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Abstract
Purpose – The purpose of this paper is to examine the moderating role of Industry 4.0 technologies on the
relationship between lean production (LP) and operational performance improvement within Brazil, a
developing economy context.
Design/methodology/approach – One representative from each of the 147 studied manufacturing companies
filled in a survey on three internally related lean practice bundles and two Industry 4.0 technology bundles, with
safety, delivery, quality, productivity and inventory as performance indicators. As this study was grounded on
the contingency theory, multivariate data analyses were performed, controlling for four contingencies.
Findings – Industry 4.0 moderates the effect of LP practices on operational performance improvement, but in
different directions. Process-related technologies negatively moderate the effect of low setup practices on
performance, whereas product/service-related technologies positively moderate the effect of flow practices
on performance.
Originality/value – With the advent of Industry 4.0, companies have been channelling their efforts to
achieve superior performance by advancing levels of automation and interconnectivity. Eventually,
widespread and proven manufacturing approaches, like LP, will integrate such technologies which may, in
turn, impair or favour operational performance. Contrary to previous studies, the contingencies appeared to
have a less extensive effect. The authors point to various options for further study across different
socio-economic contexts. This study evidenced that purely technological adoption will not lead to
distinguished results. LP practices help in the installation of organisational habits and mindsets that favour
systemic process improvements, supporting the design and control of manufacturers’ operations
management towards the fourth industrial revolution era.
Keywords Emerging economies, Lean production, Industry 4.0, Operational performance improvement
Paper type Research paper

1. Introduction
The fourth industrial revolution is increasingly in the spotlight of researchers, economic
policymakers and manufacturers (Liao et al., 2017; Quezada et al., 2017). This new
production era was labelled during the German 2011 Hannover Fair as “Industry 4.0”
(Liao et al., 2017); it represents an industry characterised by interconnected machines,
intelligent systems and products, and inter-related solutions (Tortorella and Fettermann,
2018). Industry 4.0 steers the establishment of smart and dynamic production systems and
the mass production of highly customised products (Shrouf et al., 2014). This involves
implementing integrated digital elements which monitor and control the physical devices,
sensors, information and communication technologies (ICT) and Internet of Things (IoT)
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applications (Lasi et al., 2014). Despite its growing notoriety, many companies are still
struggling with how Industry 4.0’s high-tech practices should be implemented into their
operations (Sanders et al., 2016, 2017; Erol et al., 2016). The feasibility and effectiveness
of Industry 4.0 integration into existing manufacturing management systems is still
understudied (Kolberg et al., 2017).

Specific aspects may undermine Industry 4.0 adoption, especially in manufacturing
companies within developing economies, including overall lower technological intensity,
restricted investment capital and human resources (Anderl, 2014). Developing economies
encounter different challenges when investing in Industry 4.0. For instance, the Brazilian
National Confederation of Industry (2016) identified the existing hurdles for Industry 4.0
implementation; the Mexican Ministry of Economy (2016) presented a roadmap for Industry
4.0 adoption in Mexico; and the Indian Government introduced an initiative aimed at
positioning the country as one of the main hubs of manufacturing (Forbes India, 2016). Despite
these initiatives, little is known about the effects of Industry 4.0 technologies adoption.

Lean production (LP), however, is common practice among several industries and
countries, it entails a constant focus on reducing wasteful activities while also improving
productivity and quality as seen from the customers’ perspective (Womack and Jones, 2003;
Junior and Godinho Filho, 2010; Kroes et al., 2018; Narayanamurthy et al., 2018; Soliman
et al., 2018). Implementing LP successfully requires a human-centred, low-tech
organisational change approach which involves the adoption of various LP practices
(Bortolotti et al., 2015; Soliman et al., 2018), a consistent, shared strategic vision with an
aligned HR policy, and highly involved employees who have enough resources for
continuous process improvement (Van Dun andWilderom, 2012). Many lean initiatives start
on the shop floor (Shah and Ward, 2007), and are then gradually introduced into other units
including the corporate level (Hines et al., 2004; Mann, 2005).

Due to Industry 4.0 and LP’s convergent and divergent characteristics, it remains unclear
whether their concurrent implementation in manufacturing companies will lead to improved
performance. On the one hand, lean entails an underlying organisational culture in which
problems and abnormalities become opportunities for everyone (Hoseus and Liker, 2008;
Spear, 2009; Bortolotti et al., 2015; Narayanamurthy et al., 2018). This psychologically safe
shop-floor culture enables the clear identification of process status quos and information
sharing (Van Dun and Wilderom, 2012, 2016), which may be further reinforced by the
interconnectivity, data acquisition and analysis inherent to Industry 4.0 technologies
(Sibatrova and Vishnevskiy, 2016). Furthermore, both LP and Industry 4.0 favour simple
decentralised frameworks (Zühlke, 2010). On the other hand, LP entails socio-cultural
changes that are stimulated daily through fast and simple work-floor experimentations
(Baudin, 2007; Dora et al., 2016), which may conflict with the high levels of capital
expenditure and technological expertise demanded by Industry 4.0 (Lasi et al., 2014). These
conflicts may occur when both LP and Industry 4.0 practices are implemented in a
developing economy context but empirical evidence for this assumption is still generally
lacking (Gjeldum et al., 2016; Landscheidt and Kans, 2016; Kolberg et al., 2017) and what is
available is contradictory (e.g. Erol et al., 2016; Schumacher et al., 2016; Sanders et al., 2016).
The intention of this study, therefore, is to answer the following research question:

RQ1. How does Industry 4.0 adoption moderate the relationship between LP practices
and operational performance improvement in a developing economy context?

