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Abstract: The increase in the performance and effectiveness of maintenance processes is a continuous
aim of production enterprises. The elimination of unexpected failures, which generate excessive costs
and production losses, is emphasized. The elements that influence the efficiency of maintenance are
not only the choice of an appropriate conservation strategy but also the use of appropriate methods
and tools to support the decision-making process in this area. The research problem, which was
considered in the paper, is an insufficient means of assessing the degree of the implementation of
lean maintenance. This problem results in not only the possibility of achieving high efficiency of the
exploited machines, but, foremost, it influences a decision process and the formulation of maintenance
policy of an enterprise. The purpose of this paper is to present the possibility of using intelligent
systems to support decision-making processes in the implementation of the lean maintenance concept,
which allows the increase in the operational efficiency of the company’s technical infrastructure.
In particular, artificial intelligence methods were used to search for relationships between specific
activities carried out under the implementation of lean maintenance and the results obtained. Decision
trees and rough set theory were used for the analysis. The decision trees were made for the average
value of the overall equipment effectiveness (OEE) indicator. The rough set theory was used to assess
the degree of utilization of the lean maintenance strategy. Decision rules were generated based on the
proposed algorithms, using RSES software, and their correctness was assessed.

Keywords: decision-making process; lean maintenance; effectiveness; decision trees; rough set theory

1. Introduction

Obtaining appropriate reliability and quality of products requires proper methods of enterprise
management, production, and the means necessary for its implementation [1]. These methods allow
for the coordination and integration of all company functions [2]. One of the elements affecting the
high quality of a product is the condition of technological machines maintained in enterprises [3–5].
Its suitability and technical condition largely determine the quality and competitiveness of a product.

Maintenance management is a critical issue amongst management activities of manufacturing
organizations [6–8]. Therefore, in recent years, intensive efforts have been made to propose and
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improve maintenance strategies that aim to extend the useful life of every piece of existent equipment,
increase its availability, and guarantee higher levels of reliability [9–11].

In recent decades, maintenance was regarded as a necessary evil in managing an organization,
because it was limited to the appropriate functions that are usually performed in emergency situations,
such as a machine failure. However, this practice is no longer acceptable, because the role of maintenance
has been recognized as a strategic element of generating revenues for the organization [1].

The maintenance process in enterprises was not always carried out in a way that ensures the
minimization of outlays while maximizing the achieved effects in service and maintenance processes.
In practice, obtaining the maximum benefits from the operation of a technological machine system
requires an optimal solution to a number of tasks [12,13]. For a larger number of machines, it creates the
need for appropriate system modelling, simulation research, and optimization of partial and complex
tasks based on the adopted optimization criteria [14]. Accordingly, the company must establish a
maintenance system that enables these activities to be carried out in an optimal manner from the
point of view of resource pro-vision and its effectiveness [15]. These activities are usually carried out
in accordance with a specific exploitation strategy that has been developed with the development
of production systems. Most of the enterprises with foreign capital managed to organize effective
maintenance [16]. However, small and medium enterprises are still looking for the right method for
their reorganization as well as for the right way of supervising technological machines and equipment
that would allow for improving effectiveness as well as for using it in a manufacturing process. That is
why, some organizations have started implementing lean methods and tools in the area of maintenance
defined as lean maintenance [17]. Lean maintenance is a proactive maintenance strategy whose main
goal is to support reliability in the most effective, cost-effective way possible, which means keeping
costs to a minimum while ensuring high efficiency and productivity. This philosophy is mainly based
on the concept of total productive maintenance (TPM), the idea of which is to involve all employees at
every level of the organization in maintenance and management tasks [18].

This paper presents the possibilities of using intelligent systems to support decision-making
processes in the implementation of the lean maintenance concept. The aim of the article is to indicate the
methods and tools of lean maintenance, which have the greatest impact on increasing the effectiveness
of the enterprise. The obtained research results indicate which lean maintenance methods and
tools should be implemented in the company in the first place to increase the efficiency, quality,
and availability of its production processes. This problem is particularly important from the point of
view of small- and medium-sized enterprises, which do not always have adequate human or financial
resources to implement modern concepts in a wide range. The methodology used in the work is
based on the use of artificial intelligence methods (decision trees, rough set theory), which allows
for the identification of factors influencing the effectiveness of lean maintenance implementation
by enterprises. The second chapter of the article contains the background. Section 3 describes the
problem formulation and methodology. Section 4 presents the results of research on the use of the
overall equipment effectiveness (OEE) indicator in enterprises and the concept of using artificial
intelligence (AI) methods to assess the effectiveness of the implementation of the lean maintenance
concept. The work is summarized with conclusions and a proposal for further work.

2. Literature Review

2.1. Lean Manufacturing as the Foundation of Lean Maintenance

Global industry in the 21st century motivates companies to seek and implement a more competitive
production system. Many of them implement or plan to implement lean manufacturing. Lean
manufacturing philosophy is mainly used in industry to increase efficiency and productivity. It was
developed in the 1990s and is mainly based on the Toyota Production System (TPS) [19].

The basis of this concept is the elimination of unnecessary losses that have a significant impact on
productivity and profit. These losses can be divided into three main types: Muda, Mura, and Muri.
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Muda identifies seven types of waste, which include transportation, supplies, redundant movement,
waiting, overproduction, over processing, and defects. Mura means unevenness, non-uniformity,
and irregularity and is the reason for the existence of any of the seven wastes. Finally, Muri means
overburden, beyond one’s power, excessiveness, impossible, or unreasonableness and can result from
Mura and, in some cases, can be caused by excessive removal of Muda from the process [20–22].

Production using the lean manufacturing philosophy should consist of reducing the amount of
losses related to people, inventory, time to market, and production space, so as to obtain a highly
reactive demand for customer needs, while producing high-quality products in the most efficient and
cost-effective manner [23]. Lean manufacturing can be a cost reduction mechanism, and if properly
implemented, it will make it a world-class organization [24], and importantly, lean manufacturing can
be used in all industries [19,25].

Many organizations have embarked on the practice of using “lean tools” primarily to eliminate
wasted production. It is widely recognized that organizations that have applied lean manufacturing
methods have significant cost and quality advantages over those that continue to use traditional
manufacturing [23]. It turns out that organizations pay more and more attention to maintenance,
which is why some organizations have started to practice lean maintenance in addition to
lean manufacturing.

