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Abstract
Traditionally, the isolated relationship of total preventive maintenance (TPM), quick setup (QS), overall equipment effec-
tiveness (OEE), and one-piece flow (OPF) with economic sustainability (ESU) has been investigated; however, these lean 
manufacturing (LM) tools are implemented together into production systems, and traditional research does not report their 
relationships and interactions. To contribute to this gap, this paper integrates all those variables in a structural equation 
model (SEM), which are related by seven hypotheses that are validated using the partial least squares (PLS) technique using 
information from 176 responses to a questionnaire applied to the Mexican maquiladora industry. Additionally, a sensitivity 
analysis has been carried out to determine the probability of occurrence at high and low implementation levels for all variables 
when they occur in isolation, jointly and conditionally. Findings indicate that TPM is a precursor of QS and OEE, while QS 
is a precursor of OEE and OPF, OEE is a precursor of OPF and ESU, but also OPF is a precursor of ESU. The sensitivity 
analysis indicates that low levels of TPM are a risk for reaching adequate levels of OEE and QC, while low levels in OEE 
and OPF are a risk for reaching adequate ESU levels.
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1 Introduction

In the era of the global market, manufacturing companies 
face various problems such as resource waste, material 
shortages, pollution, and environmental impact, which 
affect the cost of production [1]. To solve these problems, 
companies apply the lean manufacturing (LM) philosophy, 
which is a system of industrial work organization focused 
on improving the production system by eliminating activi-
ties that do not add value to the process or to the customer, 
including overproduction, long lead times, and product 
defect rate [2].

LM is a set of tools focused on different aspects of 
the production system. For example, there are basic tools 
associated with level production, visual management, pro-
cess standardization, and long-term thinking; however, it 
has several pillars in which tools are associated with the 
material flow (just in time, takt time, pull system, Kanban, 
among others), quality assurance (total quality management, 
Gemba, continuous improvement), machines (total preven-
tive maintenance, overall equipment effectiveness, poka-
joke, andon systems, Jidoka), and human factors (supplier 
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development, multifunctional workers, personnel selection, 
training, and education) [3].

The LM implementation generates many benefits, and 
one is cost reduction, which focuses on waste elimination, 
which impacts companies’ economic sustainability (ESU) 
as it indirectly refers to reducing costs [4]. The relationship 
of LM with ESU in companies has been of academic and 
industrial interest; for example, Resta et al. [5] indicate that 
LM supports ESU if the objectives of the two are properly 
aligned, Rupasinghe and Wijethilake [6] point out that the 
supply chain and logistics of materials are one of the most 
benefited by LM, as they do not add value to the product, 
and finally, Jum’a et al. [7] indicate that the LM relationship 
is not only with ESU but also with social and environmental.

In the same way, some studies analyze some relationships 
of specific LM tools with ESU, such as TPM, TQM, and 
Jidoka [2], SMED [8], to name a few. However, many of the 
studies are very general when talking about the relationship 
between LM and others very specific, without focusing on 
a group of tools in one pillar in this production philosophy.

Also, it has been observed that many studies have been 
conducted in different countries, such as Brazil [9], Spain 
and Italy [10], Thailand [11, 12], Spain and Portugal [13], 
and India [14]. However, few studies have been carried out 
on this topic in Mexico, and those that exist are limited 
to analyzing isolated LM tools [8, 15]. However, the LM 
implementation implies that several tools are applied simul-
taneously in a production line and that there is a sequence 
and dependence between them; for example, OEE depends 
on the efficiency of the implemented TPM programs.

Specifically, in Mexico, few studies relate LM to economic, 
social, and environmental sustainability, even though Mexico 
has a long history in the manufacturing industry through the 
maquiladora program. A maquiladora company is a subsidi-
ary of others established in other countries and characterized 
by labor-intensive assembly activities and state-of-the-art 
machinery and equipment in the production system [16].

Mexican maquiladora companies are characterized by 
importing raw materials and exporting finished products, 
they are established in the northern part of the country, given 
the proximity to the USA, and they obtain the benefit of 
low tariffs, taking advantage of the free trade agreements 
between Mexico, USA, and Canada, as well as the low 
wages and high level of training of human resources [17].

There are currently a total of 5192 maquiladora companies 
nationwide in Mexico, but 488 are located in Chihuahua state, 
and of these, 323 are in Ciudad Juárez, offering 339,499 direct 
jobs in that city [18]. Those values indicate the regional impor-
tance of this industrial sector and the need for research that 
relates the impact of the machines and LM tools applied and 
used in their production processes on the sustainability achieved.

Different studies have been found regarding the LM tools 
in different work environments in the MMI, like SMED [17] 

and TPM [2]; however, those studies are analyzing the LM 
tool in isolated, and no studies have been found that relate 
and measure the effect of TPM, OEE, QS, and OPF on the 
economic sustainability. However, TPM is associated with 
ESU, as parts produced on poorly calibrated machines rep-
resent economic losses [19, 20], as well as SMED, which 
represents idle machines [21] and material flow [8]. There-
fore, the following research question is established: What 
is the effect of TPM, OEE, QS, and OPF on the ESU in 
maquiladora companies in northern Mexico?

This paper aims to integrate into a single analysis the 
relationship of four LM tools (TPM, quick setup, OEE, and 
one-piece flow) associated with machinery installed in the 
production process with the ESU obtained by MMI estab-
lished in Ciudad Juárez. Measuring the impact of these 
tools’ activities on ESU will allow MMI managers to iden-
tify which activities are important according to their objec-
tives and in which resources must be invested to achieve 
the correct implementation and correct deviations in poorly 
executed activities.

The contributions of this work are that it integrates four 
LM tools into a single analysis and associates them with 
ESU. Additionally, we report a sensitivity analysis based 
on conditional probabilities in which risks are explored for 
identifying high and low implementation scenarios in the 
LM tools. This analysis will allow managers and persons 
responsible for the LM implementation in the MMI to under-
stand the risks incurred by not executing certain activities 
and the loss of sustainable benefits.

The rest of the article is distributed as follows: Sect. 2 
reports a literature review, describes the LM tools and eco-
nomic sustainability, and proposes and justifies the hypoth-
eses for each relationship. Section 3 describes the methodol-
ogy developed for this research, which consists of six steps. 
Section 4 describes the results obtained, characterizes the 
sample, validates the variables, presents the structural equa-
tion model results, performs a sensitivity analysis, and dis-
cusses the results. Finally, Sect. 5 describes the conclusions 
of the findings of this research.

2  Literature review and hypothesis

This section defines the LM tools and ESU studied in this 
research. It also provides a literature review that helps to 
indicate the relationship between them and helps to justify 
and establish the research hypotheses.

2.1  Total productive maintenance (TPM)

In the current industrial scenario, wastage occurs due to 
faulty machines or machines running at a slower speed, 
leading to process bottlenecks, lower product quality, and 
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non-fulfillment of orders [22]. Total productive maintenance 
(TPM) is an LM tool used in industries to solve the above 
problems and increase financial savings.

TPM aims to improve the competitiveness of organiza-
tions and encompasses a structured approach to change the 
mindset of employees and involve all managers to maximize 
the overall effectiveness of production teams [23]. TPM 
optimizes equipment efficiency, breakdowns are reduced, 
and autonomy is promoted through maintenance preven-
tion [24]. TPM also improves production integrity, which 
translates into increased quality and economic profits for 
the industry [11].

TPM has been of academic and scientific interest; for 
example, Chan et al. [25] report a case study in which it 
increases the productivity of a molding machine by 83%, 
increases the effectiveness of the equipment and the quality 
of the product, where there is also a change in the organiza-
tional culture and paradigm. For their part, Ribeiro et al. [26] 
implemented TPM to increase availability on a critical pro-
duction line and indicated that the time between failures is 
decreased by 20%, repair time is reduced by 13%, and avail-
ability is increased by 1.2%, all of them impacting financial 
income for the companies.

2.2  Quick setup (QS)

To better respond to market demands, companies need to 
find strategies to make their processes more flexible and 
streamline machine setup activities to produce different parts 
in small batches, called rapid changeovers. Quick changeo-
ver is a technique to reduce setup or changeover times from 
one specific product manufacturing process to another and 
is commonly referred to as Single Minute Exchange of Die 
(SMED) [27]. Proper implementation of SMED will ensure 
greater flexibility to increase product range, improve product 
flow in the manufacturing area, decrease machine downtime, 
and increase financial income for companies [28].

The application of QS is of academic interest in different 
industrial sectors; for example, Ribeiro et al. [29] report the 
case of the electrical industry to reduce in-process invento-
ries and cost reduction for product changes, while Tamás 
[30] focuses on combining it with simulation to evaluate 
different scenarios in production systems for dismissing idle 
time in machines, and Jain and Vaishya [31] indicate that its 
application has reduced setup time by 87.5% and increased 
equipment efficiency (OEE) by 4.7% in the SIM card manu-
facturing electronics industry, increasing operational and 
financial indexes.

