analysis [25]. 

 

 

 

 

 

 

 

 

 

 

Figure: 3 showing machine learning in lean six sigma 

Lastly, AI-driven intelligent decision support systems can offer actionable information to LSS 

practitioners to make more informed decisions in a project selection, resource allocation, and process 
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redesign. Such systems may combine information about several sources, such as IoT devices, ERP 

systems, and customer feedback to provide a comprehensive picture of the operations [26]. The use 

of AI and ML with Lean Six Sigma will make it a more proactive and intelligent strategy rather than 

a reactive, human-inductive one. Such synergy allows organizations to attain greater efficiency of 

processes, high-quality, and continuous improvement based on sustainability to become the leaders 

in the field of operational excellence in the digital transformation era [27]. 

APPLICATIONS IN INDUSTRIES 

The combination of Artificial Intelligence (AI) and Machine Learning (ML) with Lean Six Sigma 

(LSS) helped organizations of various industries to reach new standards of process efficiency, quality, 

and customer satisfaction. Although LSS has also historically been used in manufacturing, it, together 

with AI and ML, has opened up new areas of use in healthcare and supply chain management, services 

and information technology, which present data-driven insights and predictive capabilities that are 

well beyond the traditional approaches used [28]. 

 

 

 

 

 

 

 

 

 

 

 

Figure: 4 showing AI applications in lean six sigma 
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AI and ML in manufacturing improve LSS by making it predictive with regard to maintenance, 

detecting defects and optimization of the process. Machine learning algorithms are used to analyze 

sensor data on machines to detect indicators of equipment malfunctions earlier, minimizing 

equipment downtimes, and decreasing wastage in production [29]. The computer vision of AI-

powered quality control systems allows identifying defects in real time and guaranteeing further 

consistency of the product and its adherence to industry standards. Moreover, the process parameters 

may be optimized constantly through the reinforcement learning algorithms, which will lead to a 

decrease in the waste and enhanced efficiency [30]. 

AI and ML implemented in LSS systems are beneficial to patient care and operational efficiency in 

the healthcare industry. Predictive analytics allow hospitals to predict the number of patients, improve 

staffing, and shorten the waiting lines, whereas ML models determine trends in medical data to 

exclude errors in the diagnosis or treatment programs [31]. To give an example, surgical workflows, 

medication administration, and laboratory tests can be improved through AI-driven improvements 

which will in turn improve patient outcomes and operational performance. The AI-enhanced LSS can 

also be useful in supply chain and logistics because it can predict demand, optimize routes, and track 

inventory. The fluctuations of demand can be predicted by the machine learning models in order to 

manage the inventory quickly and avoid the overstock and stock outs. The AI-driven optimization of 

logistics warrants delivery in time, reduced expenses, and the use of resources [32]. 

In services and information technology, AI and ML are used to enhance the efficiency of the 

processes, automate routine tasks, find areas of workflow slowdown, and improve the customer 

experience. As an illustration, the predictive models can be used to optimize the call center operations 

by estimating the maximum call volumes, and the intelligent automation tools are used to cut the 

response time and enhance the service quality [33]. In most industries, AI, ML, and Lean Six Sigma 

will change how people traditionally solve problems by improving processes to be more reactive but 

not proactive and based on facts and data. Achievement of high productivity, low cost, better quality 

and increased customer satisfaction are some of the outcomes that can be realized by organizations 

through this integration making it one of the critical strategies in competitiveness of organizations in 

the digital era [34]. 
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BENEFITS AND IMPACT 

Artificial Intelligence (AI) and Machine Learning (ML) integration into Lean Six Sigma (LSS) can 

bring transformative benefits and make a tremendous contribution to the organization performance, 

operational efficiency, and quality outcomes. Integrating the systematic, data-based structure of LSS 

with the forecasting, adaptive abilities of AI and ML, companies will be able to gain improvements 

that go beyond the conventional process optimization, delivering quantifiable and long-term effects 

in various aspects [35]. 

Among the most important advantages, one may single out increased efficiency and minimization of 

waste. The data of processes, which are complex and require analysis in real time, can be better 

analyzed using AIs and ML algorithms since they can define inefficiencies, bottlenecks, and non-

value-adding activities more precisely than traditional methods [36]. Predictive models enable the 

organizations to predict the process disruption or equipment breakdown before they happen in order 

to take preventive measures that reduce downtime and wastage of resources. This functionality is 

directly useful in supporting Lean principles because it streamlines the workflows and makes sure 

that each step of the process has a value-adding effect [37]. 