Lean maintenance is a concept that implements activities aimed at increasing the effectiveness
of technical infrastructure. These activities are related to the elimination of losses in maintenance,
such us [18,19]:

• Unproductive works—execution of works that do not increase the reliability of the
technical infrastructure;

• Delays in the implementation of works—waiting for the availability of technical infrastructure in
order to carry out preventive actions;

• Unnecessary motion—unnecessary trips to stores with spare parts and searching for the required
tools to get the job done;

• Poor inventory management—lack of having an appropriate number of needed spare parts in a
specific time;

• Reworking—repeating tasks due to poor quality of performance;
• Insufficient use of resources—inadequate use of available resources and skills of maintenance teams;
• Machine misuse—malfunction or intentional operating strategies leading to maintenance work

that does not need to be performed;
• Ineffective data management—collecting data that are useless, and not those that are important.

Duran et al. [26] show the connection between the sources of waste in lean manufacturing and
lean maintenance (Table 1).

Table 1. Relationships between sources of waste in lean manufacturing and lean maintenance.

Waste in Lean Manufacturing Waste in Lean Maintenance
material transport transport of spare parts and tools

manufacture of non-required goods implementation of non-required maintenance
activities (over maintenance)

waiting between operations or in the course of
an operation

the waiting between maintenance actions
or procedures

stocks of materials excessive stocks of spare parts
over processing excessive or too frequent maintenance activities

non-conforming products rework

The elimination of waste is most often carried out by implementing lean tools such as 5S,
standardized work, Kaizen, Poka-Yoke, and value stream mapping (VSM) [27,28]. They are most
commonly applied to make production processes more effective and to reduce lead-time or cost of
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production, but they can also be applied for maintenance operations. As the most common examples
of application lean tools in the maintenance area, the implementation of the standardized work for
maintenance operators, the Andon system to initiate corrective maintenance, or using VSM to identify
and eliminate waste in maintenance operations can be distinguished [29]. However, the fundamental
elements of lean philosophy and total productive maintenance (TPM) must be implemented before
application of such specific tools [30].

2.2. Decision Support Systems in Maintenance Management

The problem of supporting decision processes in maintenance management has been the topic
of many studies for over a dozen years now. Bashiri, Badri, and Hejazi [31] and Zhaoyang, Jianfeng,
Zongzhi, Jianhu, and Weifeng [32] highlighted the role of risk-based maintenance in the maintenance
management process. Cruz and Rincon point out that the maintenance process is at risk due to
equipment failure [33]. Rinaldi, Portillo, Khalid, Henriques, Thies, Gato, and Johanning emphasized
the importance of quantitative reliability, availability, and maintainability at early design stages [34].
Additionally, Wang, Furst, Cohen, Keil, Ridgway, and Stiefel predicted the risk of equipment failure
using the Monte Carlo method [35], while in later works, they proposed approaches to monitoring
disruptions and risk using ontologies and multi-agent systems [36].

Taghipour, Banjevic, and Jardine have proposed a method to identify and prioritize critical devices
to mitigate functional failures [37]. Li, Parikh, He, Qian et al. incorporated machine learning techniques
into the process of predicting failures, taking into account historical and real-time data analysis [38].

Jamshidi, Rahimi, Aitkadi, and Ruiz used fuzzy failure modes and analysis of effects to prioritize
the operation of machinery, equipment, and classification [39], while Carnero and Gomez suggested
the use of a multi-criteria model to increase the efficiency of the maintenance process [40].

Zeineb, Malek, Ahmand Ikram, and Faouzi, taking into account the total cost of ownership,
used the Analytic Hierarchy Process (AHP) method to establish an appropriate-optimal maintenance
program [41]. Moreover, fuzzy analytic hierarchy process for performing diagnostic and prescription
tasks was discussed by Duran, Capaldo, and Duran Acevedo [27].

Lin, Yuan, and Tovilla use a continuous Markov chain model in a stochastic decision
model that combines the effectiveness of maintenance activities and natural changes in state [42].
Jasiulewicz-Kaczmarek and Żywica use the non-additive fuzzy integral and balanced scorecard in the
maintenance process [43]. In [44], the authors proposed a scorecard model that allows for monitoring
the maintenance process in an enterprise. Finally, the importance of modern IT technologies in the
maintenance decision-making process was also emphasized by Kosicka, Gola, and Pawlak [45].

Although the literature on the subject presents many solutions supporting decision-making in
maintenance management, intelligent systems that are dedicated to supporting the implementation of
the lean maintenance concept are not presented. For the time being, some limited results were presented
by Antosz, Pasko, and Gola during the 13th IFAC Workshop on Intelligent Manufacturing Systems
(Oshawa, ON, Canada) [46]. This explains why the research problem that was considered in the paper is
an insufficient means of assessing the degree of the implementation of lean maintenance. This problem
results in not only the possibility of achieving high efficiency of the exploited machines, but, foremost,
it influences a decision process and the formulation of maintenance policy of an enterprise. In the
context of the work conducted, the methodology of assessing lean maintenance was presented.

3. The Work Methodology

The research was carried out in two stages. The first stage of the study considered collecting the
information on the systems of technical infrastructure management, in particular, the methods and
tools of lean maintenance as well as the ability to identify the factors affecting the efficiency of their
application. This stage in detail includes:

• Identification of the degree of the use of specific methods and tools of the lean maintenance
concept in manufacturing enterprises;
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• Identification of the results obtained by the production enterprises that are implementing the lean
maintenance concept;

• Identification of the factors affecting the results obtained after the implementation of the lean
maintenance concept in enterprises;

• Indication of the relationship between the activities undertaken as part of the implementation of
the lean maintenance concept and the results achieved.

The detailed work methodology is presented on Figure 1.
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Figure 1. The detailed work methodology of the research.

The studies were carried out in 150 manufacturing enterprises in Podkarpackie Voivodship
(Poland). Qualitative as well as quantitative research methods were used to analyze the results
obtained. Additionally, a statistical analysis with the chi square test of the obtained results allowed us
to identify the factors that influence the lean maintenance implementation effectiveness. In the second
phase of the study, the concept of using artificial intelligence (AI) methods was proposed in order to
assess the effectiveness of the lean maintenance concept implementation.

Artificial intelligence methods were used to search for the relationship between specific activities
carried out under the implementation of lean maintenance and the results obtained. Decision trees and
the rough set theory were used for the analysis. Decision trees were made for the variable of the average
value of the OEE indicator. Decision trees enabled the generation of decision rules that can be the
basis for determining the directions and effects of implementing lean maintenance in manufacturing
enterprises. The rough set theory was used in order to assess the degree of the lean maintenance
concept usage.

