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Highlights  Abstract  

▪ A review of maintenance management’s 

importance. 

▪ A review of traditional and advanced analytical 

tools used in the DMAIC cycle.  

▪ The literature review related to the 

improvement of maintenance processes using 

the Six Sigma approach. 

▪ A Six Sigma methodology with PCA and 

logistic regression in maintenance processes. 

 Improving the efficiency of maintenance processes is one of the goals of 

companies. Improvement activities in this area require not only an 

appropriate maintenance strategy but also the use of a new approach to 

increase the efficiency of the process. This article focuses on using Six 

Sigma (SS) to improve maintenance processes. As an introduction, the 

generations of SS development are identified, and traditional and 

advanced analytical tools that can be useful in SS projects are reviewed. 

As part of the research, an example of the implementation of the SS 

project in the maintenance process using the DMAIC and selected 

advanced analytical methods, such as PCA and logistic regression, was 

presented. The PCA results showed that it was enough to have seven 

main components to keep about 84% of the information on variability. 

In developed logistic regression explained the impact of the individual 

factors affecting the availability of the machines. The identified factors 

and their interactions made it possible to define maintenance activities 

requiring improvements. 
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1. Introduction 

One of the most important issues in achieving high efficiency 

of manufacturing processes and timely deliveries of products in 

accordance with customer specifications is to ensure the 

availability and reliability of machines and devices. Companies 

are increasingly realizing that they can improve their efficiency 

and reliability by planning and implementing maintenance 

activities more effectively. Today, maintenance plays a strategic 

role in generating an organization's revenue, and improving the 

efficiency and effectiveness of maintenance processes through 

continuous improvement is one of the main goals of any 

company. According to [53] maintenance expenses can reach up 

to 40% of the operational costs. Failures of industrial equipment 

result not only in financial losses but can also cause problems 

related to safety and environmental protection [3]. This makes 

the maintenance function the center of attention of managers [65, 

103].  
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Various approaches have been implemented to increase the 

reliability and availability of manufacturing equipment [17, 87, 

44]. Six Sigma is one of them [47, 83, 100, 111]. Six Sigma is a 

popular and often used methodology by companies to improve 

processes [55, 77]. Examples of SS projects can be found in 

various sectors, such as the automotive industry [51, 76, 86], 

food industry [23], glass industry [107], and vehicle fleet [91] 

among others. Six Sigma is an approach that can complement 

the concepts of Lean [34, 64], TQM [6], ecology/sustainable 

development [98, 108], and thanks to the process-oriented 

approach can be used in various industries and areas of the 

company to increase efficiency system and ensuring a culture of 

continuous improvement. 

In recent years, many authors have pointed to the need and 

advantages of using I4.0 technology in Six Sigma projects [19, 

37]. Technologies such as Big Data (BD), Internet of Things 

(IoT), AI offer resources to expand and complete the SS 

structure and strengthen the improvement system, and intensify 

statistical analysis [56, 57, 89, 97]. According to [61], by 

incorporating more advanced data analysis technologies, I4.0 

strengthens the SS/DMAIC approach and allows for improved 

flexibility when solving complex problems. 

That is why, the main purpose of this paper is to incorporate 

more advanced data analysis tools into the classic Six Sigma 

approach in order to improve the efficiency of the maintenance 

process. This paper is a continuation of the previously 

undertaken work presented in [11]. 

The main contributions of this article are: 

1. The generations of development of the Six Sigma 

methodology are shown. 

2. The systematic review and categorization of the 

traditional and advanced analytical tools that can be 

used in DMAIC methodology in Six Sigma projects is 

shown.  

3. The literature review related to the improvement of 

maintenance processes using the Six Sigma method is 

presented.  

4. An example of Six Sigma project implementation in 

the maintenance process using the DMAIC 

methodology and selected advanced analytical 

methods such as PCA and logistic regression is 

presented. 

The graphical abstract of the paper is presented on Figure 1.

 

Fig. 1. Structure of the paper.

In Section 2 the background of maintenance and Six Sigma 

implementation in manufacturing companies are presented. The 

research methodology used is shown in Section 3. In Section 4 

the research results of  Six Sigma project implementation in the 

maintenance process using the DMAIC methodology and 

selected advanced analytical methods are presented. Finally 

(Section 5), the conclusions and directions of future research are 

discussed. 



Eksploatacja i Niezawodność – Maintenance and Reliability Vol. 25, No. 4, 2023 

 

2. Background 

2.1 Maintenance importance in manufacturing 

Maintenance is a critical issue in achieving excellent industrial 

performance [60] European Standards [28] define maintenance 

as "the combination of all technical, administrative and 

management activities during the life cycle of a facility, aimed 

at maintaining it or restoring it to a condition in which it can 

fulfill the required function". The aim of maintenance is to 

guarantee that machines and devices will operate in accordance 

with the expectations of users, maintaining a high level of 

operator safety along with quality, reliability, and energy 

efficiency [59]. Maintenance is a set of complex activities 

covering the entire structure and organization of a production 

company, and the management of maintenance activities has 

changed from a functional to a process orientation. In the early 

20th century, the "fix when equipment breaks" approach was 

used. From the 1950s to the 1980s, maintenance was recognized 

as a key manufacturing function, and the perception of "fix 

when equipment breaks" shifted to a planning and control 

approach - preventive maintenance. In the 2000s, maintenance 

management began to be seen as an integral part of the 

company’s strategies. In recent years, the need to manage the 

various areas of maintenance more effectively has gained 

additional importance due to changing operational technologies 

and new market demands [7, 39, 113].  