The other important effect is enhanced quality and consistency. Anomalies can be identified, defects 

can be predicted, and adherence to quality standards can be observed in a machine learning model at 

all times. Quality control instruments that are powered by AI, like computer vision inspection systems 

in production, allow identifying errors at once and minimizing variability of products and increasing 

customer satisfaction. With these smart systems incorporated into the LSS frameworks, organizations 

have the capability of having greater amounts of process accuracy and reliability [38]. 

Immediate decision-making and predictability only boost the performance of the operations. The 

conventional LSS may depend on past data and data analysis periodically which may slow down 

remedial action. Conversely, AI and ML offer sustained, data-driven information, which allows 

solving the problems proactively and making more informed strategic decisions. This is a predictive 

technique which enables organizations to optimize processes in a dynamic manner and not reactively 

when a problem arises [39]. Also, the integration of AI and ML leads to the reduction of cost and 

optimization of resources. The optimization of inventory, process variability and prediction of 

maintenance needs can help organizations to reduce operational costs without a decline in or loss of 
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output quality.  

The net outcome of these enhancements is increased efficiency as well as competitive edge in more 

complicated and dynamic markets [40]. The AI, ML, and Lean Six Sigma synergy can bring practical 

advantages in terms of efficiency, quality, predictive ability, and cost-management. This 

implementation helps LSS to a new level of an active, smart system and make operational excellence 

a priority and help organizations flourish in the digital transformation era [41]. 

CHALLENGES AND LIMITATIONS 

Although the combination of Artificial Intelligence (AI) and Machine Learning (ML) with Lean Six 

Sigma (LSS) can be seen as a way of transformative benefits, it also has a number of challenges and 

limitations that have to be overcome to guarantee successful implementation in the organization. 

These barriers are essential to practitioners and researchers who aim to use AI and ML in the process 

of making improvements [42]. Data quality and availability is one of the main problems. The machine 

learning algorithms and artificial intelligence require the amount of data in large quantities and the 

quality of data to be trained and used in predictive analysis. Relevant process data in most 

organizations can be partial, irregular, and be contained in different systems, which impairs the 

usefulness of AI-based models. Weak data quality may result in poor predictions, wrong root causes, 

and eventually, a poor decision making process. It is an essential requirement that data integrity, 

standardization and integration is thus a critical requirement to AI-enhanced LSS initiatives [43]. 

The other important constraint is that it is very costly and complex to implement, which is 

technologically complicated. The creation and implementation of AI and ML solutions can be time-

consuming and expensive due to the need to use special software, state-of-the-art hardware, and a 

professional workforce. The small and medium-sized enterprises (SMEs) might not be able to 

dedicate resources to successful integration. Also, it may be expensive to maintain such systems and 

make constant updates to models that determine the changing operational conditions [44]. 

Organizational resistance to change is also a major impediment. Employees and managers who are 

used to the old LSS techniques might not trust AI-driven techniques, feeling threatened by the loss of 

jobs or control to make decisions. This cultural resistance has the potential of slowing adoption and 

lowering the effectiveness of intelligent process improvement efforts. This challenge needs to be 

reduced by effective change management, training initiatives, and communication of benefits [45]. 
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Global Journal of Emerging AI and 

Computing 

ISSN : 3079-4765 

Volume 1, Number 3, 2025  

https://doi.org/10.70445/gjeac.1.3.2025.84-104     

 

 

95 

  

Other issues include algorithmic constraints and interpretability. Other AI and ML systems of 

operation are also black boxes, especially deep learning systems, in which practitioners can hardly 

determine how to arrive at decisions or predictions. Such a lack of openness may discourage trust and 

acceptance particularly in industries that are highly regulated where compliance and accountability 

are very important [46]. 

The adoption of AI and its incorporation with the current LSS models might necessitate a high degree 

of process, workflow and role realignment. It is not so obvious that machine learning results can be 

aligned with the existing DMAIC or DMADV methodology, and this is something that must be 

planned and monitored carefully [47]. Although AI and ML have massive potential to boost Lean Six 

Sigma, it is impossible not to mention that a successful deployment requires facing issues concerning 

the quality of data, cost, cultural resistance, transparency of algorithms, and complexity of integration. 