4. The Assessment of Lean Maintenance Effectiveness Concept in Enterprises

4.1. Use of the OEE Indicator in Enterprises—Study Results

The aim of the first stage of the research was to collect information on the use of lean maintenance
methods and tools in enterprises, such as total productive maintenance (TPM), single minute exchange
of die (SMED), 5S, and OEE indicator. The research, which was carried out in two stages, stage
I—in 2010–2014 and stage II in 2014–2017, covered 150 production companies in the Podkarpackie
Voivodship. The following criteria were taken into account when classifying the surveyed enterprises:
size of the organization, production, type, industry, type of ownership, its capital, the company’s
condition, and the type of machines owned. Among the analyzed enterprises, there were those
that carried out several types of production or operated in several industries. Among the analyzed
enterprises, the biggest group were large enterprises (stage I: 46%, stage II: 52%). The next group were
medium-sized enterprises (stage I: 27%, stage II: 32%). Among the surveyed enterprises, those from
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the metal processing industry dominated (stage I: 22.77%, stage II: 22.41%), followed by the aviation
industry (stage I: 23.76%, stage II: 24.14%) and the automotive industry (stage I: 18.81%, stage II:
20.69%) (Figure 2). The majority were private enterprises (stage I: 94%, stage II: 98%) with Polish
capital (stage I: 44%, stage II: 2%) or majority foreign capital (stage I: 44%, stage II: 25%) (Figure 3).
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A survey method was used for the research. The designed questionnaires allowed us to obtain
the data in the same form from all the respondents who did them independently. The survey included
the representatives of medium and top management as well as the workers directly responsible for
the supervision process of technological machines and devices and the chosen machine operators.
The survey was realized in the form of conjunctive closed questions, which included a list of the
prepared, provided-in-advance answers presented to a respondent with a multiple response item in
which more than one option might be chosen. Additionally, other answers could be given if they were
not among the provided options.

Within the conducted survey, the identification of the measures used for the effectiveness
assessment of the implemented LM methods and tools as well as the benefits from their use noticed by
enterprises were thoroughly analyzed. Collecting the information on the used types of measures for
the effectiveness assessment of machine operation was the area of the conducted studies. The OEE
indicator is one of the measures recommended in the literature. While assessing the effectiveness of the
possessed machines and the implementation of the TPM method, this parameter is crucial. However,
as the studies show, it is not always used [47,48]. The OEE indicator was one of the main study areas.
The aim of the studies was to investigate if the OEE indicator was calculated in enterprises and how its
value changed after the TPM method implementation.

Figure 5 shows that most of the analyzed enterprises still do not apply the OEE indicator (stage II:
60.38%, stage I: 73.96%). Only a few percent of the enterprises use this indicator for all machines
(stage II: 7.55%, stage I: 5.21%).
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Figure 6 shows the size of the enterprises where this indicator in not used. The second stage of the
studies indicates that the indicator is the most often not used in the medium size enterprises (stage I:
7.55%, stage II: 5.21%). However, its use increased significantly in micro companies (stage I: 10.26%,
stage II: 5.88%).

In addition, the fact this indicator is not most often used in the enterprises with unit production
(stage I: 29.49%, stage II: 29.41%) as well as with medium-batch production (stage I: 23.08%, stage II:
29.41%) was identified. Its use increased significantly in mass production (stage I: 8.97%, stage II: 2.94%).
Furthermore, the indicator is most often not used in the enterprises of aviation, metal processing,
and automotive industries. However, all the enterprises of the food industry that took part in the
second stage of the studies declared its application. A crucial issue during the conducted studies
was to obtain the information on the rate of calculating the OEE indicator. The rate of obtaining
such information is essential, because the OEE indicator values inform us on an ongoing basis about
productivity of the possessed machines. If the information is collected too seldom, a prompt reaction
will not be possible in cases when the use of machines decreases.
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The conducted studies show that in many enterprises the OEE indicator is calculated once a
month (stage I: 26.09%, stage II: 25.00%). However, more and more often, the OEE indicator is
calculated once per shift—the increase of over 17%, less often once a day—the decrease of over 16%.
The obtained results show that large enterprises calculate the OEE value once per shift most often,
medium enterprises once a month, small and micro enterprises once a week. The rate of calculating
the indicator does not differ significantly in case of conventional and numerical machines (most often
once per shift). Comparing the study results from the stages I and II, the rate of calculating changed
from once a month to once a week for the machines described as “other”.

Another element of the realized studies was collecting the information, which considered the value
of the OEE indicator. Its value is important, because it allows us to conduct initially a general analysis
of the effectiveness of the possessed machines. The value over 85% is considered as the world level
value of this indicator [49]. Analyzing the obtained results, it was stated that the number of companies
that declared an average value of the OEE indicator at the level of 50–70% (stage I: 18.18%, stage II:
33.33%) and at the level of 30–50% (stage I: 9.09%, stage II: 25.00%) increased significantly. In stage II of
the studies, none of the analyzed companies declared the OEE values below 30%. The highest OEE
indicator values of over 70% are obtained in large enterprises for numerical machines, in the aviation
and automotive industry with major foreign capital. The lowest OEE indicator values, below 30%,
are obtained in small enterprises for the machines described as “other”, in the metal processing industry
with Polish capital.

4.2. Identification of Factors Influencing the Effectiveness of Lean Maintenance Implementation

The aim of this stage was to identify the factors, which have an influence on the OEE value in
analyzed enterprises. For provided analyses, the statistical chi-squared test was used. The following
hypotheses were proposed zero hypotheses (H0), which means that there is not a significant difference
in the solutions used in particular enterprises and alternative hypotheses H1, as there is a difference in
the solutions used in particular enterprises.

These hypotheses can be written as

H0 = p1 = p2 = p3 = . . . . . . = pn (1)

and
(H1) = p1 , p2 , p3 , . . . . . . , pn (2)

The obtained p-value decided about accepting or rejecting H0, and therefore about accepting the
alternative Hypothesis H1. If:
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1. p-value < 0.05—H0 is rejected; thus, the alternative Hypothesis H1 is accepted.
2. p-value ≥ 0.05—H0 is accepted.

Table 2 shows the posed research hypotheses for the values of the OEE indicator as well as the
obtained p-values.