We surveyed 147 Brazilian manufacturers that had implemented LP practices as well as
Industry 4.0 technologies. This research, therefore, contributes to the theoretical fields of
advanced manufacturing technology and operational performance improvement. The adoption
and management of novel technologies have “gradually become an important task for
manufacturing companies across the globe” (Cheng et al., 2018, p. 239). Our study provides a
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better understanding of the interactions between the installed LP practices and Industry 4.0
technologies, and their effects on operational performance improvement. Moreover, we initialise
the validation of a measure of Industry 4.0 technology adoption. The study may also enable
managers to comprehend and anticipate better the advantages and difficulties of incorporating
Industry 4.0 technologies into their LP systems. Since managers’ financial resources are often
scarce, especially in developing economies, it is crucial that their new technology investments are
well-informed by studies like ours. Finally, it is also noteworthy that this research expands upon
Tortorella, Miorando, Caiado, Nascimento and Portioli Staudacher (2018), Tortorella, Giglio and
Van Dun (2018) and Tortorella and Fettermann’s (2018) research.

This study was grounded on assumptions derived from the contingency theory (Sousa
and Voss, 2008; Van de Ven et al., 2013; Romero-Silva et al., 2018). Contextual factors can
influence the concurrent implementation of LP and Industry 4.0 (Tortorella and Fettermann,
2018; Rossini et al., 2019). The effect of operations management practices on performance
was claimed to differ according to the contextual variables of each company (Sousa and
Voss, 2008). Hence, the validity of “one-size fits all” or “best practice” concepts is probably
reduced in operations management (Boer et al., 2017). Our study thus includes four
contingencies (i.e. technological intensity, tier level, company size, and duration of LP
implementation) and considers a specific Brazilian socioeconomic sample because national
culture can significantly affect the results of LP (Kull et al., 2014; Erthal and Marques, 2018).
We contribute to a better comprehension of the contingencies required to implement LP and
Industry 4.0 concomitantly, by describing how their interaction impacts operational
performance improvement in the manufacturing industry.

2. Literature review and hypotheses
2.1 LP practices
According to the conceptual definition proposed by Shah andWard (2007, p. 799), LP covers six
core internally related operational elements: pull, flow, low setup, controlled processes, productive
maintenance and involved employees. Womack and Jones (2003) also listed: pull, flow and
striving for perfection, e.g. low setup (or changeover) times. The aim of those key LP elements
(García-Alcaraz et al., 2015) is to achieve smooth material and information flow throughout the
value stream (Abdulmalek and Rajgopal, 2007). Yet, LP implementation by manufacturers in
emerging economies has been argued to be less extensive than in companies located in developed
economies (Saurin and Ferreira, 2009). Saurin et al. (2010) demonstrated an unbalanced
knowledge and implementation level of LP practices in this industrial context. LP practices
associated with just-in-time ( JIT) production systems are more widely implemented and
understood by manufacturers in emerging economies compared to more advanced statistical
process control or total productive/preventive maintenance. Therefore, we assumed that
narrowing our study to practices embraced by the Pull, Flow and Set up constructs, which tend
to be closely related to JIT, would lead to more reliable and insightful results.

2.2 Industry 4.0 technologies
A wide variety of technologies fall within the fourth industrial revolution. Many researchers
have tried to consolidate them into sets and implementation frameworks (e.g. Fettermann
et al., 2018; Fatorachian and Kazemi, 2018; Xu et al., 2018). However, regardless of the
differences in those frameworks and the categorisation of Industry 4.0 technologies, the
latter’s overall aims are to enable improvements in companies’ value streams by addressing
both process- and product/service-related issues (Liao et al., 2017; Buer et al., 2018).
Examples of process-related issues that may be solved with technology are time-intensive,
manual quality controls. Technologies may also help to reduce product/service-related
issues such as inefficiencies that lead to a higher time to market. Since there is still a lack of
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consensus on which technologies compose Industry 4.0, we consulted the Brazilian National
Confederation of Industry (2016) outcomes of the cross-sector Industry 4.0 survey of 2,225
manufacturers. This survey uncovered the ten most likely digital technologies to be adopted
within the Brazilian industrial sector.

Industry 4.0 technologies may not only have a positive impact on the way manufacturing
shop floors are managed and organised but also influence organisations’ business models,
products and services. While the adoption of certain technologies (e.g. digital automation and
sensors for remote monitoring and control) may predominantly influence the manufacturing
processes (Kolberg et al., 2017), other Industry 4.0 technologies (e.g. big data, cloud services
and rapid prototyping) could help the accomplishment of significant improvements in product
development and service innovation (Zühlke, 2010; Wan et al., 2015).

2.3 Contingency effects on LP and Industry 4.0
The contingency theory indicates that different environments/contexts often have different
needs, thus requiring distinguished approaches to operations management (Sousa and Voss,
2008; Van de Ven et al., 2013; Romero-Silva et al., 2018). The contingency theory is a
popular angle (Walker et al., 2015; Danese et al., 2018) and various studies have corroborated
to our understanding of the effects of contingencies on LP implementation. Shah and Ward
(2003), for instance, indicated a positive influence of plant size on the likelihood of LP
implementation, whereas the influence of unionisation and plant age was less pervasive
than expected. Kull et al. (2014) focussed on comprehending how different dimensions of
national culture moderate LP effectiveness. Later, Netland (2016) investigated how four
contingency variables (corporation, factory size, stage of LP implementation and national
culture) influence what practitioners see as success factors for LP implementation.
Complementarily, Tortorella et al. (2017) studied the impact of plant size, supply chain level,
level of onshore suppliers and age of the LP initiative on LP implementation in supply
chains. Overall, most studies reinforce the necessity of primarily comprehending the context
in which the organisation is embedded so that LP implementation can be properly tailored.
Romero-Silva et al. (2018) further advised the examination of both organisational
environment and organisational structure type, contingencies that together form the
organisational system in which the LP practices are implemented.