The identification and control of these constraints will make sure that organizations are able to 

capitalize on the intelligent technologies in order to improve their processes sustainably [48]. 

PROSPECTIVE TRENDS AND FUTURE RESEARCH 

The incorporation of Artificial Intelligence (AI) and Machine Learning (ML) into Lean Six Sigma 

(LSS) has not reached its final stage yet, and the developments in the future are expected to lead to a 

major shift in the way organizations address the issue of process improvement. Due to the 

development of technologies, LSS will become more intelligent, predictive, and interconnected, 

which will mean the shift towards the next paradigm also known as Lean Six Sigma 5.0. This new 

stage focuses on automation, digitalization and human-AI cooperation in order to be more efficient 

and innovative [49]. 

The commonest trend in the future is the fusion of the Internet of Things (IoT) and AI. In machines, 

production lines and service processes, IoT devices create real-time information that can be directly 

fed into the ml models to predictive maintenance, live process monitoring and direct corrective action. 

The result of such continuous data streams will be organizations being able to shift to fully automated 

and self-optimizing systems rather than the reactive improvement cycles [50]. The other important 

direction is the development of more advanced ML algorithms, such as deep learning, reinforcement 

learning, and hybrid intelligence systems. They will also be high-tech models that will improve 

prediction accuracy, more profound analysis of root causes, and will streamline the complex process 
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with minimal human involvement. Explainable AI (XAI) research will be significant as well because 

it will allow AI decisions to be more transparent and organizations to gain trust and address regulatory 

policies [51]. 

The future of LSS is also associated with the emergence of digital twin, virtual representations of the 

real processes and systems that can simulate the changes, experiment with improvements, and 

forecast outcomes without disturbing the real operations. Combining digital twins with the Lean Six 

Sigma approaches, organizations will be able to perform quick experiments and optimize processes 

in an improved way. Also, the idea of human-AI cooperation will gain more significance [52]. AI will 

not substitute human expertise, but rather will serve as a smart assistant, providing data-driven 

solutions in the process of practitioners emphasizing the strategic decision-making and innovation. 

This change demands new competencies and educational courses to enable LSS experts to collaborate 

efficiently with AI systems [53]. 

The next wave of research is more likely to be aimed at creating standard frameworks of AI-enabled 

LSS, the assessment of the long-term effects on the organizational performance, and the discussion 

of such ethical aspects as data privacy and algorithmic bias. The future of Lean Six Sigma is in smart 

automation, the development of new analytics, and integration with new technologies that will set the 

stage of smarter, faster, and more adaptive continuous improvement [54]. 

CONCLUSION 

The introduction of Artificial Intelligence (AI) and Machine Learning (ML) to Lean Six Sigma (LSS) 

is a revolutionary change in the organizational approach to process improvement, quality 

management and operational excellence. The classic Lean Six Sigma solutions, which are based on 

statistical analysis, systematic problem-solving and waste reduction, are still potent systems of 

continuous improvement as discussed in this review. But the ever more complex, data intensive, and 

dynamic dynamic of the new industries necessitate more intelligent predictive and advanced tools. 

AI and ML have quickly become the facilitators of this new era and possess the ability to far surpass 

what conventional LSS methods are capable of providing. 

One of the key themes that can be identified following this review is that AI and ML are not substitutes 

of Lean Six Sigma, they complement it and enhance its capabilities. AI-enhanced LSS systems are 

able to predict failures and identify inefficiencies through predictive analytics, intelligent automation, 
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and data-driven decision support before they happen, which enable the detection of patterns and 

prediction of failures. This initiative, real-time wisdom adds great value to the viability of DMAIC 

and DMADV models. Machine learning models have the ability to discover latent relationships that 

may be missed by human analysts and AI-based optimization technologies can also act to keep the 

process variables in optimal operation. The developments make LSS a continuously learning dynamic 

optimization system rather than a reactive, periodic review model. 

The integrated use of AI, ML, and LSS has already proven to be of great value across manufacturing, 

healthcare, logistics, services, and the technology industries. They involve the lower operational 

costs, decreased defects, high service and product quality, more customer satisfaction and 

productivity. Also, intelligent decision support systems increase the availability of LSS to 

organizations through simplification of complex analyses and less reliance on manual statistical tools. 

With the development of AI technologies, Lean Six Sigma will become more of a digitally enhanced 

approach to operation that will allow making smarter, faster, and more sustainable improvements. 