Table 2. Research hypotheses—the effects obtained for the implementation of the lean maintenance
methods and tools.

p-ValueHypothesis
Number

Hypothesis
OEE

Hypothesis 1 There is no difference in the values of measures obtained in the enterprises
of different sizes 0.588

Hypothesis 2
There is no difference in the values of measures obtained in the enterprises

of different production types (SB—small-batch, UP—unit production,
MB—medium-batch, LB—large-batch, MP—mass production)

0.316

Hypothesis 3 There is no difference in the values of measures obtained in the enterprises
of different industries 0.041

Hypothesis 4 There is no difference in the values of measures obtained in the enterprises
of different ownership 0.048

Hypothesis 5 There is no difference in the values of measures obtained in the enterprises
in different condition 0.967

Hypothesis 6 There is no difference in the values of measures obtained in the enterprises
of different capital 0.235

Hypothesis 7 There is no difference in the values of measures obtained in the enterprises
with different types of machines owned 0.339

Hypothesis 8 There is no difference in the values of measures obtained in the enterprises
that are implementing 5S method 0.422

Hypothesis 9 There is no difference in the values of measures obtained in the enterprises
that are implementing the SMED method 0.535

Hypothesis 10 There is no difference in the values of measures obtained in the enterprises
that use Kanban for spare parts 0.348

Hypothesis 11 There is no difference in the values of measures obtained in the enterprises
with different ways of supervision 0.854

Hypothesis 12 There is no difference in the values of measures obtained in the enterprises
with different types of supervision 0.305

Hypothesis 13 There is no difference in the values of measures obtained in the enterprises
with different mean time to repair 0.025

Hypothesis 14 There is no difference in the values of measures obtained in the enterprises
with a different number of actions that prevent unplanned downtimes 0.707

For the analyzed Hypotheses 3 and 4, there is a statistically validated difference in the value of
the OEE indicator (p-value OEE = 0.041 and OEE = 0.048—Hypothesis H0 rejected, Hypothesis H1
accepted). It means that, in the studied enterprises, the value of OEE depends on the type of ownership
and the enterprise industry. In case of the concerned Hypothesis 13, there is also a statistically validated
difference in the value of the OEE indicator (p-value OEE = 0.025, p-value LA = 0.005—Hypothesis H0
rejected, Hypothesis H1 accepted). It means that, in the studied enterprises, the value of OEE depends
on the mean time to repair. The detailed results of the obtained studies were presented in the work [50].

On this basis, the following conclusions were drawn: the factors that influence the use of lean
maintenance methods and tools are for example industry and the capital owned. The presented
analyses allowed us to highlight the actual activities undertaken in the management of technical
infrastructure and existing problems, and, thus, the possibility of identifying factors that increase the
efficiency of lean maintenance. It should be noted that the studies often showed that single factors
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do not have a significant impact on the studied areas, although their interaction with other factors
may have a substantial impact on the analyzed area. However, the problem is that analyzing a process
with many variables is very difficult. Therefore, in the second stage of the study, the concept of using
artificial intelligence (AI) methods in order to assess the effectiveness of the lean maintenance concept
implementation was proposed.

5. Intelligent System to Support the Decision-Making Process in Lean Maintenance Management

5.1. Selection of Decision Variables in the Evaluation Process

To assess the effectiveness of lean maintenance tools, the factors influencing the dependent variable
were identified. In the research on the assessment of the effectiveness of lean maintenance tools,
one dependent variable and 19 explanatory variables (predictors) were determined. In the conducted
research, one dependent variable was assumed: the average value of the OEE indicator.

Due to the large variety (combination) of response options, three additional indicators were
introduced in the surveyed enterprises: maintenance strategy indicator (MSI), number of preventive
activities (NPA), and number of TPM activities (NTPMA) indicator. The NPA number is the number
of actions to prevent unplanned downtime, calculated as the total value of actions carried out
simultaneously by the enterprise. During the survey (data collection) process, the company could
choose several activities from the following:

1. Implementation of autonomous service (by the operator).
2. Implementation of preventive maintenance.
3. Forecasting activities based on the condition of machines (e.g., vibration analysis).
4. Additional operator training.
5. Additional training of maintenance service employees.
6. Equipping the maintenance services with specialized instruments (e.g., for measuring vibrations,

for measuring the noise level).
7. Exchange of machines for new ones.
8. Modernization of machines.
9. Increasing the number of employees of maintenance services.
10. Outsourcing some maintenance activities to external companies.

Depending on how many activities are carried out by the enterprise at the same time, the indicator
may range from 1 to 10. In addition, during the survey (data collection) process, the company could
choose several activities implemented as part of the implementation of the TPM method, recommended
in the literature on the subject, from the following:

1. Training of selected employees.
2. Training of all employees.
3. Implementation in a selected pilot area (position, line, etc.).
4. TPM workshops in the selected pilot area (stand, line, etc.).
5. Assessment of machines in terms of meeting health and safety requirements.
6. Assessment of the technical condition of machines.
7. Identification of non-conformities on machines.
8. Development of the inspection schedule.
9. Development of a renovation schedule.
10. Development of the scope of preventive service (for maintenance services).
11. Development of the scope of autonomous service (for the operator).

NTPMA =

∑11
i=1 xi

maxnumber o f activities
∗ 100% (3)
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Depending on the value obtained, the indicator had four levels: low, medium, high and very high
(Table 3).

Table 3. The levels of number of TPM activities (NTPMA) indicator.

The Value of NTPMA Indicator 0–25% 26–50% 51–75% More than 75%
Level Low Medium High Very high

The last index developed is the MSI index. With this indicator, it is possible to determine
what technical infrastructure management strategy is applied by the enterprise. During the
study (data collection), the company could choose several activities defining the realized
activities implemented under the corrective maintenance (CM), preventive maintenance (PM),
and condition-based maintenance (CBM) strategies. In order to define the index for possible variants
of answers, numerical values ranging from 1 to 7 were introduced (Table 4). The lowest value was
given to the action implemented in accordance with the CM strategy as the least effective strategy.
However, the highest efficiency (value 7) was adopted for the operation: continuous monitoring of the
condition of all machines (e.g., noise, vibrations, temperature) (CBM).

Table 4. Maintenance strategy—realized activities.

Maintenance Strategy—Realized Activities Value
Only failures are removed on a regular basis (CM) 1
Inspections during the warranty period (PM) 2
Scheduled inspections by maintenance services (PM) 3
Scheduled inspections and repairs carried out by maintenance services (PM) 4
Machine condition assessment by the operator before starting work—autonomous
maintenance (PM) 5

Continuous condition monitoring of selected machines (e.g., noise, vibration, temperature) (CBM) 6
Continuous condition monitoring of all machines (e.g., noise, vibration, temperature) (CBM) 7

The value of MSI indicator is calculated as the sum of the value of activities by the number of
implemented activities (4).