In this research, it is assumed that if TPM is applied to all 
machines, they will be clean, there will be a system of warn-
ings when they fail, the reviews will be periodic by the oper-
ators, and that will facilitate the carrying out of QS, since it 

is not required to search for materials, review maintenance 
logs, among others [28]. In addition, the permanent cleaning 
of the machines by the operators makes it easier for the tool-
ing to be in place and easily accessible to the maintenance 
staff, which avoids wasting time on these activities when 
a product change is made [32], and the machines remain 
idle for less time. In that sense, it is concluded that TPM 
guarantees machine availability and its application implies 
continuous improvements leading to a better application of 
QS [28]. In this sense, the following hypothesis is proposed:

H1: TPM has a direct and positive effect on quick 
setup.

2.3  OEE (OEE)

Overall equipment efficiency (OEE) is a function of equip-
ment availability, throughput efficiency, and quality and 
is often used as a metric for TPM [33] as it has a direct 
impact on the improvement of the overall performance of 
production equipment [24] and originated in the frame-
work of lean management with the introduction of TPM 
[30]. OEE is the product of availability rate, throughput 
rate, and quality rate, where availability rate is the time 
the equipment is running versus the time the equipment 
could have been running; throughput rate is the quantity 
produced during the running time versus the potential 
quantity produced at the designed speed of the equipment, 
while the quality rate is defined as the ratio of the number 
of good products produced versus the total quantity of 
products produced [28].

OEE applications in the industry have several reports, 
as they help to understand the robustness of the production 
system. For example, Costa and Lopes [34] indicate that 
OEE boosts productivity, reduces costs, and increases sales 
and financial indexes in the automotive sector, whereas 
Purwanto and Jaqin [35] associated it with productivity 
in the tire industry and finally, Cercós et al. [36] associ-
ate OEE with the environmental impacts of production 
processes.

In TPM, the performance of a production system is meas-
ured with the OEE index, as it integrates the throughput 
rate, availability, and quality rate, which are measures of 
equipment losses [37], and all of them can be associated 
with economic indexes. By performing preventive main-
tenance activities such as cleaning, adjusting lubrication, 
performing small maintenance operations, and monitoring 
quality and performance, OEE levels increase dramatically 
in short periods, thereby increasing efficiency and productiv-
ity and decreasing overall defectiveness [38], which repre-
sent financial savings. Therefore, the following hypothesis 
is proposed.
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H2: TPM has a direct and positive effect on OEE.

However, OEE integrates the availability of machines and 
equipment into its calculation, so downtimes due to product 
changes must be fast [39], and this can be solved by the 
application of QS [39], although there may be many other 
factors (Junior et al., 2022). For Haddad et al. [40], in the 
case of the QS, having machines and a clean space facili-
tates quick changeovers and increases machine availability 
levels by decreasing downtime, which in turn increases OEE 
levels and economic savings, so the following hypothesis is 
proposed:

H3: Quick setup has a direct and positive impact on 
OEE.

2.4  One‑piece flow (OPF)

In the ideal LM environment, the product flows through the 
manufacturing process piece by piece, carried along by the 
downstream operations, as all operations progress at the 
same rate [41]. This LM environment is supported by pull, 
takt time, and Kanban systems to control the flow of materi-
als in the right quantity and time and to manufacture only the 
strictly necessary products [42]. Thus, one-piece flow refers 
to moving one piece at a time between operations within a 
work cell.

Manufacturing with a one-piece flow discipline allows for 
short lead times, rapid response to changing market require-
ments, adequate levels of in-process inventory (WIP), and 
reduced downtime [43], which translates into increased 
productivity and reduced wastage [44] because men and 
machines are up and running (Ioana et al., 2020).

However, the OEE implementation eliminates six losses 
associated with breakdown, downtime, setup, speed, 
throughput, and scrap during manufacture [45], represent-
ing financial savings. In other words, OEE reflects the effec-
tiveness of a process by manufacturing quality parts in the 
planned time and in the right quantity, which implies the 
speed of the production flow [46]. Therefore, it is associ-
ated with one-piece flow, and the following hypothesis is 
proposed:

H4: OEE has a direct and positive effect on one-piece 
flow

Purwanto and Jaqin [35] state that applying the one-piece 
flow philosophy in a production system requires great flex-
ibility and agility in the production system, and a quick 
setup can help in these two aspects, i.e., one must be sure to 
respond quickly to customers and have several alternatives 
to do so. In addition, the materials depend a lot on machines 
and tools, which also integrate TPM, but simulations should 
always be carried out to find out what is needed. Sun and 
Du [43] indicate that simulations should always be carried 

out to know the scenarios of the production processes before 
implementing OPF and increase financial possibilities, 
where variables associated with layout, machine availability, 
or OEE, among others, should be included. Therefore, the 
following hypothesis is proposed.

H5: Quick setup has a direct and positive effect on 
quick setup.

2.5  Economic sustainability

Sustainability is a process that aims to find a balance 
between the environment and the use of natural resources. 
Humanity has degraded natural resources, and now neces-
sary to seek and plan their consumption to ensure their exist-
ence in future generations, and it includes three important 
pillars, social, economic, and environmental [47]. The inte-
gration of these three pillars is often referred to as the triple 
bottom line (TBL) in industry and government. However, 
in this study, we only analyze the impact of LM tools on 
the ESU.

ESU uses different strategies to employ, safeguard, and 
maintain human and material resources optimally, to cre-
ate a responsible and beneficial balance, sustainable in the 
long term, through recovery and recycling, which should 
be a permanent industrial practice [8], and to achieve these 
objectives, and LM tools are applied.

The relationship of LM with sustainability has been 
investigated, both generally and specifically. In general 
terms, Shafiq and Soratana [48] indicate that LM implemen-
tation represents an economic investment that managers do 
not want to risk; however, they point out that the main prob-
lem is ESU preparation. Specifically, García-Alcaraz et al. 
[15] relate 8 LM tools to Mexican maquiladora companies’ 
industrial sustainability and indicate that ESU requires high 
investments and LM.

Changes in manufacturing processes occur in response to 
improvement programs in which LM is applied, resulting in 
reductions in production cost, reduced product development 
time, energy consumption, inventory, rejects, and repro-
cesses, which directly influence the company’s economic 
sustainability [49].

One of the LM tools that benefit ESU the most is OEE, 
as it integrates three important aspects, such as the level of 
availability of machines, no downtime due to lack of main-
tenance, and thus no delays in on-time order deliveries [50]. 
For their part, Chikwendu et al. [37] state that implementing 
OEE will improve product quality and reduce equipment 
breakdowns, downtime, accident rates, excess inventory, and 
scrap and defects.

Another pillar is the quality obtained from the production 
process because when this is higher, rework of defective 
parts, complaints and rejections of products by customers, 
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warranty validations, and order cancelations are reduced, 
affecting companies economically [51]. Therefore, the fol-
lowing hypothesis is proposed:

H6: OEE has a direct and positive effect on economic 
sustainability.

However, having high availability of machines and equip-
ment in the production system, these are flexible and can 
be quickly adapted to make changes so that only what is 
required is produced. In that case, more market coverage 
with satisfied customers will be available [52]. Likewise, if 
the OPF is achieved, then this indicates that the high flex-
ibility of the production system allows for smaller or even 
more customized production batches and special customer 
service, as indicated by Ioana et al. [44] in the automotive 
industry. In other words, the application of OPF allows it to 
serve more customers, improve customer satisfaction, and 
therefore increase the total sales and revenues of the compa-
nies, so the following hypothesis is proposed.

H7: One-piece flow has a direct and positive effect on 
economic sustainability.

Figure 1 indicates the relationships between variables 
graphically set out as hypotheses. 

3  Methodology

This section describes each of the steps carried out to 
develop this research, and a summary of the main steps and 
their development is shown in Fig. 2.

3.1  Development of the questionnaire

The information must be collected from the regional indus-
try to validate the hypotheses in Fig. 1, so a questionnaire 

is designed through a literature review in different data-
bases. The final questionnaire is divided into three sections. 
The first section asks for demographic data such as gender, 
respondent’s position, experience, and the industry sector 
in which they work. The second section looks at the LM 
tools; in this case, 207 questions (items) are divided into 35 
LM tools. The third section comprises 27 questions (items) 
divided into three different types of sustainability (social, 
environmental, and economic). However, in this research, 
only the relationships between total productive maintenance 
(TPM), quick setup (QS), overall equipment effectiveness 
(OEE), one-piece flow (OPF), and economic sustainability 
(ESU) are analyzed.

The questionnaire is validated by expert judgment (5 aca-
demics and 5 managers) to adapt it to the environment in 
which it is applied. A 5-point Likert scale is used to answer 
the questions, where 1 means strongly disagree, 2 means 
agree, 3 means neither agree nor disagree, 4 means agree, 
and 5 means strongly agree. A final version of the question-
naire is given as supplementary material.

3.2  Obtaining information

Due to the restrictions generated by the COVID-19 health 
crisis, the application of the questionnaire was carried out 
on the Google forms platform, where the three questions 
sections were loaded and programmed as mandatory to avoid 
missing values. The application period is from 15 January 
2022 to 15 April 2022. The identification of the sample is 
done with the help of the Asociación de Maquiladoras A.C. 
Index Juárez. The sample comprises managers, engineers, 
and supervisors to guarantee experience in implementing 
LM.