Nonetheless, despite these advantages, there are also some significant issues and constraints 

mentioned in the review. Effective AI-based LSS must have a good quality of data, it must be 

considerably costly in terms of technology, and it must be staffed by experienced individuals who can 

read and embed advanced analytics into process-improvement plans. Further complicating the 

adoption are organizational resistance, technical unpreparedness and fears about AI transparency. 

These problems provide evidence of the relevance of effective change management, lifelong learning, 

better data management, and creating explicable AI models that provide grounds to trust and act 

ethically. 

In the future, the collaboration of AI, ML, and Lean Six Sigma will become even greater. Continuous 

improvement will be driven to a whole new level with the emerging technologies of digital twins, 

IoT-enabled smart systems, autonomous control loops, and more sophisticated deep-learning 

algorithms. The next LSS version, which may be called Lean Six Sigma 5.0, will focus on autonomic 

optimization, immediate flexibility, and the balanced cooperation of human knowledge and artificial 

intelligence. This change is not only going to alter the internal functioning but will also affect the 

strategic decision-making, innovation in the customer experience and sustainable business 

development. 
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To sum up, AI and ML are an effective driver of the introduction of Lean Six Sigma into the digital 

age. The integration of them helps organizations to break past traditional constraints, improve upon 

visibility of processes, and open up to operational excellence. With industries in their constant 

concealed data-driven change, the integration of AI, ML and LSS will not only be a possibility, but a 

requirement to be competitive. Scholars, practitioners and leaders should hence keep on investigating 

new ways of doing things, resolving the current predicaments, and instilling a culture of smart 

incrementalism. These technologies merge to provide an entry point into smarter, stronger, and future-

oriented organizations. 

REFERENCES 

[1]. Chadha U, Abraham A, Anilkumar K, Kuriyakkattil V, Singh H, Bane S, Chadha A, 

Armstrong S, Patterson A. Synergizing Lean Six Sigma Framework Using Artificial 

Intelligence, Internet of Things, and Blockchain for Sustainable Manufacturing Excellence. 

Authorea Preprints. 2024. 

[2]. Furterer, S. (2016). Lean Six Sigma in Service: Applications and Case Studies - Lean Six 

Sigma in Service : Applications and Case Studies (Vol. NA). CRC Press. 

https://doi.org/10.1201/9781420079104  

[3]. Ganjavi, N., & Fazlollahtabar, H. (2023). Integrated Sustainable Production Value 

Measurement Model Based on Lean and Six Sigma in Industry 4.0 Context. IEEE 

Transactions on Engineering Management, 70(6), 2320-2333. 

https://doi.org/10.1109/tem.2021.3078169  

[4]. García-León, R. A., Gómez-Camperos, J. A., & Jaramillo, H. Y. (2021). Scientometric 

Review of Trends on the Mechanical Properties of Additive Manufacturing and 3D Printing. 

Journal of Materials Engineering and Performance, 30(7), 4724-4734. 

https://doi.org/10.1007/s11665-021-05524-7  

[5]. Garg, P., & Garg, A. (2013). An empirical study on critical failure factors for enterprise 

resource planning implementation in Indian retail sector. Business Process Management 

Journal, 19(3), 496-514. https://doi.org/10.1108/14637151311319923  

[6]. Garza-Reyes, J. A. (2015). Green lean and the need for six sigma. International Journal of 

Lean Six Sigma, 6(3), 226-248. https://doi.org/10.1108/ijlss-04-2014-0010  

https://doi.org/10.70445/gjeac.1.3.2025.84-104
https://doi.org/10.1201/9781420079104
https://doi.org/10.1109/tem.2021.3078169
https://doi.org/10.1007/s11665-021-05524-7
https://doi.org/10.1108/14637151311319923
https://doi.org/10.1108/ijlss-04-2014-0010


 
Global Journal of Emerging AI and 

Computing 

ISSN : 3079-4765 

Volume 1, Number 3, 2025  

https://doi.org/10.70445/gjeac.1.3.2025.84-104     

 

 

99 

  

[7]. Ghobakhloo, M., & Iranmanesh, M. (2021). Digital transformation success under Industry 

4.0: a strategic guideline for manufacturing SMEs. Journal of Manufacturing Technology 

Management, 32(8), 1533-1556. https://doi.org/10.1108/jmtm-11-2020-0455  

[8]. Singh AB, Gaurav G, Sarkar P, Dangayach GS, Meena ML. Present, past, and future of lean 

six sigma applications: from evolution to the era of artificial intelligence. Recent Patents on 

Engineering. 2024 Jul 1;18(5):2-17. 