MSI =

∑n
i=1 xi

n
(4)

The MSI indicator may take values from 1 to 7. Value 1 means mainly the CM strategy,
value 3.5—PM strategy, value 7—CBM strategy. When the value of the ratio is <3.5, it means the
implementation of a mixed strategy, mainly CM–PM; when >3.5, it means the implementation of
mainly a mixed strategy PM–CBM. At the same time, when closer to the value of 3.5, PM is the
prevailing strategy. In order to ensure the adequacy of the adopted indicator, the variants of the strategy
implemented by the examined enterprises were analyzed. For individual values of the indicator,
implemented strategy variants (sequence of implemented actions) were assigned. The distribution
of variants of the implemented strategies (distribution close to the normal distribution) allows us to
confirm the validity of the adopted indicator (Table 5).

Table 5. The values of maintenance strategy indicator (MSI) indicator.

The Value
of MSI

Indicator
1 1.5 2 2.5 3 3.5 4 4.5 5 5.5 6 6.5 7

Range 1.00–1.24 1.25–1.74 1.75–2.24 2.25–2.74 2.75–3.24 3.25–3.74 3.75–4.24 4.25–4.74 4.75–5.24 5.25–5.74 5.75–6.24 6.25–6.74 More than
6.75

1 12 13 125 3 2345 23456 36 456 457 6 7
14 235 245 457 1367 2567 57
23 12345 236 4 3456 3457

15 235 345 346
135 245 2457
24 35

Maintenance
strategy
(realized
actions)

CM CM—PM PM PM—CBM CBM
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The Statistica Data Miner system was used to conduct the analyzes. This system enables the
preparation of data in the form of a training and test set, intuitive guidance through the model building
and fitting procedure, and a clear visualization of test results.

5.2. Decision Trees in the Assessment of the Effectiveness of Lean Maintenance

Due to qualitative nature of the dependent variables, classification decision trees with the use of
the classification and regression trees (CART) algorithm were used.

Not all surveyed enterprises used the same solutions, methods, and tools, therefore the main
criterion for selecting this method was its insensitivity to the occurrence of atypical observations,
which are believed to come from a different population, and the possibility of its effective use in datasets
characterized by numerous shortcomings in independent variables. Additionally, the following
advantages of CART classification trees determined the choice of the method:

• Taking into account non-monotonic dependencies through successive divisions with respect to
the same variable;

• Simple interpretation of results in comparison with other methods;
• Suitability for tasks, where the a priori knowledge of which variables are related and how they

are uncertain and intuitive;
• Non-parametric and non-linear;
• Estimating and ranking the importance of individual predictors (input variables) in the process of

shaping the value of the dependent variable;
• Very useful for classification issues.

The CART tree for a dependent variable—a mean value of the OEE indicator—was designed
for 24 enterprises out of the studied group of enterprises, which had analyzed this indicator and
implemented the TPM method. The following explanatory variables (predictors) were assumed:
enterprise size, production type, industry, ownership type, capital, company condition, machine type,
5S implementation, 5S activities, SMED implementation, way of supervision, maintenance strategy,
actions undertaken to prevent unplanned downtimes (number of prevent actions—NPA), machine
classification, spare parts classification, actions within TPM implementation (NTPMA indicator),
and mean time to repair. The following were assumed while creating the tree: equal costs of the
incorrect classification, Gini coefficient, stop rule, and a minimum size criterion in the divided node
n ≥ 2, which will allow for a detailed analysis of a tree structure and for 10-fold cross validation as a
quality measure. A tree consisting of 12 divided nodes and 13 end nodes was chosen for the analysis.
In order to assess the quality of the chosen tree, its validation for a new dataset was conducted. Thirteen
decision rules may be defined for the created tree, which has 13 end nodes. The chosen decision rules,
for which the highest values of OEE were reached (over 85% and for the range 70 to 85%) with the use
of additional lean maintenance methods and tools, were presented below. Decision rules established
on the basis of the decision tree are:

1. If an enterprise represents metal processing, aviation, or paper and wood industry, does not
run partial supervision by outsourcing, and possesses an MSI indicator at the level of ,4,5 and
realizes machine classification, then it reaches an average value of the OEE indicator of over 85%
(node 12).

2. If an enterprise represents an industry other than metal processing, aviation, or paper and wood.
possesses an MSI indicator at the level of 3.5–5.6 and NPA number > 3, and the mean time to
repair is below 1 h, then it reaches a mean value of the OEE indicator within the range from 70
to 85%.

3. If an enterprise represents an industry other than metal processing, aviation, or paper and wood
and possesses an MSI indicator at the level other than that of 3.5–5.6 and an NTPMA indicator at
any level other than high, then it reaches a mean value of the OEE indicator within the range
from 70 to 85%.
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4. If an enterprise represents an industry other than metal processing, aviation, or paper and wood,
possesses an MSI indicator at any level other than that of 3.5–5.6a and an NTPMA indicator at
a high level, and realizes supervision on its own with the service through outsourcing, then it
reaches a mean value of the OEE indicator within the range from 70 to 85%.

5. If an enterprise represents an industry other than metal processing, aviation, or paper and wood,
possesses an MSI indicator at any level other than that of 3.5–5.6 and an NTPMA indicator at a
level other than high, and realizes supervision in a way other than on its own with the service
through outsourcing, then it reaches a mean value of the OEE indicator of over 85%.

In order to evaluate the generated decision-making rules, research was again carried out
in 20 randomly selected enterprises. Then, an expert system was designed and made (using
PC-Shell—an expert system shell from the Aitech Sphinx software), taking into account the generated
decision rules. Then, the general classification ability of the generated decision rules was tested using
qualitative measures. Two blocks—aspects and rules—were used to develop the knowledge base in
the system. The aspect block was used to declare the decision attributes and their values. On the other
hand, the explanatory variables placed in the decision tree nodes are the decision attributes. The results
of system inference were represented by the result attribute (target attribute). Finally, the value of the
received attribute “OEE value” is presented in a separate window. The quality analysis consisted of
developing binary matrices of classifiers’ errors determined for the classes that most commonly appear
in the conducted studies. In the developed binary matrices (confusion matrices) (Table 6), the class
analyzed at a particular moment was assumed as positive, while the remaining classes were treated
as negative.

Table 6. Confusion matrix.