Traditionally, only technical and economic aspects were 

taken into account when making maintenance decisions. Over 

the past few years, increasing attention has been paid to the role 

of maintenance in contributing to sustainability [35, 43, 104]. 

From an economic perspective of sustainability, Syan and 

Ramsoobag [92] indicate that by optimizing maintenance 

activities, savings of 20-30% of total operating costs can be 

achieved. From the social perspective of sustainability, many 

authors indicate the positive impact of maintenance on the 

creation of a safe and healthy working environment [33]. As far 

as environmental issues are concerned, maintenance activities 

are aimed, among others, at reducing the energy consumption 

of machines and devices, minimizing the production of toxic 

waste, and effective use of spare parts and consumables [32, 46, 

73]. 

In addition, the fourth industrial revolution, also known as 

Industry 4.0 (I4.0) has increased the expectations of enterprises 

in terms of productivity, high efficiency of manufacturing 

equipment, and increased automation of production systems. 

However, in order for automated production systems to perform 

their functions, it is necessary to effectively manage machine 

failures [31, 40]. 

I4.0 and its key technologies are influencing and 

transforming both manufacturing processes and maintenance 

management. Today, maintenance practices can benefit from the 

technological development of I4.0, and maintenance based on 

I4.0 technologies is gaining popularity as Maintenance 4.0 

(M4.0) [50]. M4.0 can be defined as an innovative and 

optimized maintenance strategy that integrates a traditional 

approach with I4.0 technologies. This combination of 

traditional maintenance management concepts with I4.0 

technologies is transforming current maintenance practices [20]. 

The development of sensor techniques makes it possible to 

extract more and more accurate data on industrial 

machines/components in real time and continuously monitor the 

state of the operating system [78]. The resulting system health 

data and data analytics technologies provide the ability to better 

understand data and predict failures long before they occur. The 

application of data-driven approaches such as machine learning 

(ML) is increasingly becoming a norm in maintenance solutions 

[24, 63, 68, 95]. 

Today, maintenance relies on powerful mathematical and 

statistical models to detect, diagnose, and forecast, equipment 

problems that can help managers make better decisions and 

adopt a new paradigm in maintenance, called “data-driven 

maintenance” [105]. According to [38] data-driven maintenance 

and the application of advanced analytical tools "enable not 

only an increase in availability but also an increase in product 

quality and a stabilization of production processes". 

Given the increasing complexity of the manufacturing 

environment, new requirements and opportunities resulting 

from I4.0 technology force managers to constantly look for 

ways to improve maintenance processes. To support 

improvement, various methodologies, techniques, and tools 

have been developed that combine traditional maintenance 

approaches with new ones [62, 79, 81]. One of the methods 

focusing on process improvement is the Six Sigma methodology, 

referred to as the data-driven approach. 
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2.2. Six Sigma and maintenance 

In manufacturing industries, SS is one of the most popular 

approaches for systematic and continuous process improvement. 

Six Sigma was invented by Bill Smith of Motorola in the 1980s. 

Since then, the concept of SS has attracted the attention of 

scientists, researchers, and practitioners and has been widely 

adopted in many enterprises from various industries [15, 72, 94]. 

Schroeder et al. [84] defined Six Sigma as “an organized, 

parallel-mesostructured to reduce variation in organizational 

processes by using improvement specialists, a structured 

method, and performance metrics with the aim of achieving 

strategic objectives”. 

In order to better understand processes and their interactions 

with the environment, this method uses both qualitative and 

quantitative methods. In general, Six Sigma projects follow the 

DMAIC cycle with five phases: Define, Measure, Analyze, 

Improve, and Control. According to [58] DMAIC “is one of the 

well-known manifestations of the scientific method applied to 

problem-solving”. DMAIC cycle includes a number of different 

statistical and management tools used in each phase such as 

Voice of the Customer (VOC) tools, Critical to Quality (CTQ), 

Quality Function Deployment (QFD), SIPOC (Suppliers-

Inputs-Process-Outputs-Customers), Failure Mode and Effect 

Analysis (FMEA), Root Cause Analysis (RCA),  Measurement 

System Analysis (MSA), and statistical process control (SPC) 

[65, 69, 91, 99]. Guidance on how to use the tools in certain 

phases is described, among others, in the standard ISO 13053 

[49].  

Due to the company's experience in implementing 

improvement actions and the nature of the problems that 

companies want to solve with SS, the way in which this 

approach is implemented may vary [26]. This also applies to the 

benefits [94]. Literature analysis indicates benefits in areas such 

as finance (cost reduction), quality (defect reduction), 

production (efficiency improvement, cycle time reduction), 

customer satisfaction, and increase in market share [70, 72, 94, 

99, 109].  

Analyzing the literature [8, 10, 67, 74] four generations of 

the development of the SS concept can be noted. (Figure 2).

Focused on reducing 

variability and non-

conformity in the 

manufacturing industry

First generation 

(1   –1  4) Focused on improving 

the company performance 

through cost reduction 

and enhanced product 

design

Focused on the creation 

of value for not only within 

an organization but also 

for its stakeholders 

Second generation 

(1994–2000)

Third generation 

(2000–2011)

Focused on integration 

with Green initiatives 

and Industry 4.0  

through more advanced 

analytical tools. 

Fourth generation 

(2011–  )

 

Fig. 2. Generations of development of Six Sigma methodology.

The fourth generation of SS is aimed at supporting 

enterprises in solving problems in the new digital reality. Based 

on a survey of experts, in [9] Six Sigma emerging trends were 

identified.  