[9]. Gomaa AH. Quality Management Excellence in the Era of Industry 4.0 (Quality 4.0): A 

Comprehensive Review, Gap Analysis, and Strategic Framework. MRS Journal of 

Accounting and Business Management. 2025;2(8):18-40. 

[10]. Lee, J. K. Y., Gholami, H., Saman, M. Z. M., Ngadiman, N. H. A., Zakuan, N., Mahmood, 

S., & Omain, S. Z. (2021). Sustainability-Oriented Application of Value Stream Mapping: A 

Review and Classification. IEEE Access, 9(NA), 68414-68434. 

https://doi.org/10.1109/access.2021.3077570  

[11]. Liao, Y., Deschamps, F., de Freitas Rocha Loures, E., & Ramos, L. F. P. (2017). Past, present 

and future of Industry 4.0 - a systematic literature review and research agenda proposal. 

International Journal of Production Research, 55(12), 3609-3629. 

https://doi.org/10.1080/00207543.2017.1308576  

[12]. Longo, F., Nicoletti, L., & Padovano, A. (2017). Smart operators in industry 4.0: A 

humancentered approach to enhance operators’ capabilities and competencies within the new 

smart factory context. Computers & Industrial Engineering, 113(NA), 144-159. 

https://doi.org/10.1016/j.cie.2017.09.016  

[13]. Lucherini, F., & Rapaccini, M. (2017). Exploring the impact of Lean manufacturing on 

flexibility in SMEs. Journal of Industrial Engineering and Management, 10(5), 919-945. 

https://doi.org/10.3926/jiem.2119  

[14]. Mahdy, I. H., Roy, P. P., & Sunny, M. A. U. (2023). Economic Optimization of Bio-Crude 

Isolation from Faecal Sludge Derivatives. European Journal of Advances in Engineering and 

Technology, 10(10), 119-129.  

[15]. Maniruzzaman, B., Mohammad Anisur, R., Afrin Binta, H., Md, A., & Anisur, R. (2023). 

Advanced Analytics And Machine Learning For Revenue Optimization In The Hospitality 

Industry: A Comprehensive Review Of Frameworks. American Journal of Scholarly Research 

and Innovation, 2(02), 52-74. https://doi.org/10.63125/8xbkma40  

https://doi.org/10.70445/gjeac.1.3.2025.84-104
https://doi.org/10.1108/jmtm-11-2020-0455
https://doi.org/10.1109/access.2021.3077570
https://doi.org/10.1080/00207543.2017.1308576
https://doi.org/10.1016/j.cie.2017.09.016
https://doi.org/10.3926/jiem.2119
https://doi.org/10.63125/8xbkma40


 
Global Journal of Emerging AI and 

Computing 

ISSN : 3079-4765 

Volume 1, Number 3, 2025  

https://doi.org/10.70445/gjeac.1.3.2025.84-104     

 

 

100 

  

[16]. Marinelli, M., Deshmukh, A. A., Janardhanan, M. N., & Nielsen, I. (2021). Lean 

manufacturing and Industry 4.0 combinative application: Practices and perceived benefits. 

IFACPapersOnLine, 54(1), 288-293. https://doi.org/10.1016/j.ifacol.2021.08.034  

[17]. Md Takbir Hossen, S., Ishtiaque, A., & Md Atiqur, R. (2023). AI-Based Smart Textile 

Wearables For Remote Health Surveillance And Critical Emergency Alerts: A Systematic 

Literature Review. American Journal of Scholarly Research and Innovation, 2(02), 1-29. 

https://doi.org/10.63125/ceqapd08  

[18]. Mishra, N., & Rane, S. B. (2019). Prediction and improvement of iron casting quality through 

analytics and Six Sigma approach. International Journal of Lean Six Sigma, 10(1), 189-210. 

https://doi.org/10.1108/ijlss-11-2017-0122  

[19]. Mridha Younus, S. H. P. M. R. A. I. T., amp, & Rajae, O. (2024). Sustainable Fashion 

Analytics: Predicting The Future of Eco-Friendly Textile. Global Mainstream Journal of 

Business, Economics, Development & Project Management, 3(03), 13-26. 

https://doi.org/10.62304/jbedpm.v3i03.85  

[20]. Mrugalska, B., & Wyrwicka, M. K. (2017). Towards Lean Production in Industry 4.0. 