All potential respondents were contacted via email, inviting 
them to participate and attaching the link to the survey. They 
were given 10 days to respond to the email and answer the 
questionnaire; if in that time they did not get a response, then 

Fig. 1  Proposed model
Overall 

equipment 
effectiveness

Quick setup

Total 
productive 

maintenance

One piece 
flow

H6

Economic 
sustainability 

H5

H4

H3

H2

H1

H7

1273The International Journal of Advanced Manufacturing Technology (2022) 123:1269–1284



1 3

a reminder was sent, and they were given another 10 days, and 
if they did not respond once more, that case was discarded.

3.3  Debugging the database

Once the period for the questionnaire application was over, 
the data was downloaded into an Excel file from the Google 
Forms platform, and then the data was debugged using SPSS 
25® software according to the following task [53]:

• The standard deviation for each questionnaire (excluding 
demographic information) is calculated to identify disen-
gaged participants when answering the questionnaire. Sup-
pose the standard deviation is less than 0.5. In that case, the 
questionnaire is eliminated as it does not show much disper-
sion in the data and indicates that the respondent gave almost 
always the same answers (low commitment), which is dif-
ficult to do in a questionnaire containing many questions.

• The items in the latent variables are standardized, i.e., 
the standard deviation of each item is obtained, and each 
value in the item is divided by this. Standardized val-
ues with an absolute value greater than 4 are considered 
extreme and replaced by the mean.

3.4  Descriptive analysis of the sample and items

Cross tables were used to summarize the demographic 
information obtained (industrial sector, experience, sex, 
and position held). For the descriptive analysis of the items, 

the median for grouped midpoints was used as a measure of 
central tendency since assessments are on an ordinal Likert-
type scale. High median values indicate that the activities of 
each of the LM tools are carried out, and low median values 
indicate that these activities are not carried out.

In addition, the interquartile range (IQR, difference 
between third and first quartile) was used as a measure of dis-
persion. High values in the IQR indicate a high dispersion of 
responses and that there was no consensus among respondents 
regarding the item’s median value. On the other hand, low 
values in the IQR indicate a consensus among responders.

3.5  Validation of latent variables

To validate the four latent variables related to LM tools 
(TPM, QS, OPF, and OEE) and ESU, we use the validation 
indices proposed by Kock [54] shown in Table 1, where 
the first column indicates the type of validation it measures, 
the second column illustrates the index used, and the third 
column indicates the cut-off values.

It is important to mention that the validation indices were 
obtained iteratively since, frequently, the elimination of an item 
in a latent variable increased it, so the number of items reported 
in the survey differs from those integrated into the model.

3.6  Structural equation modeling

Once the latent variables pass the validation process, 
they are integrated into the model, and the partial least 
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squares-structural equation modeling technique (PLS-SEM) 
integrated into WarpPLS 7.0 software is used to evaluate all 
hypotheses in Fig. 1. PLS-SEM is chosen because it can effi-
ciently process small sample data without assuming normal 
distribution in data and that they are obtained on a Likert 
scale [55]. In addition, PLS-SEM is efficient at estimating 
parameters, which translates into high levels of statistical 
power, indicating that it will generate a specific and signifi-
cant relationship when it is significant in the population [56].

Before interpreting the results from the structural equa-
tion model, we review the model quality indices proposed 
by Kock [54] and shown in Table 2, where the first column 
indicates the index, the second column the validation type, 
and the third column the desired cut-off values.

Three effects on the relationships between hypotheses are 
assessed in the model with 95% confidence and are indicated 
below.

3.6.1  Direct effects

The direct effects between variables are used to validate 
the proposed hypotheses [57]. These are measured using a 
standardized β value (change in the dependent latent variable 
due to a one-unit change in the independent latent variable) 
and associated with a p-value. To test statistical significance, 
we test the null hypothesis  H0: β = 0 versus the alternative 
hypothesis  H1: β ≠ 0. If it is shown that β = 0 statistically, 
then it is concluded that there is no relationship between the 
variables, but if it is shown that β ≠ 0, then it is concluded 
that there is a relationship between the variables, regardless 
of the sign.

In addition, we report the effect size (ES) for each direct 
effect, which is the amount of variance explained by each 
independent variable in the dependent variable. This index 

is especially important when several dependent variables 
explain the dependent variable, and the R2 value is the sum 
of all the ES in the dependent variable.

3.6.2  Indirect and total effects

An indirect effect occurs when the influence of an ante-
cedent variable (X) on the effect variable (Y2) is mediated 
by an intervening variable (Y1), called the mediator [58]. 
This effect has at least two segments, and in this paper, we 
report only the sum of indirect effects, their p-value, and 
effect size, given that it can be using two, three, four, or 
more segments.

Finally, the total effects obtained from the sum of direct 
and indirect or mediating effects are reported. For the sum 
of indirect effects and total effects, the same hypothesis test 
is performed for the standardized β value with a confidence 
level of 95%.

3.6.3  Sensitivity analysis

PLS analysis uses standardized data, so it is possible to 
obtain meaningful probabilities for managers and deci-
sion-makers as they provide insight into different scenarios 
of occurrence and risks [54]. This article reports the esti-
mated values for each of the following scenarios:

• The probability of finding the latent variables indepen-
dently at their high levels, indicating that LM activities 
are performed adequately, or ESU benefits are obtained 
(Z > 1), and for low levels or the scenario where LM 
activities are not performed adequately or ESU benefits 
are not obtained (Z <  − 1), where Z represents a standard-
ized latent variable.

Table 1  Validation indices of 
the latent variables

Test Coefficient Acceptable values

Parametric predictive validity R2 and Adj R2 ≥ 0.02
Non-parametric predictive validity Q2 ≥ 0.02 and similar to R2

Internal validity Cronbach’s alpha and composite 
reliability

≥ 0.70

Convergent validity Average variance extracted ≥ 0.50
Collinearity Variance inflation factor ≤ 5; ideally ≤ 3.3

Table 2  Model quality and fit 
indices

Index Validation Acceptable value

Average path coefficient (APC) Predictive p < 0.05
Average R-squared (ARS) and average Predictive p < 0.05
Adjusted R-squared (AARS)
Average block VIF (AVIF) Collinearity Acceptable if ≤ 5, ideally ≤ 3.3
Average full collinearity VIF (AFVIF) Collinearity Acceptable if ≤ 5, ideally ≤ 3.3
Tenenhaus GoF (GoF) Data model fit  ≥ 0.36
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• The probability of the variables occurring simultaneously 
in any combination of their scenarios. The possible com-
binations are P(Z > 1) ∩ P(Z > 1), P(Z > 1) ∩ P(Z <  − 1), 
P(Z <  − 1) ∩ P(Z > 1), and P(Z <  − 1) ∩ P(Z <  − 1).

• The conditional probability of the dependent variable 
occurring in a scenario (high or low) given that the 
independent variable has occurred in a scenario (high or 
low). The combinations are as follows: P(Z > 1)/P(Z > 1), 
P(Z  > 1)/P(Z  <  − 1), P(Z  <  − 1)/P(Z  > 1), and 
P(Z <  − 1)/P(Z <  − 1).

4  Results

A continuación, se describen los resultados obtenidos con la 
realización de esta investigación (The results obtained from 
this research are described below.).

4.1  Sample descriptions

A total of 192 responses were obtained at the end of 
the questionnaire application period; however, 16 were 
excluded because the respondent did not meet the inclu-
sion criteria, belonged to commercial departments, and 

were very different from the production process or LM, 
and this appends because there was not an updated email 
registered in IMMEX, and only 176 were analyzed. From 
that valid sample size, 75 were women, and 101 were men. 
The positions held are illustrated in Table 3, where it can 
be seen that engineers and plant supervisors implement-
ing LM were the most common respondents, and the most 
common sector surveyed was automotive and electrical/
electronics.

4.2  Validation of variables and their descriptives

Table 4 indicates the validation indices for each model’s 
latent variables. The first row indicates the number of items 
before (B) and after (A) the latent variables were validated, 
some of which have been removed to increase reliability. 
The reported index values refer to the latent variables after 
the validation process, and it is observed that all of them 
meet the cut-off values established in the methodology and 
illustrated in the last column, i.e., the variables have suf-
ficient predictive, internal, convergent validity and there 
are no collinearity problems, so they are integrated into 
the model.

Furthermore, the last row indicates that none of the 
latent variables has a normal distribution according to the 
Jarque–Bera algorithm, which justifies using the partial least 
squares approach.

Table 5 illustrates the median and interquartile range of 
items remaining in the latent variables after the validation 
process, which are ordered in descending order. In general, 
it is observed that all activities or items that remain after 
the validation process are almost always implemented, as 
the median value is greater than four, including the benefits 
reported in the ESU. Similarly, the IQR is a low value and 
indicates consensus among respondents regarding the mean 
value of the items.

