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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 
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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 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. 
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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 

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 

https://gjcsai.com/index.php/gjcsa/article/view/17


P a g e  | 107 

 

P u b l i s h e d  i n  G l o b a l  J o u r n a l  o f  C o m p u t e r  S c i e n c e s  

a n d  A r t i f i c i a l  I n t e l l i g e n c e  A t :  

h t t p s : / / g j c s a i . c o m / i n d e x . p h p / g j c s a / a r t i c l e / v i e w / 1 7   
 

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]. 

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 
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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 

algorithms are able to determine the existence of hidden structures, clusters, or anomalies, which 
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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 
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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]. 

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

of organizations in the digital era [34]. 

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 
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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 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 
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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]. 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 
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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 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]. 
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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, 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. 
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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. 

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. Finally, these technologies merge to provide an entry point into smarter, 

stronger, and future-oriented organizations. 
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