Procedia Engineering, 182(NA), 466-473. https://doi.org/10.1016/j.proeng.2017.03.135  

[21]. Muhammad Mohiul, I., Morshed, A. S. M., Md Enamul, K., & Md, A.-A. (2022). Adaptive 

Control Of Resource Flow In Construction Projects Through Deep Reinforcement Learning: 

A Framework For Enhancing Project Performance In Complex Environments. American 

Journal of Scholarly Research and Innovation, 1(01), 76-107. 

https://doi.org/10.63125/gm77xp11  

[22]. Müller, J. M. (2019). Contributions of Industry 4.0 to quality management - A SCOR 

perspective. IFAC-PapersOnLine, 52(13), 1236-1241. 

https://doi.org/10.1016/j.ifacol.2019.11.367  

[23]. Munira, M. S. K. (2025). Digital Transformation in Banking: A Systematic Review Of Trends, 

Technologies, And Challenges. Strategic Data Management and Innovation, 2(01), 78-95. 

https://doi.org/10.71292/sdmi.v2i01.12  

[24]. Murata, K., & Katayama, H. (2010). A study on construction of a kaizen case-base and its 

utilisation: a case of visual management in fabrication and assembly shop-floors. International 

Journal of Production Research, 48(24), 7265-7287.  

https://doi.org/10.1080/00207540903373823  

https://doi.org/10.70445/gjeac.1.3.2025.84-104
https://doi.org/10.1016/j.ifacol.2021.08.034
https://doi.org/10.63125/ceqapd08
https://doi.org/10.1108/ijlss-11-2017-0122
https://doi.org/10.62304/jbedpm.v3i03.85
https://doi.org/10.1016/j.proeng.2017.03.135
https://doi.org/10.63125/gm77xp11
https://doi.org/10.1016/j.ifacol.2019.11.367
https://doi.org/10.71292/sdmi.v2i01.12
https://doi.org/10.1080/00207540903373823


 
Global Journal of Emerging AI and 

Computing 

ISSN : 3079-4765 

Volume 1, Number 3, 2025  

https://doi.org/10.70445/gjeac.1.3.2025.84-104     

 

 

101 

  

[25]. Murugaiah, U., Benjamin, S. J., Marathamuthu, M. S., & Muthaiyah, S. (2010). Scrap loss 

reduction using the 5‐whys analysis. International Journal of Quality & Reliability 

Management, 27(5), 527-540. https://doi.org/10.1108/02656711011043517  

[26]. Nedra, A., Nejib, S., Boubaker, J., & Morched, C. (2021). An Integrated Lean Six Sigma 

Approach to Modeling and Simulation: A Case Study from Clothing SME. Autex Research 

Journal, 22(3), 305-311. https://doi.org/10.2478/aut-2021-0028  

[27]. Nicholas, J. M. (2014). Hoshin kanri and critical success factors in quality management and 

lean production. Total Quality Management & Business Excellence, 27(3), 250-264. 

https://doi.org/10.1080/14783363.2014.976938  

[28]. Oktadini, N. R., & Surendro, K. (2014). SLA in cloud computing: Improving SLA's life cycle 

applying six sigma. 2014 International Conference on Information Technology Systems and 

Innovation (ICITSI), NA(NA), 279-283. https://doi.org/10.1109/icitsi.2014.7048278  

[29]. Ozcelik, Y. (2010). Six Sigma implementation in the service sector: notable experiences of 

major firms in the USA. International Journal of Services and Operations Management, 7(4), 

401-418. https://doi.org/10.1504/ijsom.2010.035705  

[30]. Perera AD, Jayamaha NP, Grigg NP, Tunnicliffe M, Singh A. The application of machine 

learning to consolidate critical success factors of lean six sigma. IEEE Access. 2021 Aug 11; 

9:112411-24. 

[31]. Sood AC, Dhull KS. The Future of Six Sigma-Integrating AI for Continuous Improvement. 

International Journal of Innovative Research in Engineering and Management. 2024; 11(5):8-

15. 

[32]. Hossain, M. R., Mahabub, S., & Das, B. C. (2024). The role of AI and data integration in 

enhancing data protection in US digital public health an empirical study. Edelweiss Applied 

Science and Technology, 8(6), 8308-8321.  