Since Industry 4.0 is a more recent research topic, evidence on the effect of contingencies is
much scarcer. The few existing studies have vaguely assessed the effect of certain contingencies,
such as company size (Brettel et al., 2014) and technological intensity (Tortorella, Miorando,
Caiado, Nascimento and Portioli Staudacher, 2018), on the adoption level of Industry 4.0. In fact,
most studies have only conceptually envisioned some contingencies that might affect Industry
4.0 adoption level, such as socioeconomic aspects (Vacek, 2016) and industry sector (Hofmann
and Rüsch, 2017), but without any empirical validation. This research gap highlights the
importance of our study because we assess the results from four organisational environment and
organisational structure type contingencies (i.e. technological intensity, tier level, company size
and duration of LP implementation). Hereby, we complement previous research and provide
empirical evidence of the associations.

2.4 Pull practices and Industry 4.0
According to Rother and Shook (1999), a value stream comprises the sum of all the value
provided through the required activities and steps in a company or supply chain from the raw
state to its customers, linking both material and information flows (Duggan, 2012). Material flow
represents the physical aspects encompassed in the manufacturing of an item; i.e., the processes,
steps and activities that either enhance or transform the product according to customers’
expectations (Lummus et al., 2006). Information flow corresponds to the procedures, analyses,
decisions and orders necessary to support the process in a sequenced way according to
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customers’ expectations (Seth and Gupta, 2005; Lu et al., 2011), such as product and service
development. A lot of the waste identified in manufacturing processes originates from problems
that occur in product/service development (Hines et al., 1998; Sim and Rogers, 2009). Hence, to
address improvement initiatives properly from a system-wide perspective, all elements of a value
stream must be considered in the analysis (Hines et al., 2004; Karim and Arif-Uz-Zaman, 2013).
However, their interaction effects on the achievement of higher operational performance are
usually neglected (Hines and Rich, 1997; Seth et al., 2017; Hines et al., 2018).

The aim of pull practices is to facilitate manufacturing so that companies produce the
required units on time and in the required quantities (Ohno, 1988). This includes kanban
cards, the signals to trigger production. The successful implementation of pull is highly
dependent on accurate and timely product and service information related to internal and/or
external customers’ demands, thus avoiding overproduction due to misinterpretations or
erroneous production triggers (Netland et al., 2015). The incorporation of Industry 4.0
technologies can enhance pull systems in terms of both product/service-related information
and manufacturing processes.

First, regarding product/service development, the integration of such technologies as
“IoT”, “cloud services” and “big data”, into kanban systems, has been denoted as e-kanban,
i.e. digitalisation of the conventional kanban cards (Takeda, 2006; Junior and Godinho Filho,
2010). E-kanban allows the immediate detection of missing or empty bins, triggering
automatic replenishment. Physical kanban systems are usually undermined due to card
losses during their loops between workstations or facilities, leading to mistakes in
production control or scheduling and, hence, reduced operational performance (Abdulmalek
and Rajgopal, 2007; Marodin et al., 2015). Conversely, adjustments to inventory policies due
to changes in batch sizes, market demands, work plans or cycle times tend to be much easier
when technologies like e-kanban are incorporated into the pull system.

From a manufacturing process perspective, implementing technologies such as
“production remote monitoring and control” and “sensors for the identification and
control of product and operating conditions” can enable rapid identification of potential
issues that may disturb the original production schedule and negatively impact the pace
of production (Sanders et al., 2017; Buer et al., 2018). The application of ICT within
manufacturing processes thus contributes to a quicker problem-solving timeframe as
actions move from reactive to preventive (Lasi et al., 2014; Zawadzki and Żywicki, 2016). In
turn, process stability increases and potential issues that jeopardise delivering according to
internal/external customers’ needs (“pull”) can be anticipated.

However, the sole adoption of ICT (without effective pull systems) may facilitate the
usual pushed systems and their underlying processes but might not benefit operational
performance. To test how Industry 4.0 technologies, that support manufacturing processes
and product/service development, interact with pull practices to enhance operational
performance, we formulated the following hypotheses:

H1a. The adoption of Industry 4.0 technologies, that support manufacturing processes,
positively moderates the effect of pull practices on operational performance
improvement.

H1b. The adoption of Industry 4.0 technologies, that support product/service
development, positively moderates the effect of pull practices on operational
performance improvement.

2.5 Flow practices and Industry 4.0
Lean’s principle of creating flow focuses on establishing mechanisms that enable and
ease the achievement of a continuous production stream (Rother and Harris, 2001).
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Flow practices encompass improvements such as the definition of products families
according to similar routines, layout arrangements planned according to these product
families and balancing workstation cycle times (Doolen and Hacker, 2005). While
providing inventory levels and lead time reductions, flow ensures that production and
quality issues are visible to all employees. Thus, its implementation is beneficial to a
company’s operational performance (Duggan, 2012). However, if high levels of process
stability are not achieved, continuous flow can cause unwanted side-effects, such as loss of
deliveries and increased costs (Dora et al., 2016).