The first emerging trend is focused on SS and green 

/sustainability initiatives. This direction concerns the 

assessment and reduction of the impact of the company's 

processes and products on the environment [13, 29, 52].  

The second trend related to SS is its integration with Big 

Data (BD) / Big Data Analytics (BDA) [56]. Six Sigma has 

proven its effectiveness in the field of traditional statistical 

methods, providing a structured approach to identifying the root 

causes of manufacturing defects. However, these methods are 

less effective for larger and more complex datasets [114]. 

Modern production data is characterized by the four/five/seven 

V’s of BD (e.g. 7 V’s – Volume, Velocity, Variety, Variability, 

Veracity, Visualization, and Value), and it is difficult to analyze 

them using the traditional Six Sigma approach.  If we have a lot 

of data, we can find new relationships, dependencies, and 

patterns. Therefore, practitioners need a new approach and 

support in solving problems [79]. The integration of BDA and 

SS tools is analyzed by many authors [42, 74].  For example [42] 

indicates, that Text and Video Mining (BDA techniques), can 

provide valuable input for VOC. In addition, the authors suggest 
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that for better optimization of parameters and better results, the 

Improve phase of SS projects should closely consider AI, ML, 

and predictive analytics. According to [82], traditional Six 

Sigma tools such as the "Cause and Effect Matrix" or "Ishikawa 

Diagram" can be replaced by e.g. classification and regression 

trees, which could help identify variables with a significant 

impact on a given product feature. Giannetti and Ransing [36] 

used Bootstrap, a regression tree algorithm, and principal 

component analysis (PCA) to deal with the complexity caused 

by noise factors that traditional regression analysis could not 

handle. In [74], the authors indicate that in the context of real-

time process prediction and monitoring, digital technologies can 

be used to support traditional process mapping techniques. 

Literature analysis conducted by [61] indicates that the 

inclusion of BD/BDA in the SS project has a positive impact on 

company performance by reducing the number of non-

compliances, increasing process efficiency, and customer 

satisfaction, and reducing costs. 

The third emerging trend focuses on SS and the challenges 

of Industry 4.0 [27, 61]. Citybabu and Yamini [21] based on a 

survey conducted by [70] defined Six  Sigma 4.0 as “a synergy 

of Industry 4.0 and Six Sigma that provides a competitive 

advantage, appropriate decisions, problem-solving abilities and 

the ability to anticipate process defects through the effective 

integration of Six Sigma’s DMAIC framework with Industry 4.0 

technologies to improve the quality of the product, process and 

services”.  

The integration of SS with I4.0 is becoming more and more 

popular in the academic community [41]. In [71] the authors 

indicate the possibility and potential benefits of integrating AI, 

Big Data, and IoT tools. By collecting data using sensors and 

interconnected machines, the second phase of the DMAIC cycle 

- Measure - can be significantly accelerated [74]. Analyzing, for 

example, the work [93] it can be assumed that DT technology 

will be useful in the Improve phase. According to [2, 14] 

simulation is an appropriate tool for most steps of the DMAIC 

methodology due to its ability to understand differences in 

processes or products and thus identify and test potential 

improvements. In [101] authors present the selection and 

utilization of ML techniques, such as artificial neural network 

(ANN), k-nearest neighbors (k-NN), random forests (RF), 

gradient boosting machines (GBM), and multiple linear 

regression (MLR) in the Analyze and Improve phases of 

DMAIC cycle.  

The literature review,  conducted above,  indicates that the 

authors suggest different traditional and advanced analytical 

tools that can be used in DMAIC methodology in Six Sigma 

projects (Figure 3).

Identification 

of dependencies between 

input and output data from 

the process and their impact 

on the problem 

ANALYZE

Defining problems, 

determining their 

importance, defining targets 

to be achieved, developing 

a work schedule 

DEFINE

Quantification of the 

problem, collection of 

process and problem data

MEASURE

Election activities of the 

best-acting alternative 

measures 

IMPROVE

Monitoring 

and 

standardizing the solution 

CONTROL

PCA, ML techniques 

(MLR,  RF, GBM, k-NN, 

SVM, ANN) 

PLS -regression 

Text Mining, Video Mining

PCA, Unsupervised ML 

tools, Data mining, IoT 

(sensors and interconnected 

machines)

DIgital Twin technology / 

Simulation, ML techniques 

(MLR,  RF, GBM, k-NN, 

SVM, ANN), Deep ANN

In this phase selected tools 

from Analyze and Improve 

phase can be used

Cause & Effect Diagram, 

RCA, Box Plot, 

Descriptive statistics, 

FMEA, Pareto analysis, 

ANOVA

VOC tools, Process map, 

QFD, SIPOC, 

Benchmarking, 

Pareto analysis

Data Collection Plan, MSA, 

control charts, 

Pareto analysis

Design of experiments,

Solution Prioritization 

Matrix

SPC,

Control plan,

Standardisation,

FMEA

TRADITIONAL SIX SIGMA TOOLS

ADVANCED ANALYTICAL TOOLS
 

Fig. 3. Traditional and advanced analytical tools that can be used in DMAIC methodology in Six Sigma projects.
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To improve maintenance processes the SS/DMAIC 

approach is proposed [4, 12, 48, 54, 83, 96, 110, 112]. Some of 

these propositions integrate SS with the Total Productive 

Maintenance (TPM) and Reliability Centered Maintenance 

(RCM) concepts [4, 5, 88]. In [85], the authors proposed  

a model combining SS and TPM concepts for SMEs. The 

developed model was validated in the papermaking industry, 

and its results were, among others, improved availability and 

efficiency of production equipment use, reduction of rework 

and defect rate, and reduction in maintenance cost. However, in 

the article [75] the authors explored the possibility of increasing 

the effectiveness of maintenance practices by using Six Sigma 

techniques. According to [4] the integration of Six Sigma and 

RCM, it is possible to mitigate many of the shortcomings and 

weaknesses of RCM. In [54] authors proposed the use of Six 

Sigma methodology in predictive maintenance IoT projects. 