[33]. Illés, B., Tamás, P., Dobos, P., & Skapinyecz, R. (2017). New Challenges for Quality 

Assurance of Manufacturing Processes in Industry 4.0. Solid State Phenomena, 261(NA), 

481-486. https://doi.org/10.4028/www.scientific.net/ssp.261.481  

[34]. Islam, M. M., Prodhan, R. K., Shohel, M. S. H., & Morshed, A. S. M. (2025). Robotics and 

Automation in Construction Management Review Focus: The application of robotics and 

automation technologies in construction. Journal of Next-Gen Engineering Systems, 2(01), 

48- 71. https://doi.org/10.70937/jnes.v2i01.63  

https://doi.org/10.70445/gjeac.1.3.2025.84-104
https://doi.org/10.1108/02656711011043517
https://doi.org/10.2478/aut-2021-0028
https://doi.org/10.1080/14783363.2014.976938
https://doi.org/10.1109/icitsi.2014.7048278
https://doi.org/10.1504/ijsom.2010.035705
https://doi.org/10.4028/www.scientific.net/ssp.261.481
https://doi.org/10.70937/jnes.v2i01.63


 
Global Journal of Emerging AI and 

Computing 

ISSN : 3079-4765 

Volume 1, Number 3, 2025  

https://doi.org/10.70445/gjeac.1.3.2025.84-104     

 

 

102 

  

[35]. Islam, M. T., Islam, K. S., Hossain, A., & Khan, M. R. (2025). Reducing Operational Costs 

in U.S. Hospitals through Lean Healthcare and Simulation-Driven Process Optimization. 

Journal of Next-Gen Engineering Systems, 2(01), 11-28. 

https://doi.org/10.70937/jnes.v2i01.50  

[36]. Jahan, F. (2023). Biogeochemical Processes In Marshlands: A Comprehensive Review Of 

Their Role In Mitigating Methane And Carbon Dioxide Emissions. Global Mainstream 

Journal of Innovation, Engineering & Emerging Technology, 2(01), 33-59. 

https://doi.org/10.62304/jieet.v2i01.230  

[37]. Jayaram, A. (2016). Lean six sigma approach for global supply chain management using 

industry 4.0 and IIoT. 2016 2nd International Conference on Contemporary Computing and 

Informatics (IC3I), NA(NA), 89-94. https://doi.org/10.1109/ic3i.2016.7917940  

[38]. Albliwi, S., J. Antony, and S. A. Halim Lim. 2015. “A Systematic Review of Lean Six Sigma 

for the Manufacturing Industry.” Business Process Management Journal 21 (3): 665–691. 

doi:10.1108/BPMJ-03-2014-0019.  

[39]. Arcidiacono, G., and A. Pieroni. 2018. “The Revolution Lean Six Sigma 4.0.” International 

Journal on Advanced Science, Engineering and Information Technology 8 (1): 141–149. 

doi:10.18517/ijaseit.8.1.4593.  

[40]. Azadeh-Fard, N., F. M. Megahed, and F. Pakdil. 2019. “Variations of Length of Stay: A Case 

Study Using Control Charts in the CRISP-DM Framework.” International Journal of Six 

Sigma and Competitive Advantage 11 (2/3): 204–225. doi:10.1504/IJSSCA.2019.101418.  

[41]. Belhadi, A., S. S. Kamble, A. Gunasekaran, K. Zkik, D. K. M, and F. E. Touriki. 2021. “A 

Big Data Analytics-Driven Lean Six Sigma Framework for Enhanced Green Performance: A 

Case Study of Chemical Company.” Production Planning & Control 1–24. 

doi:10.1080/09537287. 2021.1964868.  

[42]. Briner, R. B., and D. Denyer. 2012. “Systematic Review and Evidence Synthesis as a Practice 

and Scholarship Tool.” In The Oxford Handbook of Evidence-Based Management, edited by 

Denise M. Rousseau, 112–129. New York: Oxford Library of Psychology. 

doi:10.1093/oxfordhb/ 9780199763986.013.0007.  