Industry 4.0 technologies like sensors, Manufacturing Execution System and
Supervisory Control and Data Acquisition, can increase process and product connectivity
and interaction, thereby enabling more efficient manufacturing processes (Hermann et al.,
2016; Ganzarain and Errasti, 2016; Xu et al., 2018). Enhanced interconnection and
communication between cells and workstations can facilitate a flexible, fast and high-
quality material flow (Erol et al., 2016; Thoben et al., 2017), and, in turn, the feasibility of
continuous flow implementation. However, the isolated adoption of technologies, like IoT,
cloud services and additive manufacturing, can lead to marginal gains in product/service
development, thus frustrating managers in terms of their high investments and
expectations (Cheng et al., 2018). Adopting a novel ICT before implementing a reasonable
level of “flow” practices leads to high capital expenditure on wasteful and ill-designed
processes (Buer et al., 2018).

Flow practices continuously address low-tech improvement opportunities (Womack and
Jones, 2003) but Industry 4.0 technologies may catalyse the outcomes of well-established
manufacturing processes and product/service development activities (Kamble et al., 2018).
Thoben et al.’s (2017) case of a German company that had organised its shop floor according to
LP principles, illustrates how the introduction of a cyber-physical logistics system can enhance
flexibility through autonomous decisions and reduce inventories by solving errors in real time.
Although there is an indication of a positive relationship between these approaches, limited
empirical evidence confirms such an association. So, we hypothesise that:

H2a. The adoption of Industry 4.0 technologies, that support manufacturing
processes, positively moderates the effect of flow practices on operational
performance improvement.

H2b. The adoption of Industry 4.0 technologies, that support product/service
development, positively moderates the effect of flow practices on operational
performance improvement.

2.6 Low setup practices and Industry 4.0
As customers’ needs diversify, the product assortment also increases, with a consequent
reduction in batch sizes. Hence, high changeover times (and, thus, process downtime)
become an obstacle to high performance (Doolen and Hacker, 2005; Stone, 2012). Toyota
overcame this by adopting the “single-minute exchange of die” (SMED) concept which
enables smaller batches and shorter lead times by drastically reducing changeover times
(Shingo, 1988). The full adoption of “low setup practices” improves the flexibility and agility
in production delivery, since shorter setup times may lead to reductions in batch sizes
(Furlan et al., 2011). Inventory levels are also likely to be reduced, which directly affects the
organisation’s cash flow (Maskell et al., 2011).

Industry 4.0 technologies can enhance the impact of low setup practices on
operational performance. Companies that adopt “rapid prototyping and 3D printing” and
“product development and manufacturing integrated engineering systems” may observe
lower changeover times due to a reduction in complexity by strict modularisation
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(Fatorachian and Kazemi, 2018). System modularity facilitates capacity adjustments in
situations such as seasonal fluctuations, contributing to more flexible manufacturing
processes. Manufacturing processes can become individual processes through modularity;
yet, these can be closely interconnected, offering interchangeability (Lasi et al., 2014;
Qin et al., 2016; Kamble et al., 2018). The concurrent implementation of such technologies
with low setup practices could thus enhance the flexibility and productivity of
manufacturing processes.

Plug’n’Produce and distributed systems are equipped with self-optimising and machine-
learning behaviours, allowing companies to adapt machines to particular products and to
produce small batch sizes (Brettel et al., 2014; Sanders et al., 2016). Low setup practices
mainly focus on internal setup activities (Shingo, 1988; Nicholas, 2015), whereby
Plug’n’Produce technologies reduce the amount of time required for changing tools and/or
computer numerical control programmes, which typically requires the machines to be
stopped. Similarly, “process control sensors” and “product and operating conditions
identification” enable identifying process problems faster so that potential changeover
issues can be anticipated. Hence, these technologies do not only mitigate the need for
machine adjustments after setup (Fatorachian and Kazemi, 2018), but also increase the
likelihood of correct first-time products (Albers et al., 2016).

Kolberg and Zühlke (2015) anticipated that standardised physical and ICT interfaces
could expand SMED concepts from one work unit to whole manufacturing areas, leading to
more assertive product/service developments. Likewise, Moeuf et al. (2018) identified that
one of the main reasons for Industry 4.0 adoption by small-sized companies is the increased
flexibility through cloud computing and radio-frequency identification whereby the right
moments for machine changeovers can be predicted. The flexibility of both manufacturing
processes and product/service development, due to increased levels of automation and
changeability probably, reinforces the benefits of implementing low setup practices.
Therefore, we propose:

H3a. The adoption of Industry 4.0 technologies, that support manufacturing processes,
positively moderates the effect of low setup practices on operational performance
improvement.

H3b. The adoption of Industry 4.0 technologies, that support product/service
development, positively moderates the effect of low setup practices on
operational performance improvement.

As elaborated below, the hypotheses were tested empirically in a cross-sector survey.

3. Methods
3.1 Sample selection and characteristics
We targeted respondents from Brazilian manufacturing companies with experience in both
lean and Industry 4.0 technologies. The pervasiveness of both approaches across the
industrial spectrum is still scattered, especially in emerging economies (Tortorella et al.,
2015; Marodin et al., 2016; Tortorella and Fettermann, 2018). Therefore, to avoid excluding
respondents who might meet the established selection criteria, thereby reducing sample size
and impairing the application of a robust statistical analysis, we did not restrict our data
collection to a specific industrial sector.