Real Classes
Predicted Classes

Positive Negative

Positive TP (True positive) FN (False negative)

Negative FP (False positive) TN (True negative)

Tables 7 and 8 present confusion matrices for the classifier—the value of OEE for the two
most-emerging classes: 30–50% and 70–85%.

Table 7. Confusion matrix for the classifier value of the OEE indicator—30–50% class.

Real Classes
Predicted Classes

Positive Negative

Positive 7 0

Negative 0 13

Table 8. Confusion matrix for the classifier value of the OEE indicator—70–85% class.

Real Classes
Predicted Classes

Positive Negative

Positive 5 1

Negative 2 12

Based on the confusion matrix, numerical indicators presented in Table 9 can be designated.
In detail, these indicators have been presented and discussed, among others in the works [51–53].
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Table 9. Indicators used to test the quality of classifiers [54].

Indicator Designation Formula

Acc Accuracy Acc = TP+TN
TP+TN+FP+FN

Err Overall error rate Err = FP+FN
TP+TN+FP+FN

TPR True positives rate TPR = TP
TP+FN

TNR True negatives rate TNR = TN
TN+FP

PPV Positive predictive value PPV = TP
TP+FP

NPV Negative predictive value NPV = TN
TN+FN

FPR False positive rate FPR = FP
FP+TN = 1− TNR

FDR False discovery rate FDR = FP
FP+TP

FNR False negatives rate FNR = FN
TP+FN = 1− TPR

MCC Matthew’s correlation coefficient MCC = TP×TN−FP×FN√
(TP+FN)(TP+FP)(FN+TN)(FP+TN)

F1 F1-score F1 = 2×PPV×TPR
PPV+TPR

J Youden’s J statistic J = TPR + TNR− 1

On the basis of the developed binary matrices, for each of them, the values of the twelve indicators
showing the classifiers’ quality were calculated. Table 10 presents the results for the highlighted
classifier classes.

Table 10. Indicators used to test the quality of classifiers.

Indicators Acc TPR TNR PPV NPV MCC F1 J Err FPR FDR FNR

Classifier: an average
OEE value

Marked
class

30–50% 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 0.00 0.00 0.00

70–85% 0.85 0.83 0.86 0.71 0.92 0.66 0.77 0.69 0.15 0.67 0.29 0.17

The obtained indicator values the assessment of a classification measure, e.g., of an error (Err) at the
level of 0.00 and 0.15, proved high usefulness of the developed classifiers, and thereby, their possibility
to be applied by manufacturing enterprises for the effective assessment of the lean maintenance
methods and tools implementation.

5.3. The Theory of Rough Sets to Support the Lean Maintenance Assessment

The rough set theory is one of the fastest growing branches of data exploration. It allows
for a formal approach to all phenomena related to knowledge processing, therefore it is used as
a methodology in the process of knowledge discovery from data. In particular, it can be used to
test the imprecision and uncertainty in the data analysis process. It enables finding the relationship
between explanatory variables (conditional attributes) and explained variables (decision attributes),
which facilitates supporting decision-making based on data. It is also used to reduce dimensionality,
consisting of removing from the dataset those explanatory variables that do not significantly affect the
explained variables. Knowledge derived from data based on the rough set theory is recorded in the
form of decision rules [55]. Details on the formal description of the rough set theory can be found,
among others, at work [56]. Often, the purpose of the decision-making system based on rough sets
is to search for hidden, and therefore, implicit rules that have not worked well during the selection
made by an expert (or experts) [55–57]. Approximate sets are used to process the so-called unclear
data with the use of intuitively understood inference rules. They can be used to search for hidden
dependencies in input data, including decision support in the scope of cases that can be described with
discrete attributes.
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In this paper, the rough set theory was used to assess the degree of lean maintenance use. The same
set of input data was used for the assessment as in the decision trees. Due to the presence of the
so-called incomplete data, the use of rough sets improved the accuracy of the solution. Various types
of algorithms were used to interfere with the rules.

The use of the rough set theory, and thus incomplete data, increased the number of analyzed
enterprises from 24 included in decision trees to 34. An additional 10 analyzed enterprises were
characterized by a set of variables, for which at least one variable did not have a specific value
(no answer). By using decision tables in the rough set theory, it is possible to include more data
when generating rules. This allows for the identification of new dependencies between the variables.
To make the assessment, the rules were validated. In order to generate decision rules on the basis
of the rough set theory, Rough Set Exploration System (RSES) software was used. The software was
developed at the Institute of Mathematics of Warsaw University.

RSES software allows one to generate decision rules with the means of four algorithms: exhaustive
algorithm, genetic algorithm, covering algorithm, and learning from examples module version 2
(LEM2). They were described in the works [57,58]. Furthermore, the software contains a number
of other options, which, e.g., assign reductions for a given computer system. A reduct is a set of R
attributes, where R ⊂ A, which allows to differentiate pairs of objects in a computer system, and at
the same time, no other R proper subset possesses this property. Reductions are calculated with an
exhaustive or genetic algorithm. On the basis of the assigned reductions, it is possible to create decision
rules as well.

For each of decision classes, RSES software calculates three indicators, which indicate
classification quality:

• Accuracy—the ratio of properly classified objects of a given class to all objects belonging to
this class;

• Coverage—the ratio of the objects classified to a given class with decision rules to all objects
belonging to this class;

• True positive rate—the ratio of the properly classified objects of a given class to all objects that
were classified to this class.

Accuracy and coverage are also calculated jointly for all decision classes (for the whole set of rules).
Decision rules for the described variable “an average OEE value” were generated by means of all

four algorithms available in RSES. The scheme of the conducted study is shown in Figure 7. The OEE
symbol designates a decision table which contains 34 studied objects (enterprises). Each object is
described by 17 explanatory variables: an enterprise size, production type, industry, ownership type,
capital, actions undertaken to prevent unplanned downtimes (NPA number—MSI indicator), machine
category, spare parts category, actions in the TPM implementation (NTPMA indicator), and mean time
to repair. The described variable “an average OEE value” played in the study the role of a decision
attribute. The remaining symbols in the scheme are described in Table 11.

While formulating the decision rules, the parameters of genetic and covering algorithms were
chosen in such a way that the accuracy and coverage of the created set were equal to 1. Table 12
includes the information on a number of rules in each of the four sets of rules. For each of the rules,
a rule match is calculated. It is equal to the number of objects from the learning set and matching the
forerunner of the rule.
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Table 12. The number of rules in each of the created sets for the described variable “an average OEE value”.