Table 3  Respondents’ positions and industry sector

Industrial sector Job position Total

Manager Engineer Supervisor

Automotive 20 28 21 69
Electrical/electronics 18 31 10 59
Logistics 8 10 5 23
Machining 7 5 0 12
Rubber 3 5 0 8
Aeronautics 4 1 0 5
Total 60 80 36 176

Table 4  Validation process

B before validation, A after validation

Index TPM QS OEE OPF ESU Best if

Items B A B A B A B A B A
5 5

R-squared 0.541 0.598 0.665 0.418 > 0.2
Adjusted R-squared 0.538 0.593 0.661 0.411 > 0.2
Composite reliability 0.931 0.930 0.935 0.923 0.938 > 0.7
Cronbach alpha 0.902 0.887 0.907 0.895 0.912 > 0.7
AVE 0.772 0.815 0.782 0.705 0.792 > 0.5
Full collinearity IVF 2.755 2.643 3.409 3.120 1.741 < 5
Q-squared 0.539 0.595 0.664 0.419 > 0.2
Jarque–Bera normality No No No No no
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4.3  Structural equation modeling

Before interpreting the model, the efficiency indices of the 
model are reviewed, which indicate that there are strong 
relationships between the variables in general; since the 
p-value of APC is less than 0.05, there is predictive validity 
since the p-values of ARS and AARS are less than 0.05, 
there are no collinearity problems since AVIF and AFVIF 
is less than 3.3, and finally, the data have a good fit to the 
model since GoF is greater than 0.36. The indices are:

• Average path coefficient (APC) = 0.446, p < 0.001
• Average R-squared (ARS) = 0.556, p < 0.001
• Average adjusted R-squared (AARS) = 0.551, p < 0.001
• Average block VIF (AVIF) = 2.293, acceptable if ≤ 5, ide-

ally ≤ 3.3
• Average full collinearity VIF (AFVIF) = 2.734, accept-

able if ≤ 5, ideally ≤ 3.3
• Tenenhaus GoF (GoF) = 0.655,  small  ≥ 0.1, 

medium ≥ 0.25, large ≥ 0.36

Figure 3 illustrates the model evaluated, where a stand-
ardized β-value and the associated p-value are observed for 
each relationship between hypotheses and an R-squared 
value for the dependent variables. In general terms, it is 
observed that all hypotheses are accepted with up to 99% 
confidence, as the p-values are less than 0.001.

4.3.1  Direct effects

The direct effects validate the hypotheses put forward. 
Table 6 illustrates a summary of these, where conclusions 
are given based on the p-value associated with the standard-
ized β-value of each relationship. It is concluded that all are 
accepted at the established confidence level.

Figure 3 also shows that the dependent variables are 
explained by more than one independent variable. Table 7 
illustrates the effect size, where this value is decomposed to 
identify which of these is the most important based on the 
variance explained.

Table 5  Descriptive analysis

*The median has been calculated using group midpoints

TPM Median IQR

  We dedicate regular inspections to keeping the machines in operation 4.23* 1.48
  We have a daily maintenance sound system to prevent machine failures 4.09* 1.71
  Operators are trained to keep the machines in operation 4.11* 1.67
  We highlight the excellent maintenance system as a strategy to achieve quality compliance 4.13* 1.58

QS
  Some working groups seek to make model changes more efficient and reduce preparation times 4.32* 1.37
  Machines and tools facilitate rapid changeovers 4.29* 1.47
  The procedure for model changes is standardized 4.29* 1.48

OEE
  Is the production department highly productive? 4.25* 1.44
  Is the production target met on time, and does it always meet the required quality? 4.17* 1.44
  No significant stops in the production process? 4.16* 1.56
  No waste in the production process? 4.08* 1.66

OPF
  Is a production batch only produced if you have the customer's purchase order? 4.34* 1.38
  Is only the specific quantity requested by the customer produced? 4.29* 1.42
  Is production at a particular job based on the demand for its subsequent job? 4.28* 1.35
  Are workstations making good use of the pull system? 4.27* 1.53
  Is the Kanban system used to authorize production? 4.21* 1.51

ESU
  Reduction of production costs 4.39* 1.30
  Reduction of administrative penalties for environmental mishaps 4.35* 1.35
  Reduction of energy costs 4.32* 1.35
  Reduction of waste treatment costs 4.32* 1.38
  Reducing the costs of rejects and reworks 4.24* 1.44
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4.3.2  Sum of indirect effects and total effects

Table 8 illustrates the indirect and total effects sum, the 
associated p-value, and the effect size. According to the 
p-values associated with the standardized β-value, it is con-
cluded that the sum of indirect effects and total effects is 
statistically significant. The maximum indirect effect exists 
between TPM and OPF, which is through QS and OEE as 
mediating variables and has a value of 0.643; however, there 
are two total effects with large values, and they are in the 
relationships between TPM and QS, which is equal to the 
direct effect and that between TPM and OEE, with 0.735 and 
0.727, respectively.

4.4  Sensitivity analysis

Table 9 presents a sensitivity analysis for each hypothesis 
in Fig. 1. High scenarios are represented by “ + ” and low 
by “ − ”; thus, TPM + represents a high level of TPM and 
QS − indicates a low level of QS. In addition, we report the 
probability of the latent variables occurring in isolation, 
jointly and is represented by “&” and the conditional prob-
ability of the dependent variable occurring given that the 
independent variable has occurred and is represented by “IF.”

5  Discussion of results

This section discusses the results found in the SEM and the 
sensitivity analysis.

5.1  Regarding the structural equation model

Uno de los objetivos de este articulo era cuantificar la relacion 
que tienen las herramientas de LM TPM, SMED, OEE y QS 
entre ellas y con ESU, lo cual se ha podido realizar mediante el 
SEM (The main research goal of this article was to quantify the 
relationship that LM TPM, SMED, OEE and QS tools have with 
each other and with ESU, which has been done using SEM.).

For the relationship TPM → QS in  H1, it can be concluded 
that the activities performed within the TPM positively influ-
ence the QS, since when the first variable increases its stand-
ard deviation in one unit, the second one goes up by 0.725 
and explain 54.1% of its variance. Our findings agree with 
Suryaprakash et al. [28], who mention that TPM ensures 
machine availability, contributing to SMED implementation. 
However, TPM also contributes to OPF and ESU indirectly, 
as it has indirect effects of 0.643 and 0.474, respectively, 
which is in agreement with Samadhiya and Agrawal [59] 
and Durán and Durán [60], who mention that well-calibrated 
machines represent less rework, waste, and idle time, which 
translates into economic savings. Thus, managers should 
seek a high availability of their machines and equipment, as 

Fig. 3  Evaluated model
Overall 

equipment 
effectiveness

Quick setup

Total 
productive 

maintenance

One piece 
flow

Economic 
sustainability 

β=0.735
p<0.001

β=0.173
P=0.008

β=0.545
p<0.001

β=0.336
p<0.001

β=0.407
p<0.001

β=0.428
p<0.001

β=0.496
p<0.001

R2=0.541

R2=0.418

R2=0.598

R2=0.666

Table 6  Validation of hypotheses

Hypothesis Relation β p-value Conclusion

H1 TPM → QS 0.725 < 0.001 Accept
H2 TPM → OEE 0.428 < 0.001 Accept
H3 QS → OEE 0.407 < 0.001 Accept
H4 OEE → OPF 0.545 < 0.001 Accept
H5 QS → OPF 0.336 < 0.001 Accept
H6 OEE → ESU 0.496 < 0.001 Accept
H7 OPF → ESU 0.173 = 0.008 Accept

Table 7  Decomposition of R2 into effect sizes

TPM QS OEE OPF R2

QS 0.541 0.541
OEE 0.308 0.29 0.598
OPF 0.241 0.425 0.666
ESU 0.316 0.102 0.418
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this represents the possibility of carrying out more produc-
tion orders at a lower cost.

Regarding the relationship TPM → OEE in  H2, it is con-
cluded that TPM has a direct and positive effect on OEE 
because when the first variable increases its standard devia-
tion, the second one goes up by 0.428 units and explains 30.8 
of its variance. However, TPM also has an indirect effect on 
OEE of 0.299 units through QS, giving a total effect of 0.727 
units. The above indicates that if proper maintenance is applied 
to machines and equipment, the availability and quality of the 
products generated will increase; furthermore, OEE is a metric 
of TPM, hence its high correlation. Our findings are consistent 
with Chiarini [38] and Jain et al. [33], who mentions that by 
performing preventive maintenance activities and controlling 
quality and performance, OEE percentages will increase.

For the relationship QS → OEE in  H3, QS has a direct 
and positive effect on OEE because when the first variable 
increases its standard deviation by one unit, the second one 
goes up by 0.407 units and explains 29% of its variance. 
However, also QS indirectly affects ESU through OEE and 
OPF with 0.300 units. These findings indicate that when a 
QS program is in place, the availability of machines and 
tools increases. As a consequence, the OEE goes up, and 
all it translates into higher revenue. These results agree 
with Jebaraj Benjamin et al. [61], who report a 2% increase 
in OEE due to QS implementation. Similar results were 
reported by Bhade and Hegde [62] and Pinto et al. [63], 
who indicate a 10% and 90% increase in OEE by applying 
QS, respectively.