We sent the survey to 147 leaders of a diverse range of Brazilian manufacturing companies
(see Table I). They were former students of different LP executive education courses offered in
February, April, July and September 2017 and had agreed to receive updates about LP-related
research. Following the ethical standards, we indicated in the invitation that participation
was voluntary and anonymous. The participants mainly worked for large-sized companies
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(55.1 per cent); most of the companies belonged to the metal-mechanical sector (49.6 per cent).
Examples of the “other” 23.8 per cent sectors were: civil construction, leather-footwear and
graphical industry. A total of 65.9 per cent were involved in the first and second tiers.
Regarding the companies’ technological intensity, 53.7 per cent were categorised as high
or medium high (Brazilian National Confederation of Industry, 2016). Most companies
(55.1 per cent) had begun their formal LP implementation more than two years previously,
although the majority (53.7 per cent) of respondents’ personal experience with LP was less
than two years. Regarding the respondents’ job positions, 42.2 per cent were either engineers
or analysts, 36.0 per cent supervisors or coordinators and 21.8 per cent managers or directors.

3.2 Measures, construct validity and reliability
The survey comprised four main parts (see the Appendix): performance indicators,
information on the respondents and their respective companies (see Table I), LP
implementation and adoption level of Industry 4.0 technologies.

3.2.1 Operational performance improvement. We assessed the improvement level of the
companies’ performance during the last three years. Since financial results are often
carefully protected by companies and, sometimes, exclusively shared among a company’s
senior managers, we used a composition of operational performance indicators as a proxy
for financial performance. Improvements in operational performance are more likely to be
perceived by a wider range of respondents, such as middle managers. Since LP
implementation is known to impact a wide variety of performance aspects, we measured five
process- and people-related indicators suggested by Bhasin (2012) and validated by
survey-based LP studies (e.g. Tortorella and Fettermann, 2018; Tortorella, Miorando,
Caiado, Nascimento and Portioli Staudacher, 2018; Rossini et al., 2019): productivity,
delivery service level, inventory level, quality and safety (i.e. accidents). Each indicator was
measured on a five-point scale (1 ¼ worsened significantly; to 5 ¼ improved significantly).
We performed an exploratory factor analysis (EFA) through principal components analysis
(PCA) with varimax rotation. Table II shows that all the performance indicators loaded on
one factor, with an eigenvalue of 3.259 explaining 65.1 per cent of the variation. Cronbach’s
α of this factor was 0.86.

Category Description Quantity %

Tier level 1 and 2 97 65.9
3 and 4 50 34.1

Company size Large (⩾500 employees) 81 55.1
Small and medium (o500 employees) 66 44.9

Technological intensity High and medium-high 79 53.7
Low and medium-low 68 45.3

Industrial sector Metal-mechanic 73 49.6
Chemical 19 12.9
Food 13 8.8
Textile 7 4.8
Others 35 23.8

Duration of LP implementation o2 years 66 44.9
⩾2 years 81 55.1

Respondents’ experience with LP o2 years 79 53.7
⩾2 years 68 46.3

Respondents’ job title Engineer or analyst 62 42.2
Supervisor or coordinator 53 36.0
Manager or director 32 21.8

Note: n¼ 147 companies
Table I.

Sample composition
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3.2.2 Lean practices. The implementation level of lean practices related to the pull, flow
and low setup constructs was assessed via Shah andWard’s (2007) 11 items which had been
translated into Portuguese. Each practice statement was evaluated through a Likert scale
from 1 (fully disagree) to 5 (fully agree). As these practices had been previously validated,
we performed a confirmatory factor analysis (CFA) of the three constructs (see Table III)
using the lavaan R programming language package (Oberski, 2014) to confirm their
convergent validity and unidimensionality. Initially, three CFA models (one for each
construct) were estimated, with factor loadings above 0.45 (Tabachnik and Fidell, 2007).
We then re-assessed each CFA model to check their goodness of fit based upon a χ2 test
( χ2/df ), comparative fit index (CFI) and standardised root mean square residual (SRMR). CFI
values greater than 0.90 combined with SRMR values lower than 0.08 were used as
thresholds, following Hu and Bentler’s (1999) recommendations for smaller sample sizes
(o250 observations). All items loaded satisfactorily on their constructs (W0.45, po0.01)
and all had good Cronbach’s α levels.

Performance indicators Mean SD Factor 1

Productivity 3.795 1.193 0.590
Delivery service level 3.619 0.974 0.792
Inventory level 3.503 1.029 0.858
Quality (scrap and rework) 3.544 1.086 0.802
Safety (accidents) 3.156 1.083 0.707
Eigenvalues 3.259
Initial % of variance explained 0.571
Rotation sum of squared loadings (total) 2.854
% of variance explained 0.651
Notes: n¼ 147. Extraction method: principal component analysis. Rotation method: varimax with Kaiser
normalisation

Table II.
PCA results for
operational
performance
improvement
indicators

Construct Questionnaire item Coef. AVE χ2/df CFI SRMR

Pull Production is pulled by the shipment of
finished goods 0.945 0.657 21.886/2 0.942 0.049
Production at stations is pulled by the current
demand of the next station 1.073
We use a pull production system 1.158
We use Kanban, squares, or containers of
signals for production control 0.845

Flow Products are classified into groups with similar
processing requirements 0.883 0.588 16.721/2 0.945 0.049
Products are classified into groups with similar
routing requirements 0.953
Equipment is grouped to produce a continuous
flow of families of products 0.857
Families of products determine our factory layout 0.933

Low setup Our employees practice setups to reduce the
time required 0.669 0.539 10.770/2 0.949 0.050
We are working to lower setup times in our plant 0.747
We have low set up times of equipment in
our plant 0.795

Table III.
LP operational
constructs, measures
and CFA
factor loadings
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Many possible extenuating situations can influence the χ2 test ( χ2/df). It is extremely sensitive
to sample size and the number of observed variables per construct so it should not be used as a
sole acceptance or rejection criterion (Schermelleh-Engel et al., 2003). Moreover, there is no
absolute consensus in the literature for acceptable normed χ2 values, whose indications vary
between three and five (Marsh and Hocevar, 1985). According to Hair et al. (2014), the
acceptability of a model’s goodness-of-fit should not be assessed from a single criterion. We,
therefore, checked and reported both absolute ( χ2) and incremental (CFI) goodness-of-fit
measures. Many of the construct validity measures met the recommended thresholds,
including the CFI and SRMR indices. Additionally, although the χ2/df values were higher than
the recommended thresholds, their respective p-values were lower than 0.01. They do not
undermine our results and can therefore be accepted.