Recently [100] investigated the usefulness of using the SS 

method and the RAM method (Reliability, Availability and 

Maintainability) to determine inspection intervals, plan 

maintenance activities and select the appropriate maintenance 

strategy. 

3. Research Methodology 

3.1. Research goals and methodology  

The main objectives of the presented research was to present the 

possibilities of using: 

• DMAIC methodology to improve the maintenance process. 

• PCA and logistic regression for better results in Six Sigma 

maintenance projects. 

To achieve the assumed goals, the research methodology 

presented in Figure 4 was used. The research was carried out 

using the DMAIC methodology extended in the Analyze phase 

with the use of advanced analytical tools such as PCA and 

logistic regression. The presented methodology presents the 

individual stages of the research and the activities carried out 

within the individual stages. In addition, Figure 4 shows the 

section in which the results of the study from individual stages 

are presented.

 

Fig. 4. Research methodology.
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The brief descriptions of the DMAIC, PCA, and logistic 

regression methods used in this research are presented below.  

3.2. Six Sigma – DMAIC methodology 

The DMAIC methodology is a structured approach to process 

improvement, ensuring a comprehensive understanding of the 

problem and a systematic improvement process. As part of the 

research carried out in the various stages of the Six Sigma 

project, the following activities were carried out: 

1. Define the phase of the SS project: 

• Key project leaders assumed responsibility for outlining 

the purpose, scope, and Critical to Quality (CTQ) aspects of the 

project, facilitating a clear roadmap for improvement. 

• The expectations of the customers relating to the process 

were identified, aligning the project objectives with customer 

needs. 

• An assessment of the timeline and costs associated with the 

SS project was undertaken, providing a basis for resource 

allocation and project planning. 

2. Measure phase of the SS project: 

• To understand the process comprehensive data collection 

was conducted. 

• Preliminary analysis of the gathered data was performed, 

enabling an initial understanding of the process dynamics and 

areas of concern. 

3.  Analyze phase of the SS project: 

• Various quality management methods and tools were 

employed to precisely identify process bottlenecks and potential 

issues, while determining their root causes. 

• A range of statistical analyses and advanced analytical 

tools such as PCA  and logistic regression  were conducted to 

identify factors with the greatest influence on the CTQ, 

enhancing the focus of improvement efforts. 

4.  Improve phase of the SS project: 

• Innovative process enhancements were thoughtfully 

proposed, drawing from the insights gained during the previous 

phases. 

• A well-structured implementation plan was devised, 

outlining the sequence and timeline for executing the identified 

improvements. 

5.  Control phase of the SS project: 

• Re-collection of data from the process allowed for  

a comprehensive evaluation of the outcomes resulting from the 

implemented improvements. 

• Measures for ongoing monitoring of process outcomes 

were established, ensuring a sustained level of performance and 

facilitating timely corrective actions if needed. 

The using of the DMAIC methodology not only enabled  

a systematic approach to problem-solving but also ensured that 

the enhancements made were grounded in data-driven insights 

and aligned with the needs of both the process and its 

stakeholders. 

3.3. Principal Component Analysis - PCA 

In the statistical analyses, it often turns out that the study area is 

influenced by many factors. In such circumstances, the links 

between the individual variables are often not obvious and can 

be challenging or even impossible to see. As a result, attempts 

to construct a model may yield results that are difficult to 

analyse. Factor analysis can be very useful in such scenarios. 

One approach suitable for such analyzes is PCA. 

PCA aims to reduce the number of variables used to describe 

phenomena, and to reveal regularities between these variables 

[25]. The procedure consists in identifying components that are 

linear combinations of the analyzed variables. Careful analysis 

of these principal components facilitates the identification of the 

primary variables that have a significant influence on the 

formation of distinct principal components, namely those 

responsible for the formation of a coherent cluster [106]. The 

main component variance is equal to the matrix's eigenvalue in 

terms of magnitude Coordinate variances in the new space are 

calculated by the formula: λ𝑖 =
𝑑𝑖

2

𝑛−1
 , where di, 0 ≤ i ≤ k are 

singular values of the diagonal matrix. The proportion of 

variance explained by i–th principal component is equal to 

λ𝑖

∑ λ𝑗
𝑚
𝑗=1

, while the proportion of variance explained by k principal 

components is equal to 
∑ λ𝑖

𝑚
𝑗=1

∑ λ𝑗
𝑚
𝑗=1

  for 1 ≤ k ≤ m. Each principal 

component explains some part of the variability of the input 

variables. Principal components are a synthetic measure of 

information. Often, PCA is used for classification. In addition, 

PCA allows to identify difficult-to-find relationships between 

output variables [1, 18, 30]. 

The primary purpose of using the PCA method in this study 
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was to decrease a number of variables used to characterize the 

process under study and to discover the interrelationships 

between these variables. The procedure consisted in identifying 

the components being linear combinations of the analyzed 

variables. By carefully examining the principal components, it 

has become possible to identify the original variables that have 

a significant impact on the construction of the separate principal 

components that actually form a cohesive group. The main 

component, characterized by the greatest variance, emerged 

then as a representative of this group. The subsequent 

components, however, showed independence from each other, 

as they were designed to maximize variability that remained 

unexplained by the previous component. 