Name of a Rule Set Number of Rules
OEE_ExhALg 2606
OEE_GenAlg 325
OEE_CovAlg 55
OEE_LEM2 21

Each of the four rule sets was used for the classification of the data from the OEE decision table.
The classification was accomplished by a standard voting method. The manner of such voting is as
follows: each of the generated rules determines the value of a variable described for the considered
object (an enterprise). The calculated match value of particular rules is treated during the voting as
an importance—the higher the match of a given rule, the more important is its vote. That is why it
is more influential on a final voting result than the vote of the rule with a lower match. Eventually,
the object is assigned such a value of an explanatory variable that won the weighted voting.

The result of the classification was presented in the form of a confusion matrix. The confusion
matrix that includes the results of the classification accomplished by the rule set generated by an
exhaustive algorithm was presented in Figure 8. Matrix rows correspond to the real decision classes
(the values of the variable described). However, matrix columns are the results of the classification that
was accomplished by the generated rules. All 34 objects that are in the decision board were classified
properly. It is reflected in the values located only on the main diagonal of the confusion matrix. The last
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three columns in the described figure show the information on the number of objects belonging to a
given decision class (no. of obj.), accuracy, and coverage. The last row of the table is the true positive
rate calculated for each class individually. The bottom part of the window presents the number of all
studied objects and the accuracy and coverage calculated for all decision classes altogether.
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Confusion matrices were also created for the classification results based on the three remaining
rule sets. Each of these matrices included the same results (accuracy = 1), such as the matrix presented
in Figure 4, which indicates that there are no classification errors also for other classifications.

The assessment of the developed decision rules (decision trees and rough set theory) was carried
out in the following stages: generation of a decision table and confusion matrix; development of an
expert system based on the generated decision rules; use of the obtained study results to test the overall
classification capacity; use of the obtained study results to test the overall classification capacity of
decision-making rules using the developed expert system; and qualitative assessment of the results
obtained using classification quality measures.

The results of the surveys from 20 companies of the Podkarpackie Voivodship were reused to
validate the decision-making rules. Among the companies analyzed, the largest group included large
companies (85%) from the aviation industry (50%). The majority of them were private companies
(95%), with a majority of foreign capital (85%). Large-batch production (45%) dominated among the
companies surveyed. On the basis of the results obtained, a decision table was created. The created
decision table was introduced into the RSES system. It allowed us to create a confusion matrix for the
explanatory variable “an average OEE value”. Maximum coverage calculated for all decision classes
in total that equals 1 and accuracy of 0.30 for the explanatory variable “an average OEE value” were
achieved using a set of rules generated by a genetic algorithm (Figure 9).
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In order to carry out the next stage of validation, an expert system was developed.
The decision-making rules generated by all algorithms were implemented in the knowledge base that
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was created for the system needs. The knowledge base for the expert system was developed with
PC-Shell software, which is part of the Aitech SPHINX integrated artificial intelligence suite and Aitech
HybRex software.

In order to test the overall quality of the classifier for all algorithms, confusion matrices
(Tables 13–16) were used. These matrices were developed by comparing the results obtained by the
studied companies with the result generated by the developed expert system. The classification was
carried out again according to the following voting method:

• The conformity of the actual class value and predicted class value was considered as a valid result;
• The cases when the value of the class predicted by an expert system was one class lower than the

actual class value was allowed as a valid result, e.g., the actual class is a range of 30–50% and the
predicted value is 10–30%. In practice, this means that an enterprise can expect projected variables
to be at a minimum level of 10–30%. However, in fact, it may be higher.

Table 13. Confusion matrix for the rules generated by an exhaustive algorithm.

Predicted
Lower than

30% 30–50% 50–70% 70–85% More than
85%

No. of
obj. Accuracy Coverage

Lower than 30% 0 0 3 2 0 5 0 1
30–50% 0 3 0 1 1 5 0.6 1
50–70% 0 0 0 1 0 1 0 1
70–85% 0 0 0 7 1 8 0.875 1

More than 85% 0 0 0 0 1 1 1 1

Actual

True positive rate 0 1 0 0.64 0.33

Table 14. Confusion matrix for the rules generated by a genetic algorithm.

Predicted
Lower than

30% 30–50% 50–70% 70–85% More than
85%

No. of
obj. Accuracy Coverage

Lower than 30% 1 0 0 3 1 5 0.2 1
30–50% 0 0 1 2 1 5 0 0.8
50–70% 0 0 1 0 0 1 1 1
70–85% 0 0 0 5 3 8 0.625 1

More than 85% 0 0 0 0 1 1 1 1

Actual

True positive rate 1 0 0.5 0.5 0.17

Table 15. Confusion matrix for the rules generated by a covering algorithm.

Predicted
Lower

than 30% 30–50% 50–70% 70–85% More than
85%

No. of
obj. Accuracy Coverage

Lower than 30% 1 0 2 1 1 5 0.2 1
30–50% 0 1 1 1 2 5 0.2 1
50–70% 0 0 1 0 0 1 1 1
70–85% 3 1 0 3 1 8 0.75 1

More than 85% 0 0 1 0 0 1 0 1

Actual

True positive rate 0.25 0.5 0.2 0.6 0

Table 16. Confusion matrix for LEM2—generated rules.

Predicted
Lower than

30% 30–50% 50–70% 70–85% More than
85%

No. of
obj. Accuracy Coverage

Lower than 30% 1 0 0 0 1 5 0.5 0.4
30–50% 0 1 0 0 2 5 0.333 0.6
50–70% 1 0 0 0 0 1 0 1
70–85% 2 0 0 3 0 8 0.6 0.625

More than 85% 0 0 0 0 0 1 0 0

Actual

True positive rate 0.25 1 0 1 0
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When analyzing particular confusion matrices, it should be noted that the best results for the most
common classes (30–50% and 70–85%) of the accuracy value were obtained for the rules generated by
an exhaustive algorithm. The accuracy value was 0.6 and 0.875, respectively. In order to accurately
assess the quality of the classifiers based on binary matrices, the values of the twelve indicators were
calculated for each of the matrices according to the Table 9.

6. Analysis of the Obtained Results

In order to assess the obtained results, the values of the indicators used to test the quality of
classifiers were compared. In the Table 17, a comparison of the values obtained for the models acquired
with decision trees (DT) and the rough set theory (RST) was presented. Indicators from Acc to J should
acquire the highest possible values up to 1, while the remaining ones should acquire the lowest possible
value to 0. The green color indicates those indicator values that obtained more favorable values for
particular classes. Yellow, on the other hand, indicates that the values obtained for particular indicators
were identical.