Table 8  Sum of indirect effects and total effects

Sum of indirect effects Total effects

TPM QS OEE TPM QS OEE OPF

QS β = 0.735
(p < 0.001)
EN = 0.545

OEE β = 0.299 β = 0.727 β = 0.407
(p < 0.001) (p < 0.001) (p < 0.001)
EN = 0.215 EN = 0.523 EN = 0.290

OPF β = 0.643 β = 0.221 β = 0.643 β = 0.557 (p < 0.001) ES = 0.400 β = 0.545 
(p < 0.001) 
ES = 0.435

(p < 0.001) (p < 0.001) (p < 0.001)
EN = 0.464 EN = 0.159 EN = 0.464

ESU β = 0.474 β = 0.300 (p < 0.001) β = 0.096 β = 0.474 β = 0.300 (p < 0.001) ES = 0.158 β = 0.592 
(p < 0.001) 
ES = 0.378

β = 0.176 
(p < 0.001) 
ES = 0.102

(p < 0.001) EN = 0.158 (p = 0.034) (p < 0.001)
EN = 0.239 EN = 0.061 EN = 0.239

Table 9  Sensitivity analysis

Probability TPM + TPM − QS + QS − OEE + OEE − OPF + OPF − 
0.176 0.148 0.239 0.136 0.193 0.148 0.142 0.136

QS + 0.239 & = 0.125
IF = 0.710

& = 0.001
IF = 0.077

QS − 0.136 & = 0.000
IF = 0.000

& = 0.097
IF = 0.654

OEE + 0.193 & = 0.144
IF = 0.645

& = 0.006
IF = 0.038

& = 0.114
IF = 0.476

& = 0.000
IF = 0.000

OEE − 0.148 & = 0.000
IF = 0.000

& = 0.085
IF = 0.577

& = 0.006
IF = 0.024

& = 0.091
IF = 0.667

OPF + 0.142 & = 0.097
IF = 0.548

& = 0.000
IF = 0.000

& = 0.108
IF = 0.452

& = 0.000
IF = 0.00

& = 0.119
IF = 0.618

& = 0.000
IF = 0.000

OPF − 0.136 & = 0.000
IF = 000

& = 0.097
IF = 0.607

& = 0.006
IF = 0.024

& = 0.097
IF = 0.708

& = 0.000
IF = 0.000

& = 0.102
IF = 0.692

ESU + 0.244 & = 0.097
IF = 0.548

& = 0.023
IF = 0.143

& = 0.125
IF = 0.524

& = 0.011
IF = 0.080

& = 0.114
IF = 0.588

& = 0.006
IF = 0.038

& = 0.091
IF = 0.640

& = 0.006
IF = 0.042

ESU − 0.119 & = 0.000
IF = 0.000

& = 0.063
IF = 0.393

& = 0.006
IF = 0.024

& = 0.063
IF = 0.440

& = 0.000
IF = 0.000

& = 0.068
IF = 0.468

& = 0.000
IF = 0.000

& = 0.068
IF = 0.500
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Concerning the OEE → OPF relationship in  H4, it is con-
cluded that OEE has a direct and positive effect on OPF, 
because when the first variable increases its standard devia-
tion by one unit, the second one goes up by 0.545 units and 
explains 42.5% of its variance. It indicates that with the high 
availability and performance of machines that manufacture 
quality products, the OPF is guaranteed. Our findings agree 
with Acevedo Robles [46], who indicates that OEE reflects 
the effectiveness of a process in manufacturing quality parts 
in the planned time and in the right quantity, which implies 
the speed of the production flow.

For the QS → OPF relationship in  H5, it is concluded 
that QS has a direct and positive effect on OPF because 
when the first variable increases its standard deviation in 
one unit, the second one goes up by 0.336 units and explains 
24.1% of its variance. In addition, QS indirectly affects OPF 
through OEE of 0.221 units, giving a total effect of 0.557 
units. This indicates that the implementation of QS increases 
the flexibility of the production system, which allows the 
batch size to be reduced and continuous. This result agrees 
with Rodríguez-Méndez et al. [64], which report improving 
model changeover times and delivering diversified products 
in small batches.

In the OEE → ESU relationship in  H6, it is concluded that 
OEE has a direct and positive effect on ESU because when 
the first variable increases its standard deviation by one unit, 
the second one goes up by 0.496 units and explains 31.6% 
of its variance. In addition, OEE has an indirect effect on 
ESU of 0.096 units through OPF, giving a total effect of 
0.592 units. This means that a high percentage of machine 
availability, throughput, and quality in products facilitates 
ESU through a reduction in production costs, energy con-
sumed, rejects, wastage, and, above all, government admin-
istrative penalties. This result agrees with Wan Mahmood 
et al. [65], who indicate that OEE leads to higher energy 
efficiency, labor efficiency, lower production costs, and cus-
tomer satisfaction.

Finally, for the relationship OPF → ESU in  H7, it is 
concluded that OF has a direct and positive effect on ESU 
because when the first variable increases its standard devia-
tion by one unit, the second increases it by 0.173 units and 
explains 10.2% of its variance. This means that OPF allows 
more personalized products for specific customers, with 
small production batches that allow for variety, represent-
ing higher sales and economic income because the company 
is attending more markets.

5.2  Regarding the sensitivity analysis

Sensitivity analysis is important because it allows one to 
know on a probabilistic basis how one variable may favor 
another or how it may be or represent a risk, so managers 

need to be aware of these scenarios to be able to make 
decisions.

TPM contributes in the maquiladora industry to more 
flexible processes by facilitating rapid changeovers because 
if managers ensure the correct TPM + implementation, they 
can guarantee 71.0% to achieve QS + . On the contrary, 
TPM − is a risk for managers, given that it is possible in 
65.4% to achieve a QS − . However, it is observed that it 
is not possible that by having a TPM + and QS − cannot be 
achieved; furthermore, TPM − is not associated with QS + , 
which indicates that the investments that managers in the 
maquiladora industry make in their maintenance programs 
will always give them greater agility and flexibility in their 
production processes by making rapid changes.

Furthermore, ensuring proper execution of TPM + activi-
ties will help to ensure high levels of machine availability 
and performance, as well as good product quality through 
high overall equipment efficiency or OEE + , because 
TPM + ensures OEE + in 64.5%. Conversely, a TPM − can 
generate OEE − by 57.7%, representing a risk for managers, 
as it represents broken machines and, therefore, much idle 
time or low-quality products, which lowers the OEE index. 
Furthermore, it is observed that TPM + is not associated 
with OEE − and that TPM − will never generate an OEE + , 
as the probabilities are null or almost null.

It is observed that QS + since it is associated with the 
speed with which changes are made in the production system 
favors OEE + by 47.6%; however, a QS − can generate an 
OEE − by 66.7%, which represents a great risk for managers, 
affecting the flexibility and agility of the production system. 
Moreover, it is observed that the efforts made to achieve 
QS + will always be beneficial since the probability of gen-
erating OEE − is only 2.4% and that QS − is never associated 
with an OEE + . Thus, managers should seek to make rapid 
changes to increase the availability of their machines and 
not affect OEE rates.

QS is also associated with OPF, and it is observed that 
QS + favors the occurrence of OPF + by 45.2%, which indi-
cates that rapid changes give flexibility and agility to the 
production system, allowing the acceptance of small and 
highly customized production batches. However, QS − favors 
OPF − by 70.8%, which represents a risk for the manager, as 
they will not be able to have agility and flexibility. Moreo-
ver, it is observed that QS + is very poorly associated with 
OPF − , as it is linked with only 2.4% and QS − is never asso-
ciated with OPF + .

OEE + represents agility and speed of the production 
system and favors the occurrence of 61.8% OPF + , i.e., 
small batches, which are sought after by managers. How-
ever, an OEE − can generate 69.2% of OPF − , which indi-
cates the absence of flexibility. Furthermore, it is observed 
that OEE + is not associated with OPF − or that OEE − is 
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not associated with OPF + , as the conditional probabilities 
are zero. The above indicates that high levels of equipment 
availability, with quality and calibration, will give agility 
and efficiency to the machines, improving their return on 
investment and is the gateway to Industry 4.0.

Finally, it is of great interest to analyze the impact of 
LM tools on ESU since, although there is no direct relation-
ship, it is possible to obtain a conditional probability through 
indirect effects. Of the four LM tools analyzed, if these are 
presented in their high scenario (TPM + , QS + , OEE + , and 
OPF +), it is observed that they can generate ESU in 54.8%, 
52.4%, 58.8%, and 64.0%, respectively, so it is OEE + that 
has the highest level of influence, which may be because it 
has a direct effect. However, low levels of LM tools (TPM − , 
QS − , OEE − , and OPF −) can generate ESU − in 39.3%, 
44.4%, 46.8%, and 50%, respectively, with OPF having the 
highest effect, which may be due to the lack of flexibility and 
customization of products.

6  Conclusions

This research aimed to quantify the relationship between LM 
tools associated with machine tending and material flow and 
the ESU of MMIs. After analyzing 176 responses to a ques-
tionnaire applied to this industry sector in Ciudad Juarez, 
Mexico, the following conclusions can be drawn:

All seven hypotheses posed were statistically significant 
according to the direct effects; however, the highest relation-
ship is TPM → QS, indicating that implementing mainte-
nance programs facilitates rapid changes in the MMI and the 
lowest relationship was OPF → ESU, indicating that small 
batches are an antecedent of the firm’s revenues.