PCA was started by determining the axis that retained the 

largest value of variance in the dataset. These components were 

derived as linear combinations of the studied variables. The 

rationale for the creation of the following components was as 

follows: 

• They remain uncorrelated. 

• They are designed to maximize variability that was not 

accounted for in previous components. 

A matrix factorization technique called singular value 

decomposition (SVD) was used to discover the main 

components of the dataset. This technique decomposes the data 

matrix into an inner product. Before PCA analysis: 

• The dataset was standardized (mean = 0, variance = 1) 

to ensure uniform scaling of variables. 

• Outliers in the sample were eliminated as their 

presence could potentially distort the results. 

• Missing data was adjusted to the requirements of the 

algorithm. 

The entire analysis was carried out using the R software. 

3.4. Logistic regression - LR 

LR is a mathematical model that allows to determine the 

influence of several variables x1, x2, x3, .., xk on a dichotomous 

variable Y [45]. The LR  model is based on a logistic function 

in the following form [15]: 

𝑓(𝑧) =
ⅇ𝑧

1+ⅇ𝑧 =
1

1+ⅇ−𝑧    (1) 

This function takes values from 0 (as x goes to - ∞) to 1 (as 

x goes to + ∞). Let’s define the dichotomous variable Y, as the 

values [0 and 1], so the LR model defines the equation: 

𝑃( 𝑌 = 1 ∣  𝑥1, 𝑥2, … , 𝑥𝑘) =  𝑃(𝑥) =
𝑒

𝑎0+∑ 𝑎𝑖𝑥𝑖

𝑘

𝑖=1

 

1+𝑒
𝑎0+∑ 𝑎𝑖𝑥𝑖

𝑘

𝑖=1

       (2) 

where: ai, I = 0,…k, are the regression coefficients; x1, x2, x3, .., 

xk are independent variables. The left side of the equation is the 

conditional probability that the variable Y will take a value equal 

to 1 for independent values x1, x2, x3, .., xk. In this regression 

model (2), the regression coefficients should be estimated in 

order to fit the best model based on the values of a certain group 

of data. A condition for applying regression the logistic sample 

is sufficiently large, which in this case means that the sample 

size is n > 10(k+1)where k is the number of parameters [22, 90]. 

To find in logistic regression coefficients a0, a1, a2, .., ak the 

Maximum Likelihood Method (MLM) is applied in this context. 

MLM operates by maximizing either the likelihood function or 

its square. It operates under the assumption that all observations 

are mutually independent. In this framework, the likelihood, or 

probability, is computed as the product of the probabilities 

corresponding to the occurrence of individual observations from 

the sample, given the model parameters [102]. 

4. Research Results 

4.1. Description of the research objective – case study  

The investigation was performed in a leading factory 

specializing in the manufacture and distribution of flooring 

materials. An analysis was conducted in a production area with 

70 machines. These machines ranged from simple transport 

devices to sophisticated precision equipment controlled by 

automated systems. 

Maintenance processes were supervised by maintenance 

departments. The maintenance strategy includes both: 

corrective and  preventive maintenance (CM and PM) and) as 

required for the machines. Notably, the company has also 

introduced a TPM system for the majority of manufacturing 

equipment. Each machine operator is responsible for executing 

autonomous maintenance (AM). The operators verify the 

completion of AM procedures at their respective stations. 

Furthermore, PM activities are regularly performed on the 

manufacturing equipment. 
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4.2. DMAIC methodology implementation - case study 

4.2.1. Define Phase  

The main problem of the analyzed company is low machine’s 

availability, because of  the high failure rate. Figure 6 shows the 

duration of the recorded failures in the years 2018-2021 in the 

company. Of all failures recorded in the analyzed period, the 

largest percentage were mechanical failures (55%), then  

automation failures (28%) and electrical failures (17%).

 

Fig. 6. Duration time of the recorded failures in 2018 – 2021 in the case study company.

Analyzing the results presented in Figure 6, it can be notice 

the significant variability in the results between individual years 

and months. For some months, such as May, July, and August, 

can observe an increase in the failure time in 2021 compared to 

previous years. However, for other months, such as February 

2021 show a significant decrease compared to previous years. 

In addition, in some cases, such as March 2019, April 2019 and 

May 2021, there are sudden changes in values, which may 

suggest the impact of certain events or factors. Moreover, these 

results show variation in amounts between years and months, 

but there does not appear to be a clear trend. Therefore, it may 

be important to further understand the context of this data and 

the possible factors that may influence such variability.  

Identification of factors affecting the availability of 

machines and determination of actions to be taken to improve 

the maintenance activities. For that purpose the company decide 

to implement Six Sigma methodology for improvement the 

process.   

The main objective of the SS project was to  reduce the 

failures rate  by 40% within 6 months. Reducing the failure rate 

will increase the availability of the machine at a given time. 

Firstly, the SIPOC diagram was developed. Then, the following 

data from the process were collected: x1 – production worker, x2 

– operation time, x3 – week day, x4 – check points of AM, x5 – 

range of AM, x6 – AM duration time, x7 – PM timeliness, x8 - 

employee performing PM, x9 –reported problems after AM, x10 

– reported problems after PM. To identify the critical factors 

affecting on increasing the availability of the machine at a given 

time the CTQ (Critical to Quality) measure was used. The 

following CTQ was selected for problem analysis: CTQ (Y) – 

machine availability at the required time. CTQ (Y) was defined 

on two levels: as OK - a machine’s availability in the required 

time, and NOK - a machine’s unavailability in the required time. 