Finally, we checked the discriminant validity via average variance extracted (AVE). Each
construct’s value should be greater than the squared correlation coefficients (Fornell and
Larcker, 1981; Bagozzi and Yi, 1988). Our squared correlation coefficients were lower than the
AVE of each construct. The only exception was the correlation between “Flow” and “Low
setup” with a squared coefficient of 0.616, which was slightly above the AVE of 0.588 and
0.539, respectively. Table III shows that each latent variable’s AVE exceeded the cut-off value.

3.2.3 Industry 4.0 technologies. Industry 4.0 is a recent, shallowly understood approach by
companies. Although some authors (e.g. Wan et al., 2015; Rüßmann et al., 2015; Fatorachian and
Kazemi, 2018; Kamble et al., 2018; Moeuf et al., 2018) argue that Industry 4.0 involves a set of
digital technologies (embedded systems, wireless sensor network, 3D printing, cloud computing
and big data), most of which were developed prior to 2011. Since many manufacturers might
have adopted the technologies before they were deemed part of the fourth industrial revolution
era, we investigated the adoption level of ten digital technologies (Brazilian National
Confederation of Industry, 2016). Like Tortorella and Fettermann (2018), we explicitly did not
mention that they are part of Industry 4.0, thereby mitigating any blurred perceptions.

We used a five-point Likert scale where 1 meant “not used” and 5 referred to “fully
adopted”. A PCA with varimax rotation was used to extract orthogonal components,
resulting in two components (see Table IV ). Oblique rotation gave similar results. Thus, as

Principal components

Industry 4.0 technologies Mean SD Factor_1 Factor_2
Industry 4.0
technologies focus

i1_non_sens_autom 2.63 1.22 0.483 0.133 Process
i2_sens_autom 2.74 1.28 0.810 0.305
i3_remote 2.43 1.34 0.781 0.295
i4_prod_operationID 2.30 1.30 0.748 0.340
i5_integratedPD&Manuf 2.46 1.27 0.562 0.424
i6_3Dprinting 2.01 1.18 0.416 0.464 Product/Service
i7_simulation 1.94 1.20 0.268 0.505
i8_big_data 2.27 1.28 0.268 0.732
i9_cloud 2.16 1.24 0.178 0.820
i10_services 2.10 1.22 0.383 0.599
Eigenvalues 2.256 1.085
Initial % of variance explained 0.509 0.118
Rotation sum of squared loadings (total) 2.871 2.529
% of variance explained 0.287 0.253
Bartlett’s test of sphericity ( χ2) 196.51
Kaiser-Meyer-Olkin factor adequacy (Overall MSA) 0.74
Notes: n¼ 147. Extraction method: principal component analysis. Rotation method: varimax with Kaiser
normalisation

Table IV.
PCA results
for Industry

4.0 technologies
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suggested by Tortorella, Miorando, Caiado, Nascimento and Portioli Staudacher (2018), the
mainly manufacturing processes-oriented technologies were grouped into the “Process-
related” construct, while the ones mainly focusing on supporting more efficient product/
service development were combined into the “Product/Service-related” construct. Process-
related technologies are mainly focussed on enhancing and facilitating the actual
manufacturing processes, such as digital automation, sensors and Manufacturing Execution
System. Additionally, these technologies are closely related to material flow improvement as
they help to identify and address eventual issues on processes and machines. Such support
allows a higher level of process stability through the reduction of variations and
disruptions, which entails smoother and more reliable value streams (Rother and Harris,
2001; Duggan, 2012). The second, product/service-related technologies, such as virtual
models and IoT, aim to improve and support processes related to product development and
service innovation. The technologies included in this construct are likely to enhance
information flows or to support management to develop products and services faster and
more assertively, such as 3D printing (Tortorella, Giglio and Van Dun, 2018). These links
were briefly envisioned by Lee et al. (2014) and Anderl (2014), but not empirically validated.
We verified unidimensionality by using PCA at each component level (see Table IV )[1]. The
α values above 0.80 (see Table V) denoted high reliability.

3.2.4 Control variables. Regarding the effects of contingencies, company size is seen to
influence the level of LP implementation (e.g. Shah and Ward, 2003; Tortorella et al., 2015).
Tortorella and Fettermann (2018) indicated that company size can also affect the association
between Industry 4.0 and LP, although not to the same extent. Second, the Brazilian
National Confederation of Industry (2016) and Tortorella, Miorando, Caiado, Nascimento
and Portioli Staudacher (2018) assessed the effect of technological intensity on the adoption
level of Industry 4.0, suggesting that this variable may be have a positive influence on
Industry 4.0 adoption. Furthermore, Marodin et al. (2016) and Tortorella et al. (2017)
suggested that tier level has a significant effect on LP implementation, especially in the
Brazilian industrial sector whose specific supply chain characteristics are different to most
developed economies. Finally, the duration of LP implementation was argued as a critical
contextual variable, since it may be used to represent a company’s LP maturity level
(Netland, 2016; Netland and Ferdows, 2016). Rossini et al. (2019) also considered this in the
analysis of Industry 4.0 adoption by European manufacturers. Hence, we included the
following four contingencies as control variables in our study: technological intensity, tier
level, company size and duration of LP implementation.