However, when analyzing the total effects, it is observed 
that the TPM → OEE ratio is the highest in the model due to 
the indirect effect through QS. The above allows us to con-
clude the importance of TQM as a dependent variable since 
it is the direct and indirect of QS, OEE, and OPF and ESU.

From Fig. 3, it can be concluded that OEE is a variable 
that has a highest direct impact than OPF on ESU, which 
indicates that managers in the IMM should focus on achiev-
ing OEE in their production lines, as it ensures quality prod-
ucts, high machine availability and calibration, and high 
overall performance.

Sensitivity analysis also allows us to conclude very 
interesting things, and in this case, although some vari-
ables do not have a direct relationship, they do have an 
indirect relationship, and a probability of occurrence has 
been calculated. The first is that levels of TPM + always 
facilitate the occurrence of other variables, such as 
QS + , OEE + , OPF + , and ESU + . In addition, when 
TPM − occurs, there is also a risk that these variables will 

occur at low levels, so managers should focus on achieving 
adequate levels of TPM.

Moreover, when TPM + occurs, the presence of low lev-
els of the other tools and ESU is low or non-existent, i.e., 
investments in TPM always yield results that managers will 
appreciate. Similarly, when TPM − occurs, there are no high 
levels of the other variables, including ESU. This situation 
is similar for QS and OEE.

Since ESU is the response variable in the model, all 
probabilities have been calculated, and in line with what 
was observed in the direct and total effects, here high lev-
els of OPF is the one that most favors the occurrence of 
ESU + , indicating that respondents consider it important 
to have certain levels of customization in the products they 
manufacture; i.e., for better ESU, it is necessary to have a 
customer focus. Similarly, OPF − is the highest risk vari-
able for ESU, followed by OEE, as this index integrates 
product quality.

7  Limitations and future research

Unfortunately, this research was carried out when access 
to companies in Ciudad Juárez was restricted due to the 
COVID-19 pandemic, which caused a low response from 
potential respondents, resulting in a low sample size. Con-
sidering that we already have controlled access to some com-
panies, the following is envisaged for future work:

• To conduct the study again in 2024 to perform a longitu-
dinal analysis and analyze the differences and evolution 
of implementing the LM and ESU tools.

• Apply the survey to other cities and states to conduct 
comparative analyses since Ciudad Juarez is charac-
terized by maquiladora companies from the USA, and 
Tijuana, for example, are more from China and South 
Korea, so the cultural approach must be very different.

The survey consisted of 25 LM tools and three pillars 
of sustainability (environmental, social, and economic), so 
further analysis with different tools is being planned.

Supplementary Information The online version contains supplemen-
tary material available at https:// doi. org/ 10. 1007/ s00170- 022- 10208-0.

Author contribution All authors contributed equally in all stages of 
this paper.

Funding José Roberto Díaz Reza receives a grant for his postdoctoral 
stay from the Consejo Nacional de Ciencia y Tecnología (CoNACYT) 
of Mexico under Grant Agreement number 548515.

Availability of data and material The authors confirm that the data 
supporting the findings of this study are available within the article as 
supplementary materials.

1281The International Journal of Advanced Manufacturing Technology (2022) 123:1269–1284

https://doi.org/10.1007/s00170-022-10208-0


1 3

Code availability No applicable.

Declarations 

Ethics approval No applicable.

Consent to participate No applicable.

Consent for publication No applicable.

Conflict of interest The authors declare no competing interests.

References

 1. Parmar PS, Desai TN (2020) A systematic literature review on 
Sustainable Lean Six Sigma: current status and future research 
directions. International Journal of Lean Six Sigma 11(3):429–
461. https:// doi. org/ 10. 1108/ IJLSS- 08- 2018- 0092

 2. García Alcaraz JL, Morales García AS, Díaz Reza JR, Blanco 
Fernández J, Jiménez Macías E, Puig i Vidal R (2022) Machinery 
lean manufacturing tools for improved sustainability: the Mexi-
can maquiladora industry experience. Mathematics 10(9):1468. 
https:// doi. org/ 10. 3390/ math1 00914 68

 3. Díaz-Reza JR, García Alcaraz JL, Morales García AS (2022) Best 
practices in lean manufacturing - a relational analysis. Springer-
Briefs in Applied Sciences and Technology. Springer, Berlin. 
https:// doi. org/ 10. 1007/ 978-3- 030- 97752-8

 4. Touriki FE, Benkhati I, Kamble SS, Belhadi A, El fezazi S (2021) 
An integrated smart, green, resilient, and lean manufacturing 
framework: a literature review and future research directions. J 
Clean Prod 319:128691. https:// doi. org/ 10. 1016/j. jclep ro. 2021. 
128691

 5. Resta B, Dotti S, Gaiardelli P, Boffelli A (2017) How lean manu-
facturing affects the creation of sustainable value: an integrated 
model. Int J Automot Technol 11(4):542–551. https:// doi. org/ 10. 
20965/ ijat. 2017. p0542

 6. Rupasinghe HD, Wijethilake C (2020) The impact of leanness on 
supply chain sustainability: examining the role of sustainability 
control systems. Corp Gov (Bingley) 21(3):410–432. https:// doi. 
org/ 10. 1108/ CG- 06- 2020- 0217

 7. Jum'a L, Zimon D, Ikram M, Madzík P (2022) Towards a sustain-
ability paradigm; the nexus between lean green practices, sustain-
ability-oriented innovation and triple bottom line. Int J Prod Econ 
245. https:// doi. org/ 10. 1016/j. ijpe. 2021. 108393

 8. García-Alcaraz JL, Díaz Reza JR, Sánchez Ramírez C, Limón 
Romero J, Jiménez Macías E, Lardies CJ, Rodríguez Medina MA 
(2021) Lean manufacturing tools applied to material flow and 
their impact on economic sustainability. Sustainability (Switzer-
land) 13(19). https:// doi. org/ 10. 3390/ su131 910599

 9. Alves JRX, Alves JM (2015) Production management model integrating 
the principles of lean manufacturing and sustainability supported by 
the cultural transformation of a company. Int J Prod Res 53(17):5320–
5333. https:// doi. org/ 10. 1080/ 00207 543. 2015. 10330 32

 10. Longoni A, Cagliano R (2015) Cross-functional executive involve-
ment and worker involvement in lean manufacturing and sustaina-
bility alignment. Int J Oper Prod Manag 35(9):1332–1358. https:// 
doi. org/ 10. 1108/ IJOPM- 02- 2015- 0113

 11. Burawat P (2017) The mediate effect of lean manufacturing on the 
relationship between transaformational leadership and sustainabil-
ity performance in thai SMEs. Int J Appl Eng Res 12(21):11647–
11657. https:// doi. org/ 10. 1016/j. cie. 2021. 107267

 12. Burawat P (2019) The relationships among transformational lead-
ership, sustainable leadership, lean manufacturing and sustain-
ability performance in Thai SMEs manufacturing industry. I J 
Qual Reliab Manage 36(6):1014–1036. https:// doi. org/ 10. 1108/ 
IJQRM- 09- 2017- 0178

 13. Varela L, Araújo A, Ávila P, Castro H, Putnik G (2019) Evalua-
tion of the relation between lean manufacturing, industry 4.0, and 
sustainability. Sustainability (Switzerland) 11(5). https:// doi. org/ 
10. 3390/ su110 51439

 14. Swarnakar V, Singh AR, Tiwari AK (2020) Assessment of manu-
facturing process through lean manufacturing and sustainability 
indicators: case studies in Indian perspective. Springer. https:// 
doi. org/ 10. 1007/ 978- 981- 32- 9931-3_ 25

 15. García-Alcaraz JL, Morales García AS, Díaz-Reza JR, Jiménez 
Macías E, Javierre Lardies C, Blanco Fernández J (2022) Effect 
of lean manufacturing tools on sustainability: the case of Mexi-
can maquiladoras. Environ Sci Pollut Res 29(26):39622–39637. 
https:// doi. org/ 10. 1007/ s11356- 022- 18978-6

 16. Villanueva-Ponce R, Garcia-Alcaraz JL, Cortes-Robles G, 
Romero-Gonzalez J, Jiménez-Macías E, Blanco-Fernández 
J (2015) Impact of suppliers’ green attributes in corporate 
image and financial profit: case maquiladora industry. Int J Adv 
Manuf Technol 80(5–8):1277–1296. https:// doi. org/ 10. 1007/ 
s00170- 015- 7082-6

 17. Díaz-Reza JR, García-Alcaraz JL, Martínez-Loya V, Blanco-
Fernández J, Jiménez-Macías E, Avelar-Sosa L (2016) The effect 
of SMED on benefits gained in maquiladora industry. Sustain-
ability (Switzerland) 8(12). https:// doi. org/ 10. 3390/ su812 1237

 18. IMMEX AC (2022) Monthly statistics report - IMMEX establish-
ments. Asociación de Maquiladoras, Ciudad Juárez, Mexico.