4.2.2. Measure Phase  

The Measure phase was a key part of the Six Sigma project that 

focused on data collection and measurement to accurately 

understand the current state of the process. The main goal of this 

phase was to provide reliable process information on which the 

further actions in the next phases of the Six Sigma project can 

be taken. 1130 data were collected for all key process 

parameters and CTQ from 2018 to 2021 The data was initially 

analyzed, missing data were removed and outliers were 

eliminated. The collected data were subject to further analysis.  

4.2.3. Analyze Phase  

The goal of the next phase - Analyze was to thoroughly analyze 

the collected data to understand the causes of problems and 

identify potential solutions. Firstly, based on collected data  the 
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sigma level has been considered. The calculated sigma level for 

this process is 3.60. The value is low, so it is important to find, 

which of defined factor impact of machine’s availability.  

The main goal of data analysis was to transform the 

collected data into specific information and knowledge. For this 

purpose, statistical tools were used, such as e.g. chi-square test. 

The chi-squared test is a statistical test used to determine 

whether there is a significant relationship between two 

categorical variables in a dataset. This is a frequently used test 

in data analysis, especially in studies of relationships between 

two qualitative characteristics. The chi-square statistic 

(asymptotic distribution 𝜒2 𝑤𝑖𝑡ℎ (𝑘 − 1)(𝑝 − 1)  degrees of 

freedom) was considered using formula (3): 

𝜒2 = ∑
(𝑂 − 𝐸)2

𝐸
= ∑ ∑

(𝑛𝑖𝑗 − 𝐸𝑖𝑗)
2

𝐸𝑖𝑗

𝑝

𝑗=1

𝑘

𝑖=1

                  (3) 

where: O – observed values;  𝑛𝑖𝑗; 𝐸𝑖𝑗 − theoretical values. For 

the depended variable (Y) the chi-square test with null 

hypothesis: 𝐻0: 𝑥1 =  𝑥2 =  … = 𝑥𝑛 , 𝑎𝑛𝑑 𝐻1: 𝑥1 ≠  𝑥2 ≠  … ≠

𝑥𝑛  and 𝐻0: 𝑥1 =  𝑥2 =  … = 𝑥𝑛 , 𝑎𝑛𝑑 𝐻1: 𝑥1 ≠  𝑥2 ≠  … ≠ 𝑥𝑛 

with confidence level α=0.05 was performed.  

Table 1 presents the results of chi-square test for CTQ.

Table 1. Chi – square test results for CTQ (Y). 

CTQ (Y) x1 
 

x2 
 

x3 
 

x4  
 

x5 
 

x6 x7 x8 x9 x10 

p-value < 0.05 0.038 0.182 0.048 0.0153 < 0.05 0.0124 0.0582 0.451 0.751 

The chi-square test results indicate that the CTQ value is 

statistically affected by the following factors: x1, x2, x4, x5, x6 

and x7 (p - value < 0.05). These factors are related to the 

operator and the autonomous maintenance (AM) carried out by 

him. This means that for these factors  the improvements should 

be established. These improvements will allow to increase the 

efficiency of the analyzed process. In addition, a detailed 

analysis of these factors allows for a more precise determination 

of the causes of irregularities in the machines availability, and 

thus identification of detailed directions for improvements. The 

distribution of CTQ(Y) values for the statistically most 

significant factors x1 and x2 is shown in the Figure 7.

  

Fig. 7.Distribution of CTQ values for factors x1 and x6.

A detailed analysis of the results presented in Figure 7 shows 

that the largest number of CTQ - NOK values were identified 

for operators 1 and 2. Moreover, the largest number of CTQ - 

NOK values were recorded for machines for which the AM 

range was from 8 to 11 activities. 

The provided analysis enabled the identification of factors 

that influence the machine’s availability in the production 

process.  Furthermore, the analysis demonstrated which factors 

did not affect the machine’s availability in the production 

process such as: x3 – day of the week, x7 – PM timeliness, x8 - 

employee performing PM, x9 –reported problems after AM and 

x10 – reported problems after PM Despite the analyzed single 

factors their influence on machine’s availability in the 

manufacturing process was found not to be significant. 
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However, when these factors interact with each other, they 

might have impact on the machine’s availability in the 

production process. Therefore, in the next stage of the study, the 

concept of using PCA and logistic regression to search for 

relations between the studied factors, and thus their significant 

impact on the CTQ(Y), was proposed. 

PCA in analyzed process  

Table 2 shows the obtained principle components (nine 

principle components) and their relationship with the analyzed 

variables in maintenance process.

Table 2. Principle Components (PC’s) - matrix of eigenvectors.  