Technological intensity was classified into two categories based on their industrial sector
suggested by the Organisation for Economic Cooperation and Development (OECD, 2011):
high and medium-high, and low and medium-low. Moreover, we divided the companies
into tiers 1 and 2, and tiers 3 and 4, as displayed in Table I. Company size was dichotomised
as large (W500 employees) and small and medium (⩽500 employees) (SEBRAE, 2010).
Finally, following Netland and Ferdows’ (2016) categorisations of the duration of LP
implementation, the companies were divided into less than two years and more than two
years of implementation.

3.3 Bias countermeasures
Non-response bias was analysed for each of the four surveyed executive education
classes (n1 ¼ 35, n2 ¼ 41, n3 ¼ 37 and n4 ¼ 34) using Levene’s test for equality of
variances and a t-test for the equality of means (Armstrong and Overton, 1977). Both
tests indicated that the four groups’ means and variations were not significantly different
(po0.05). So, there was no evidence of differences among these groups compared to
the population.
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Since single respondents answered both the dependent and independent variable questions,
we took various countermeasures to avoid common method and source bias, following
Podsakoff and Organ (1986) and Podsakoff et al. (2003). First, regarding the survey
structure, the dependent variable items were far away from the independent variable items.
Moreover, we kept the original scale labels: using different scale anchors is argued to
curb covariation (Podsakoff et al., 2003). Naturally, we clarified that there were no right or
wrong answers and the respondents’ responses would be treated anonymously. Also, the
respondents had to be key lean implementers in their organisations and were thus
appropriate informants. Finally, the Harman’s single-factor test, with an EFA including all
the independent and dependent variables (Malhotra et al., 2006), displayed a first factor that
explained only 23.5 per cent of the variance. Since no single factor accounted for most of the
variance, common method variance was deemed minimal.

3.4 Data analysis
We performed a set of Ordinary Least Square (OLS) hierarchical linear regression models to
test our hypotheses. Three models were examined. Model 1 only included the effect of the
control variables (technological intensity, tier level, company size and duration of LP
implementation). We also tested all the models with dummy industry sector variables
because process considerations and external contingencies inferred by the industrial sector
may explain the maturity level of both LP and Industry 4.0. The four industry-type
dummies (see Table I) were not significant and the results remained the same on excluding
these variables from the regression models. Thus, to increase the degrees of freedom and
significance of our tests, we followed Tortorella, Fettermann, Frank and Marodin’s (2018)
procedure and disregarded industry sector in the regression. Model 2 included the direct
effect of the three LP constructs and the two Industry 4.0 technologies constructs. Finally,
Model 3 entailed adding the moderating effects of Industry 4.0 technologies.

As suggested by Hair et al. (2014), we checked for assumptions of normality, linearity,
and homoscedasticity between independent and dependent variables. Residuals were
verified to confirm normality of the error term distribution. We tested linearity by plotting
partial regression for each model. None of the models rejected the hypothesis of adherence to
the normal distribution of residuals (Kolmogorov-Smirnov test po0.05). Homoscedasticity
was assessed by plotting standardised residuals against predicted value and a visual
examination of those plots. Overall, our tests supported the necessary assumptions for an
OLS regression analysis.

4. Results and discussion
Table V shows the correlations of all the variables, Cronbach’s αs and composite
reliabilities. All the independent variables presented a significant positive correlation with
operational performance improvement. Technological intensity was significantly negatively
correlated with pull and low setup practices as well as product/service-related technologies.
Company size and duration of LP implementation were significantly positively correlated;
while duration of LP implementation was significantly negatively correlated with
technological intensity.

The regression results, with operational performance improvement as a dependent
variable, are shown in Table VI. The unstandardised coefficients are reported here since
each construct’s scales had already been standardised (Goldsby et al., 2013). Furthermore,
multicollinearity was not a concern since the variance inflation factors in the regression
models were all lower than 3.0.

The results suggest that the addition of both the independent variables (Model 2) and the
interaction terms (Model 3) led to an incremental improvement of the model (i.e. the Change
in Adj. R2 was significant in both models). Model 3, which explains 33.1 per cent of the
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variance (F -value ¼ 5.812; p o 0.01), shows that the addition of the interaction terms
significantly enhanced the prediction capacity of operational performance improvement, as
indicated by the change in adjusted R2. None of the contingencies seem to have had an
impact on perceived operational performance improvement, with the exception of tier level
which is positively associated (b̂ ¼ 0.682; p o 0.01).

Surprisingly, from the LP constructs investigated, only “low setup” presented a
significant positive association (b̂¼ 0.299; po0.05) with operational performance
improvement which contradicts previous research (e.g. Shah and Ward, 2003; Shah and
Ward, 2007; Taj and Morosan, 2011). However, in the Brazilian manufacturing context, the
effect of pull and flow practices does not seem to be as pervasive as in other contexts. Saurin
et al. (2010), Tortorella et al. (2015), Marodin et al. (2016) and Tortorella et al. (2017) stressed
that LP implementation in Brazilian manufacturing companies is less extensive than in
developed economies and most companies continue to struggle with implementing practices
that will provide minimum process stability. Therefore, it is reasonable to assume that
practices which demand a deeper comprehension of LP as a true value-creation system, such
as pull and flow practices, might not be associated with performance improvement.