[43]. Butt, J. 2020. “A Strategic Roadmap for the Manufacturing Industry to Implement Industry 

4.0.” Designs 4 (2): 11. doi:10.3390/designs4020011.  

https://doi.org/10.70445/gjeac.1.3.2025.84-104
https://doi.org/10.70937/jnes.v2i01.50
https://doi.org/10.62304/jieet.v2i01.230
https://doi.org/10.1109/ic3i.2016.7917940


 
Global Journal of Emerging AI and 

Computing 

ISSN : 3079-4765 

Volume 1, Number 3, 2025  

https://doi.org/10.70445/gjeac.1.3.2025.84-104     

 

 

103 

  

[44]. Chi, H. M., O. K. Ersoy, H. Moskowitz, and K. Altinkemer. 2007. “Toward Automated 

Intelligent Manufacturing Systems (AIMS).” INFORMS Journal on Computing 19 (2): 302–

312. doi:10.1287/ijoc.1050.0171. 

[45].  Chiarini, A., and M. Kumar. 2021. “Lean Six Sigma and Industry 4.0 Integration for 

Operational Excellence: Evidence from Italian Manufacturing Companies.” Production 

Planning & Control 32 (13): 1084–1101. doi:10.1080/09537287.2020.1784485.  

[46]. Deuse, J., U. Dombrowski, F. Nohring, J. Mazarov, and Y. Dix. € 2020. “Systematic 

Combination of Lean Management with Digitalisation to Improve Production Systems on the 

Example of Jidoka 4.0.” International Journal of Engineering Business Management 12: 

1847979020951351. doi:10.1177/1847979020951351.  

[47]. Dogan, O., and O. F. Gurcan. 2018. “Data Perspective of Lean Six Sigma in Industry 4.0 Era: 

A Guide to Improve Quality.” Proceedings of the International Conference on Industrial 

Engineering and Operations Management Paris.  

[48]. Madzík P, Falát L, Jayaraman R, Sony M, Antony J. Exploring research trends in Lean, Six 

Sigma and Lean Six Sigma methodologies through a hybrid artificial intelligence approach. 

Production Planning & Control. 2025 Jul 1:1-25. 

[49]. Ahmad RW, Al Khader W, Jayaraman R, Salah K, Antony J, Swarnakar V. Integrating Lean 

Six Sigma with blockchain technology for quality management–a scoping review of current 

trends and future prospects. The TQM Journal. 2023 Sep 5;35(7):1609-31. 

[50]. Gnanaraj, S. M., Devadasan, S. R., Murugesh, R., & Sreenivasa, C. G. (2011). Sensitisation 

of SMEs towards the implementation of Lean Six Sigma – an initialisation in a cylinder frames 

manufacturing Indian SME. Production Planning & Control, 23(8), 599-608. 

https://doi.org/10.1080/09537287.2011.572091  

[51]. Götz, M., & Jankowska, B. (2017). Clusters and Industry 4.0 – do they fit together? European 

Planning Studies, 25(9), 1633-1653. https://doi.org/10.1080/09654313.2017.1327037  

[52]. Gupta, V., Jain, R., Meena, M. L., & Dangayach, G. S. (2017). Six-sigma application in Tire 

manufacturing Company: A case study. Journal of Industrial Engineering International, 14(3), 

511-520. https://doi.org/10.1007/s40092-017-0234-6  

[53]. Hill, J. H. O., Thomas, A., Mason-Jones, R., & ElKateb, S. (2017). The implementation of a 

Lean Six Sigma framework to enhance operational performance in an MRO facility. 

https://doi.org/10.70445/gjeac.1.3.2025.84-104
https://doi.org/10.1080/09537287.2011.572091
https://doi.org/10.1080/09654313.2017.1327037
https://doi.org/10.1007/s40092-017-0234-6


 
Global Journal of Emerging AI and 

Computing 

ISSN : 3079-4765 

Volume 1, Number 3, 2025  

https://doi.org/10.70445/gjeac.1.3.2025.84-104     

 

 

104 

  

Production & Manufacturing Research, 6(1), 26-48. 

https://doi.org/10.1080/21693277.2017.1417179  

[54]. Hossain, A., Khan, M. R., Islam, M. T., & Islam, K. S. (2024). Analyzing The Impact Of 

Combining Lean Six Sigma Methodologies With Sustainability Goals. Journal of Science and 

Engineering Research, 1(01), 123-144. https://doi.org/10.70008/jeser.v1i01.57  

 

 

https://doi.org/10.70445/gjeac.1.3.2025.84-104
https://doi.org/10.1080/21693277.2017.1417179
https://doi.org/10.70008/jeser.v1i01.57