 19. Zulkifly UKZ, Zakaria N, Mohd-Danuri MS (2021) The adoption 
of total productive maintenance (Tpm) concept for maintenance 
procurement of green buildings in Malaysia. Int J Sustain Constr 
Eng Technol 12(1):40–55. https:// doi. org/ 10. 30880/ ijscet. 2021. 
12. 01. 005

 20. Crosby B, Badurdeen F (2022) Integrating lean and sustainable 
manufacturing principles for sustainable total productive main-
tenance (Sus-TPM). Smart Sustain Manufact Syst 6(1):68–84. 
https:// doi. org/ 10. 1520/ SSMS2 02100 25

 21. Ebrahimi A, Khakpour R, Saghiri S (2021) Sustainable setup 
stream mapping (3SM): a systematic approach to lean sustain-
able manufacturing. Prod Plan Control. https:// doi. org/ 10. 1080/ 
09537 287. 2021. 19166 37

 22. Singh R, Gohil AM, Shah DB, Desai S (2013) Total productive 
maintenance (TPM) implementation in a machine shop: a case 
study. Procedia Eng 51:592–599. https:// doi. org/ 10. 1016/j. proeng. 
2013. 01. 084

 23. Ahuja IPS, Khamba JS (2008) Total productive maintenance: liter-
ature review and directions. Int J Qual Reliab Manage 25(7):709–
756. https:// doi. org/ 10. 1108/ 02656 71081 08908 90

 24. Hooi LW, Leong TY (2017) Total productive maintenance and 
manufacturing performance improvement. J Qual Maint Eng 
23(1):2–21. https:// doi. org/ 10. 1108/ JQME- 07- 2015- 0033

 25. Chan FTS, Lau HCW, Ip RWL, Chan HK, Kong S (2005) Imple-
mentation of total productive maintenance: a case study. Int J Prod 
Econ 95(1):71–94. https:// doi. org/ 10. 1016/j. ijpe. 2003. 10. 021

 26. Ribeiro IM, Godina R, Pimentel C, Silva FJG, Matias JCO (2019) 
Implementing TPM supported by 5S to improve the availability 
of an automotive production line. Procedia Manuf 38:1574–1581. 
https:// doi. org/ 10. 1016/j. promfg. 2020. 01. 128

 27. Chen ZX, Tan KH (2011) The perceived impact of JIT implemen-
tation on operations performance: evidence from Chinese firms. J 
Adv Manag Res

 28. Suryaprakash M, Gomathi Prabha M, Yuvaraja M, Rishi Revanth 
RV (2020) Improvement of overall equipment effectiveness of 

1282 The International Journal of Advanced Manufacturing Technology (2022) 123:1269–1284

https://doi.org/10.1108/IJLSS-08-2018-0092
https://doi.org/10.3390/math10091468
https://doi.org/10.1007/978-3-030-97752-8
https://doi.org/10.1016/j.jclepro.2021.128691
https://doi.org/10.1016/j.jclepro.2021.128691
https://doi.org/10.20965/ijat.2017.p0542
https://doi.org/10.20965/ijat.2017.p0542
https://doi.org/10.1108/CG-06-2020-0217
https://doi.org/10.1108/CG-06-2020-0217
https://doi.org/10.1016/j.ijpe.2021.108393
https://doi.org/10.3390/su131910599
https://doi.org/10.1080/00207543.2015.1033032
https://doi.org/10.1108/IJOPM-02-2015-0113
https://doi.org/10.1108/IJOPM-02-2015-0113
https://doi.org/10.1016/j.cie.2021.107267
https://doi.org/10.1108/IJQRM-09-2017-0178
https://doi.org/10.1108/IJQRM-09-2017-0178
https://doi.org/10.3390/su11051439
https://doi.org/10.3390/su11051439
https://doi.org/10.1007/978-981-32-9931-3_25
https://doi.org/10.1007/978-981-32-9931-3_25
https://doi.org/10.1007/s11356-022-18978-6
https://doi.org/10.1007/s00170-015-7082-6
https://doi.org/10.1007/s00170-015-7082-6
https://doi.org/10.3390/su8121237
https://doi.org/10.30880/ijscet.2021.12.01.005
https://doi.org/10.30880/ijscet.2021.12.01.005
https://doi.org/10.1520/SSMS20210025
https://doi.org/10.1080/09537287.2021.1916637
https://doi.org/10.1080/09537287.2021.1916637
https://doi.org/10.1016/j.proeng.2013.01.084
https://doi.org/10.1016/j.proeng.2013.01.084
https://doi.org/10.1108/02656710810890890
https://doi.org/10.1108/JQME-07-2015-0033
https://doi.org/10.1016/j.ijpe.2003.10.021
https://doi.org/10.1016/j.promfg.2020.01.128


1 3

machining centre using tpm. Mater Today: Proceedings. https:// 
doi. org/ 10. 1016/j. matpr. 2020. 02. 820

 29. Ribeiro D, Braga F, Sousa R, Carmo-Silva S (2011) An appli-
cation of the smed methodology in an electric power controls 
company. Rom Rev Precis Mech Opt Mechatronics 40:115–122

 30. Tamás P (2017) Application of a simulation investigational 
method for efficiency improvement of SMED method. Acad J 
Manuf Eng 15(2):23–30. https:// doi. org/ 10. 1016/j. procir. 2015. 12. 
039

 31. Jain S, Vaishya RO (2021) Case study: application of SMED in 
SIM card manufacturing company. Int J Product Qual Manag 
32(1):109–128. https:// doi. org/ 10. 1504/ IJPQM. 2021. 112017

 32. Gadolina I (2018) Application of SMED (single minutes exchange 
of die) for production optimization. Reliab, Theory Appl 
13(1):21–27

 33. Jain A, Bhatti RS, Singh H (2015) OEE enhancement in 
SMEs through mobile maintenance: a TPM concept. Int J 
Qual Reliab Manage 32(5):503–516. https:// doi. org/ 10. 1108/ 
IJQRM- 05- 2013- 0088

 34. Costa R, Lopes I (2021) Productivity improvement in manufacturing 
systems through TPM, OEE and collaboration between maintenance 
and production: a case study. In: Dolgui A, Bernard A, Lemoine D, 
Cieminski G, Romero D (eds) Advances in production management 
systems - Artificial intelligence for sustainable and resilient produc-
tion systems. Springer International Publishing. Berlin, Germany. 
https:// doi. org/ 10. 1007/ 978-3- 030- 85914-5_ 28

 35. Purwanto C, Jaqin C (2021) Improving curing process productiv-
ity in the tire industry using OEE, TPM and FMEA methods. 
In: 11th Annual International Conference on Industrial Engineer-
ing and Operations Management at Singapore, March 7-11, pp 
6709–6715

 36. Cercós MP, Calvo LM, Domingo R (2019) An exploratory study 
on the relationship of overall equipment effectiveness (OEE) var-
iables and  CO2 emissions. Procedia Manuf 41(2019):224–232. 
https:// doi. org/ 10. 1016/j. promfg. 2019. 07. 050

 37. Chikwendu OC, Chima AS, Edith MC (2020) The optimization of 
overall equipment effectiveness factors in a pharmaceutical com-
pany. Heliyon 6(4):e03796. https:// doi. org/ 10. 1016/j. heliy on. 2020. 
e03796

 38. Chiarini A (2013) The main methods of lean organization: 
Kanban, cellular manufacturing, SMED and TPM. In: Chiarini 
A (ed) Lean organization: from the tools of the Toyota produc-
tion system to lean office. Springer Milan, Milano, pp 81–116. 
https:// doi. org/ 10. 1007/ 978- 88- 470- 2510-3_6

 39. Junior RGP, Inácio RH, da Silva IB, Hassui A, Barbosa GF (2022) 
A novel framework for single-minute exchange of die (SMED) 
assisted by lean tools. Int J Adv Manuf Technol 119(9–10):6469–
6487. https:// doi. org/ 10. 1007/ s00170- 021- 08534-w

 40. Haddad T, Shaheen BW, Németh I (2021) Improving overall 
equipment effectiveness (OEE) of extrusion machine using lean 
manufacturing approach. Manufact Technol 21(1):56–64. https:// 
doi. org/ 10. 21062/ mft. 2021. 006

 41. Beachum D (2005) Lean manufacturing beefs up marginspull 
systems, takt time, and one-piece flow benefit the operation of a 
powder coating system. Met Finish 103(1):20–25. https:// doi. org/ 
10. 1016/ S0026- 0576(05) 80010-8

 42. Tardif V, Maaseidvaag L (2001) An adaptive approach to control-
ling kanban systems. Eur J Oper Res 132(2):411–424. https:// doi. 
org/ 10. 1016/ S0377- 2217(00) 00119-3

 43. Sun Y, Du J (2018) Simulation of one-piece flow garment assem-
bly line based on Flexsim software. Fangzhi Xuebao/J Text Res 
39(6):155–161. https:// doi. org/ 10. 13475/j. fzxb. 20170 703008

 44. Ioana AD, Maria ED, Cristina V (2020) Case study regarding the 
implementation of one-piece flow line in automotive company. 
In: Moldovan L, Gligor A (eds) 13th International Conference 

Interdisciplinarity in Engineering, INTER-ENG 2019. Elsevier 
BV, pp 244–248. https:// doi. org/ 10. 1016/j. promfg. 2020. 03. 036

 45. Singh S, Khamba JS, Singh D (2021) Analysis and directions of 
OEE and its integration with different strategic tools. Proc Ins 
Mech Eng, Part E: J Proc Mech Eng 235(2):594–605