 

When analyzing the above results, it can be noticed, inter 

alia, that the variable x10 has the greatest contribution to the 

creation of the first principle component (PC1). On the other 

hand, the greatest contribution to the creation of the second 

principle component (PC2) is the variable x8. Based on the 

above results, the dependencies between principle components 

and analyzed variables for PC1, PC2 and PC3 can be written as 

follows: 

𝐏𝐂𝟏 = −0.15 ∗ 𝑥1 –  0.18 ∗ 𝑥2  − 0.04 ∗ 𝑥3  − 0.41 ∗ 𝑥4  −

0.45 ∗ 𝑥5  +  0.34 ∗ 𝑥6  –  0.21 ∗ 𝑥7  +  0.03 ∗ 𝑥8   +  0.41 ∗

𝑥9  + 0.48 ∗ 𝑥10                            (4) 

𝐏𝐂𝟐 = 0.20 ∗ 𝑥1 –  0.12 ∗ 𝑥2 − 0.58 ∗ 𝑥3 + 0.11 ∗ 𝑥4  −

0.15 ∗ 𝑥5 +  0.25 ∗ 𝑥6 –  0.21 ∗ 𝑥7 −  0.68 ∗ 𝑥8 −  0.05 ∗ 𝑥9 −

0.08 ∗ 𝑥10                           (5) 

𝐏𝐂𝟑 = −0.18 ∗ 𝑥1 –  0.54 ∗ 𝑥2  − 0.08 ∗ 𝑥3 − 0.20 ∗ 𝑥4  +

0.31 ∗ 𝑥5 +  0.34 ∗ 𝑥6 +  0.54 ∗ 𝑥7 −  0.21 ∗ 𝑥8  +  0.13 ∗

𝑥9 − 0.24 ∗ 𝑥10                           (6) 

In the same way, the other principal components can be 

written.  

Table 3 and Figure 8 show the percentage of explained 

variance by each of the principle components.

Table 3. Percentage of explained variance by each PCs. 
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Fig. 8. Percentage of explained variance by each PCs.

Based on the percentage criterion of the explained variance, 

7 components are sufficient and explain more than 80% of the 

original variance (Table 3). Based on the Keiser criterion, the 

first four components should be selected because their 

eigenvalue exceeds 1.  

Figure 9 shows the initial variables and their correlation to 

the first two principle components. The directional arrows 

associated with the variables indicate the extent and direction of 

their influence on the respective principal components. 

Moreover, their relative positions allow for the interpretation of 

inter-variable correlations: 

• Perpendicular vectors suggest no correlation between 

variables. 

• Small angles between vectors indicate a strong positive 

correlation. 

• An angle close to 180 degrees signifies a negative 

correlation. 

 

Fig. 9. Percentage of explained variance by each PCs. 

The results shown in Figure 9 that the primary variable x3 

and x8 are the most correlated with PC1. However, for PC2 it is 

the variable x9 and x4. 

Logistic regression in the analysis of factors influencing 

the machines availability   

The main purpose of using logistic regression was to 

identify factors of the maintenance process that affect the 

availability of the machines in production process. Principle 

components from PC1 to PC7 were used for the studies. The 

availability (A) of the machines was assessed as: OK=1, 

NOK=0. From the process 1130 observations were collected 

and then analyzed. The observations set for analysis was divided 

into two observations sets: the learning set (80%) and the 

validation set (20%) 

Figure 10 presents the values of the coefficients in the 

developed regression model. 

 

Fig. 10. Values of the coefficients in the developed regression 

model. 

Based on the values of the coefficients, the regression model 

can be presented as equation: 

𝐿𝑂𝐺𝐼𝑆𝑇𝐼𝐶 (𝐴) =  2.05 +  0.10 ∗ 𝑃𝐶1 +  0.33 ∗ 𝑃𝐶2 –  0.38 ∗

𝑃𝐶3 +  0.63 ∗ 𝑃𝐶4 –  0.20 ∗ 𝑃𝐶5 –  0.33 ∗ 𝑃𝐶6 +  0.21 ∗ 𝑃𝐶7     (7) 

The significance analysis for individual PC’s in Figure 11 is 

presented.  
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Fig. 11. Coefficients and the results of the significance 

analysis. 

 

Fig. 12. Availability distribution of machines Y depending on 

principle component PC2 and PC4. 

The presented regression results show, that components PC2 

and PC4 are the most significant factors influencing the 

machines availability (p-value< 0.001). What’s more, they are 

positively correlated with the machines availability. Moreover, 

the main components in PC2 is x3 and x8. It can be observed 

from the Table 1, that for factor x8 the p-value was close to 0.05 

(0.0582). Additionally, Figure 12 shows the availability 

distribution of machines Y depending on principle component. 

In order to evaluate quality of the model (the model error) 

of the developed LR model the confusion matrix (CM) has been 

developed. Based on the CM Accuracy of the model for the 

training data was 0.92 and for test data was 0.89. Which means, 

that the model error for the training data was 0.08 and for the 

test data 0.11. The value of Accuracy demonstrates the good 

quality ability of developed model.  

The conclusions from the analyzes carried out as part of this 

stage of the SS project were used to identify improvement 

activities for the process. Firstly, the detail analyses of the 

defined  most significant factors show that the most frequent 

errors occurred on work station with the following parameters: 

• with operators having less than 1 year of work 

experience, 

• with operating time during night operation time, 

• TPM implemented in less than half the year on the 

machines, 

• the machines with the highest production load, 

• the largest range of AM, 

• the shortest AM duration time, 

• the most reported problems on the machine post-AM. 

Secondly, for further analysis, the Ishikawa diagram and 5 

Why method were performed. These methods enabled to 

identify the root causes for the primary problem identified: the 

incorrect implementation of AM activities. By uncovering 

potential causes influencing the problem, strategies for 

enhancing maintenance implementation were determined, with 

a special focus on inadequate autonomous maintenance. Key 

causes of the improper maintenance implementation included: 

1. No comprehensive operator training in AM procedures. 

2. Insufficient specialized training for individual AM control 

points. 

3. Overloading of machines, leading to insufficient time for AM. 

4. Various standards of AM for similar machines.  

5. No procedure for removing and analyzing problems after PM 

and AM. 

In Table 4 the key causes linked to relevant identified 

significant factors are presented. 