Table 17. Comparison of the obtained indicator values for testing the quality of classifiers for the
models obtained with decision trees (DT) and the rough set theory (RST).

Indicators

Classifier: An Average OEE Value

Marked Class

30–50% 70–85%

DT
RST

DT
RST

LEM2 Exh.Alg. Gen.Alg. Cov.Alg. LEM2 Exh.Alg. Gen.Alg. Cov.Alg.
Acc 1.00 0.90 0.90 0.79 0.75 0.85 0.90 0.75 0.58 0.65
TPR 1.00 1.00 0.60 0.00 0.20 0.83 1.00 0.88 0.62 0.37
TNR 1.00 0.88 1.00 1.00 0.94 0.86 0.86 0.67 0.55 0.83
PPV 1.00 0.60 1.00 0.00 0.50 0.71 0.75 0.64 0.50 0.60
NPV 1.00 1.00 0.88 0.79 0.78 0.92 1.00 0.89 0.67 0.67
MCC 1.00 0.73 0.73 0.00 0.20 0.66 0.80 0.53 0.17 0.24

F1 1.00 0.75 0.75 0.00 0.29 0.77 0.86 0.74 0.56 0.46
J 1.00 0.88 0.60 0.00 0.13 0.69 0.86 0.54 0.17 0.20

Err 0.00 0.10 0.10 0.21 0.25 0.15 0.10 0.25 0.42 0.35
FPR 0.00 1.00 0.00 0.00 0.20 0.67 1.00 0.80 0.62 0.29
FDR 0.00 0.40 0.00 0.00 0.50 0.29 0.25 0.36 0.50 0.40
FNR 0.00 0.00 0.40 1.00 0.80 0.17 0.00 0.12 0.38 0.62

Legend:

- indicator values that obtained more favorable results,

- indicator values that obtained the same results.

When analyzing the results presented in the table, it should be noted that the first indicator
(accuracy—Acc) shows that the classifier developed with DT for the class 30–50% allocates objects to
this class to which they actually belong (Acc = 1) with the most likelihood. By contrast, the lowest
Acc value obtained for the RST classifier was a genetic algorithm for the class 70–85% (Acc = 0.58).
The sensitivity (TPR) of the classifiers presents itself in a slightly different way. The ability to detect the
objects from the highlighted class is the highest for LEM2 algorithm for both highlighted classes and for
DT in the class of 30–50%. The lowest ability for a genetic algorithm in the class of 30–50% (TPR = 0.00).
By analyzing specificity (TNR), you can see that, for the highlighted class of 30–50%, the results are
the highest (TNR = 1.00) for DT, exhaustive, and genetic algorithms. Precision (PPV) is similarly the
highest for the highlighted class of 30–50% for DT and exhaustive algorithms (PPV = 1), and the lowest,
again, for the highlighted class of 30–50% for a genetic algorithm. Negative predictive value (NVP),
or the probability of the membership of the object recognized by a classifier as non-highlighted to the
actual non-highlighted class, is the highest in case of the LEM2 algorithm for both highlighted classes
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and DT in the class of 30–50% (NVP = 1). It is the lowest for the class of 70–85% for covering and
genetic algorithms (NPV = 0.67).

The results of the compared values of the Matthew’s correlation coefficient (MCC) measure
(correlation coefficient between real classes and projected classes by the model) indicate that the best
result was achieved in the class of 30–50% for DT (MCC = 1). The lowest result was for a genetic
algorithm in the class of 70–85% (MCC = 0.17). By analyzing the results obtained for F1 (harmonic
mean of precision and sensitivity of a model) and J (the sum of sensitivity and specificity reduced by 1)
for all the models, it can be seen that the best classifier is DT in the class of 30–50%, while the worst is a
genetic algorithm for the same class.

The remaining indicators should take the lowest possible values. A general classifier error (Err) is
more favorable in case of using the DT classifier for the class of 30–50% (Err = 0.00), and the worst for
the class of 70–85% is a genetic algorithm. The FPR indicator (probability of false alarms, i.e., the objects
incorrectly assigned to a highlighted class, among all objects actually non-highlighted) and the FDR
indicator (probability of false alarms among all the objects recognized by the classifier as highlighted)
achieves the best values for the class of 30–50% (FPR = 0 and FDR = 0). However, the best FNR values
(the probability of missing the highlighted objects, that is, their assignment by the classifier to the
non-highlighted class) were also obtained for the class of 30–50% (FNR = 0).

7. Conclusions

The main research problem that was considered in the paper was an insufficient means of
assessing the degree of the implementation of lean maintenance. To find the solution of identified
problem, artificial intelligence methods such as decision trees and the rough set theory were used.
When analyzing the results presented, it should be noted that the models generated with the rough set
theory achieved much better results than in decision trees. The decision rules generated by DT showed
better values for all indicators for the classifier for the class of 30–50%. However, better values for the
class of 70–85% were achieved for RST, mainly for LEM2 algorithm. The number of rules generated by
the LEM2 algorithm is the smallest compared to the other algorithms. This shows that a large number
of rules is not needed to get good prediction results in the investigated problem.

The resulting indicators for testing the quality of classifiers confirmed the high usefulness of the
generated decision rules, both those using decision trees and the rough set theory. The developed
dependencies allow us to assess which results a given company can expect after the implementation of
specific lean maintenance methods and tools, and which lean maintenance methods and tools should be
used to achieve the intended goals. These dependencies may be the basis for determining the directions
and effects of implementing lean maintenance in manufacturing companies. Additionally, an expert
system in the form of a software application, developed on the basis of the generated dependencies
(decision rules), allows for the selection of appropriate actions in order to obtain the best results after
implementing lean maintenance.

The presented studies can be used by enterprises to build and organize maintenance processes,
to select an appropriate action strategy, but above all, to improve already implemented activities in this
area. Although the research was conducted in a limited area, it was based on common assumptions,
principles, and objectives of implementing the lean maintenance concept in the enterprise. Therefore,
the presented solutions are useful for practical use by all production companies for forecasting
and assessing the effectiveness of implementing lean maintenance methods and tools, regardless of
the region.

Moreover, the positive results obtained during the conduct of the described study lead to the
conclusion that the activities in these areas should be continued. In particular, there ought to be studies
considering the assessment of the effectiveness of using other methods and tools recommended in the
literature within lean maintenance implementation; the possibility of extending functionality designed
in a computer application; and the use of other methods of data exploration for generating decision
rules and comparing their classification quality.
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