 46. Acevedo Robles L (2020) Kanban system to improve productivity 
in manufacturing processes (In Spanish). Master thesis, Depart-
ment of Industrial Engineering and Systems, Polytechnic Univer-
sity of Puerto Rico. San Juan, Puerto Rico. http:// hdl. handle. net/ 
20. 500. 12475/ 1081

 47. Yip WS, To S (2021) A critical analysis of sustainable micro-
manufacturing from the perspective of the triple bottom line: a 
social network analysis. Environ Impact Assess Rev 90. https:// 
doi. org/ 10. 1016/j. eiar. 2021. 106628

 48. Shafiq M, Soratana K (2020) Lean readiness assessment model 
– a tool for humanitarian organizations’ social and economic sus-
tainability. J Humanit Logist Supply Chain Manage 10(2):77–99. 
https:// doi. org/ 10. 1108/ JHLSCM- 01- 2019- 0002

 49. Islam ASMT (2019) End of the day, who is benefited by lean 
manufacturing? A dilemma of communication and pricing in 
buyer-supplier relationship. Manuf Lett 21(August 2019):17–19. 
https:// doi. org/ 10. 1016/j. mfglet. 2019. 06. 002

 50. Yazdi PG, Azizi A, Hashemipour M (2018) An empirical investigation 
of the relationship between overall equipment efficiency (OEE) and 
manufacturing sustainability in industry 4.0 with time study approach. 
Sustainability (Switzerland) 10(9). https:// doi. org/ 10. 3390/ su100 93031

 51. Ayyappan T, Ramachandran S (2014) A study on TQM practices 
and effectiveness of employees participation in Indian manufac-
turing industries. Int Bus Manag 8(1):49–54. https:// doi. org/ 10. 
3923/ ibm. 2014. 49. 54

 52. Ojstersek R, Buchmeister B (2020) The impact of manufacturing 
flexibility and multi-criteria optimization on the sustainability of 
manufacturing systems. Symmetry 12(1). https:// doi. org/ 10. 3390/ 
SYM12 010157

 53. Li H, Wang B, Xie X (2020) An improved content-based outlier 
detection method for ICS intrusion detection. EURASIP J Wirel 
Commun Netw 1:1–15

 54. Kock N (2021) WarpPLS v.7.0 User manual. ScriptWarp Systems, 
Laredo, TX, USA

 55. Henseler J (2010) On the convergence of the partial least squares 
path modeling algorithm. Comput Statistics 25(1):107–120. 
https:// doi. org/ 10. 1007/ s00180- 009- 0164-x

 56. Hair Jr JF, Hult GTM, Ringle CM, Sarstedt M (2021) A primer 
on partial least squares structural equation modeling (PLS-SEM). 
Sage publications

 57. Kock N (2019) Factor-based structural equation modeling with 
WarpPLS. Australasian Market J (AMJ). https:// doi. org/ 10. 1016/j. 
ausmj. 2018. 12. 002

 58. Chan W (2007) Comparing indirect effects in SEM: a sequential 
model fitting method using covariance-equivalent specifications. 
Struct Equ Modeling 14(2):326–346. https:// doi. org/ 10. 1080/ 
10705 51070 93367 49

 59. Samadhiya A, Agrawal R (2020) Achieving sustainability through 
holistic maintenance-key for competitiveness. In IEOM Society 
pp 400–408

 60. Durán O, Durán PA (2019) Prioritization of physical assets for 
maintenance and production sustainability. Sustainability (Swit-
zerland) 11(16). https:// doi. org/ 10. 3390/ su111 64296

 61. Jebaraj Benjamin S, Murugaiah U, Srikamaladevi Marathamuthu 
M (2013) The use of SMED to eliminate small stops in a manu-
facturing firm. J Manuf Technol Manag 24(5):792–807. https:// 
doi. org/ 10. 1108/ 17410 38131 13280 16

 62. Bhade S, Hegde S (2020) Improvement of overall equipment 
efficiency of machine by SMED. Materials Today: Proceedings 
24:463–472. https:// doi. org/ 10. 1016/j. matpr. 2020. 04. 298

1283The International Journal of Advanced Manufacturing Technology (2022) 123:1269–1284

https://doi.org/10.1016/j.matpr.2020.02.820
https://doi.org/10.1016/j.matpr.2020.02.820
https://doi.org/10.1016/j.procir.2015.12.039
https://doi.org/10.1016/j.procir.2015.12.039
https://doi.org/10.1504/IJPQM.2021.112017
https://doi.org/10.1108/IJQRM-05-2013-0088
https://doi.org/10.1108/IJQRM-05-2013-0088
https://doi.org/10.1007/978-3-030-85914-5_28
https://doi.org/10.1016/j.promfg.2019.07.050
https://doi.org/10.1016/j.heliyon.2020.e03796
https://doi.org/10.1016/j.heliyon.2020.e03796
https://doi.org/10.1007/978-88-470-2510-3_6
https://doi.org/10.1007/s00170-021-08534-w
https://doi.org/10.21062/mft.2021.006
https://doi.org/10.21062/mft.2021.006
https://doi.org/10.1016/S0026-0576(05)80010-8
https://doi.org/10.1016/S0026-0576(05)80010-8
https://doi.org/10.1016/S0377-2217(00)00119-3
https://doi.org/10.1016/S0377-2217(00)00119-3
https://doi.org/10.13475/j.fzxb.20170703008
https://doi.org/10.1016/j.promfg.2020.03.036
http://hdl.handle.net/20.500.12475/1081
http://hdl.handle.net/20.500.12475/1081
https://doi.org/10.1016/j.eiar.2021.106628
https://doi.org/10.1016/j.eiar.2021.106628
https://doi.org/10.1108/JHLSCM-01-2019-0002
https://doi.org/10.1016/j.mfglet.2019.06.002
https://doi.org/10.3390/su10093031
https://doi.org/10.3923/ibm.2014.49.54
https://doi.org/10.3923/ibm.2014.49.54
https://doi.org/10.3390/SYM12010157
https://doi.org/10.3390/SYM12010157
https://doi.org/10.1007/s00180-009-0164-x
https://doi.org/10.1016/j.ausmj.2018.12.002
https://doi.org/10.1016/j.ausmj.2018.12.002
https://doi.org/10.1080/10705510709336749
https://doi.org/10.1080/10705510709336749
https://doi.org/10.3390/su11164296
https://doi.org/10.1108/17410381311328016
https://doi.org/10.1108/17410381311328016
https://doi.org/10.1016/j.matpr.2020.04.298


1 3

 63. Pinto GFL, Silva FJG, Campilho RDSG, Casais RB, Fernandes 
AJ, Baptista A (2019) Continuous improvement in maintenance: 
A case study in the automotive industry involving Lean tools. In: 
Procedia Manufacturing. pp 1582–1591. https:// doi. org/ 10. 1016/j. 
promfg. 2020. 01. 127

 64. Rodríguez-Méndez R, Sánchez-Partida D, Martínez-Flores JL, 
Arvizu-BarrÓn E (2015) A case study: SMED & JIT methodolo-
gies to develop continuous flow of stamped parts into AC disconnect 
assembly line in Schneider Electric Tlaxcala Plant. IFAC PapersOn-
Line 48:1399–1404. https:// doi. org/ 10. 1016/j. ifacol. 2015. 06. 282

 65. Wan Mahmood WH, Abdullah I, Md Fauadi MHF (2015) Trans-
lating OEE measure into manufacturing sustainability. Appl Mech 
Mater. Trans Tech Publ, pp 555–559

Publisher's Note Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

Springer Nature or its licensor holds exclusive rights to this article under 
a publishing agreement with the author(s) or other rightsholder(s); 
author self-archiving of the accepted manuscript version of this article 
is solely governed by the terms of such publishing agreement and 
applicable law.

1284 The International Journal of Advanced Manufacturing Technology (2022) 123:1269–1284

https://doi.org/10.1016/j.promfg.2020.01.127
https://doi.org/10.1016/j.promfg.2020.01.127
https://doi.org/10.1016/j.ifacol.2015.06.282

	Relationship between lean manufacturing tools and their sustainable economic benefits
	Abstract
	1 Introduction
	2 Literature review and hypothesis
	2.1 Total productive maintenance (TPM)
	2.2 Quick setup (QS)
	2.3 OEE (OEE)
	2.4 One-piece flow (OPF)
	2.5 Economic sustainability

	3 Methodology
	3.1 Development of the questionnaire
	3.2 Obtaining information
	3.3 Debugging the database
	3.4 Descriptive analysis of the sample and items
	3.5 Validation of latent variables
	3.6 Structural equation modeling
	3.6.1 Direct effects
	3.6.2 Indirect and total effects
	3.6.3 Sensitivity analysis


	4 Results
	4.1 Sample descriptions
	4.2 Validation of variables and their descriptives
	4.3 Structural equation modeling
	4.3.1 Direct effects
	4.3.2 Sum of indirect effects and total effects

	4.4 Sensitivity analysis

	5 Discussion of results
	5.1 Regarding the structural equation model
	5.2 Regarding the sensitivity analysis

	6 Conclusions
	7 Limitations and future research
	References