Table 4. Key causes linked to relevant identified significant 

factors. 

No. Key causes 

Link to relevant 

significant 

factors 

1 
No comprehensive operator 

training in AM procedures 
x1, x2, x8 

2 
Insufficient specialized training 

for individual AM control points 
x1, x2 

3 
Overloading of machines, leading 

to insufficient time for AM 
x4, x6 

4 
Various standards of AM for 

similar machines 
x4, x5, x6 

5 

No procedure for removing and 

analyzing problems after PM and 

AMs 

x9 

4.2.4. Improve Phase  

The aim of the improve phase was to develop solutions aimed 

at removing the identified problems in order to achieve the 
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project goals. Table 5 presents the proposed improvement 

actions. The proposed solutions focused on eliminating the 

causes of the problems identified in the Analyze phase. In 

addition, for the proposed solutions, the person responsible for 

their implementation and the time of their implementation 

[month] was specified.

Table 5. Improvement actions. 

Lp. Improvement actions Responsible person Time [month] 

1 
Creation of an employee training program SS Leader 1 

Execution of employee training sessions Maintenance Supervisor 3 

2 Establishment of a method of monitoring AM performance SS Leader 2 

3 Formulation of a protocol for addressing post-AM and PM issues Maintenance Supervisor 6 

4 Assessment and implementation of revisions to PM practices Maintenance Supervisor 6 

5 Review and implementation of adjustments to production planning Production Supervisor 6 

6 Standardization of AM processes across machines of identical types Maintenance Supervisor 3 

7 Integration of scheduled audits into the workflow SS Leader 6 

The above proposed solutions were implemented to the 

analyzed process.   

4.2.5. Control Phase  

The key purpose of the this SS phase was to assess the degree 

to which the suggested and implemented actions have generated 

the planned results. At present, within the context of the studied 

company, four out of the seven proposed initiatives have been 

implemented: the creation and realization of an employee 

training program, the establishing a method for monitoring AM 

performance and formulation of a protocol for addressing post-

AM and PM issues. Moreover, the final stages of developing  

a protocol for addressing issues post-AM and PM are underway.  

Even though not all improvements have been fully realized, 

the company is already observing certain advantages. Notable 

among these is a reduction in the number of reported issues 

following AM, noticeable improvements in the consistent 

application of standardized AM procedures, and increased 

awareness among production personnel concerning 

maintenance process. A comprehensive evaluation of the 

usefulness of these executed measures will be conducted after 

all improvements have been implemented. In addition, periodic 

audits were conducted to check the continuity of the 

implementation of implemented activities. 

5. Conclusions And Future Directions 

Analyzing the current literature on SS, one can see the authors' 

growing interest in using the new I4.0 technologies in the 

DMAIC improvement cycle. In the face of the availability of 

large data sets, the traditional methods used so far in the SS 

methodology are no longer sufficient, which is why the authors 

of the publication emphasize the legitimacy of using new, 

advanced analytical methods that increase the effectiveness of 

SS projects. New I4.0 technologies affect not only the methods 

of obtaining and data, but also their collection and advanced 

analysis. 

That’s why the main aim of the paper was to present the 

possibility of the application of the SS project in the 

maintenance process using the DMAIC methodology and 

selected advanced analytical methods, such as PCA and LR. The 

goal of using the PCA method was to decrease the number of 

variables describing the analyzed process and to discover the 

relationship between the variables. The main purpose of using 

logistic regression was to identify additional factors of the 

maintenance process that affect the availability of the machines 

in production process. Firstly,  the scope of the SS project and 

needed information from the process was defined. Then, the 

combination of qualitative and quantitative research methods 

used in the first  phase of the study allowed to identify the 

individual factors affecting the availability of the machines. 

Then, the use of advanced analytical tools, such as PCA and 

logistic regression, allowed for the identification of 

relationships between the analyzed  factors, as well as to 

discover the new, additional factors affecting the effectiveness 

of the analyzed process. The identified factors and their 

interactions made it possible to define activities in maintenance 

process requiring improvements. As a consequence, the 

implemented improvement activities significantly increased the 

efficiency of the process, and thus the machine’s availability in 
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the manufacturing process. 

Due to the fact that mechanical failures predominated in the 

analyzed company, the analyzes carried out concerned this type 

of failures. In further stages of research, when conducting  

a more in-depth analysis, it is worth considering carrying out 

similar research  for other types of failures, i.e. automation and 

electricity. The results of such analyzes may reveal further 

important factors influencing their occurrence and thus indicate 

additional actions to improve the maintenance process in the 

company. 

Analyzing the literature, one can notice a growing interest 

in the use of I4.0 technology in SS projects. The reasons for this 

interest can be seen in the very fast progressing automation and 

computerization of production processes, and thus in access to 

large data sets. On the one hand, such amount of data and their 

structure is a challenge for traditional analysis methods used in 

SS, on the other hand, it creates new opportunities to discover 

new knowledge about processes, and thus, to make more 

effective decisions as to the direction of process improvement. 

Reviewing publications on the use of advanced methods of data 

analysis in SS projects, the authors indicate the possibility of 

using, for example, BDA, IoT and show the potential benefits 

of their implementation. However, there is still not much 

research, especially practical examples of their applications. 

Since the technological progress in the field of data acquisition 

and collection is very fast, there is a need, primarily from  

a practical point of view, to extend the SS methodology with 

new advanced analytical tools and to build a road map for SS 

project managers. In this aspect, it would be interesting to assign 

new analytical tools to individual phases of the DMAIC cycle 

and to build a guide for their use.
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