Furthermore, a direct effect of Industry 4.0 technologies was observed for the process-related
technologies. These are primarily related to improving and facilitating manufacturing processes
(material flow) and appear to have a positive relationship with operational performance
improvement (b̂¼ 0.194; p o 0.05). On the other hand, the product/service-related technologies,
which mainly focus on supporting and enhancing product development and service innovation
(information flow), do not show a significant direct effect on performance improvement. This
may be due the fact that manufacturing companies located in emerging countries usually have
fewer financial means than those in developed economies. Hence, the few implemented
investments are usually focussed on manufacturing processes (Chen et al., 2011). Additionally,
multinational companies located in emerging economies, as in our study, typically develop their
manufactured products abroad, in sites with established engineering know-how and
technological support (Bonaglia et al., 2007). Therefore, it is quite reasonable that the direct

Operational performance improvement
Variables Model 1 Model 2 Model 3

Technological intensity (control) −0.338** −0.172 −0.121
Tier level (control) 0.476* 0.567** 0.682***
Company size (control) −0.071 0.076 0.186
Duration of LP implementation (control) 0.373** −0.043 −0.067
Pull 0.063 0.073
Flow 0.013 0.088
Low setup 0.382*** 0.299**
Process 0.197** 0.194**
Product/Service 0.021 0.005
Pull × Process −0.072
Flow × Process 0.110
Low setup × Process −0.296**
Pull × Product/Service 0.022
Flow × Product/Service 0.366**
Low setup × Product/Service −0.214
F-value 4.111*** 7.676*** 5.812***
R² 0.103 0.334 0.400
Adjusted R² 0.078 0.290 0.331
Change in Adj. R² – 0.212*** 0.041*
Notes: n¼ 147. Unstandardised regression coefficients are reported. Change in Adj. R2 reports results
compared with the previous model. *po0.1; **po0.05; ***po0.01

Table VI.
Ordinary least

squares regression
results
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impact of product/service-related technologies on operational performance is still incipient and
less significant than the direct effect of process-related ones.

However, when the interaction terms are taken into consideration, process-related
technologies seem to moderate the effect of low setup negatively (b̂¼ −0.296; p o 0.05).
This is contrary to common belief that Industry 4.0 technologies, which are primarily
focussed on manufacturing processes, should positively reinforce the relationship between
(lean) management practices and operational performance indicators (Subramaniam et al.,
2009; Dworschak and Zaiser, 2014). Since Industry 4.0 tends to emphasise the reduction of
complexity by strict modularisation, one would expect that the concurrent implementation
of such technologies with low setup practices will increase the positive effects on operational
performance. Nevertheless, our results do not bear such a moderating assumption. One
explanation is that, although both low setup practices and process-related technologies seem
to positively affect performance when analysed separately, Brazilian companies may not
understand yet how to benefit from their concurrent adoption. As indicated by David et al.
(2016) and Landscheidt and Kans (2016), the isolated initiative of investing in cutting-edge
technology, without dealing with systemic process improvement and design, does not imply
better operational performance. In other words, the incorporation of an acknowledged
technology into ill-structured manufacturing processes will not give the expected results.
Another reason for this finding could be the misconception of the adoption of process-
related technologies in terms of simply increasing the level of machine automation. If they
are not designed properly, higher levels of machine automation in production lines could
entail a more rigid layout, undermining the flexibility of changing over and so increase the
costs related to the introduction of new products (Takeda, 2006; Baudin, 2007). In this sense,
if a misguided adoption of process-related technologies occurs, companies may perceive
these technologies as being contradictory to the underlying concepts of low setup practices,
entailing a negative effect on operational performance.

In turn, technologies related to products or services appear to positively moderate the
relationship between flow and operational performance improvement (b̂ ¼ 0.366; po0.05).
In fact, if product development and service innovations are properly supported by these
Industry 4.0 technologies, it is reasonable to expect a positive impact on the effect of flow
practices, through the reduction of time-to-market and, hence, a more reliable flow of value.
Furthermore, assertive prototyping together with an integrated design and commissioning
approach may anticipate manufacturing issues due to the availability, processing and
analysis of big data (Hermann et al., 2016). These technologies might support problem-
solving activities and thereby enable continuous flow strategies.

Overall, our study provides arguments for examining the interaction between both
approaches, and suggests that LP implementation may, in part, benefit significantly from
the adoption of Industry 4.0 technologies. Nevertheless, the pervasiveness of this
relationship might change according to the context in which the manufacturing company is
located (developed vs developing economy). Indeed, our results empirically supportH2b and
reject H3a. Regarding the remaining hypotheses, our findings do not demonstrate a
significant moderation effect of Industry 4.0 technologies.

5. Conclusions
5.1 Theoretical implications
With the advent of the fourth industrial revolution, the integration of smart technologies
with LP implementation is acquiring special importance. Lean practices tend to be more
impactful since Industry 4.0 allows a better understanding of customers’ demands and
accelerates information sharing processes. This empowers employees’ engagement which is
key in LP (Van Dun andWilderom, 2016) as well as throughout the value chain. Industry 4.0
can boost the outcomes of traditional LP implementation, resulting in distinguished
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performance levels. Our study provides empirical evidence for such an association
and enhancement, thereby adding to the understanding of the adoption of advanced
manufacturing technology (Cheng et al., 2018; Kamble et al., 2018).

In fact, a major theoretical contribution is the evidence that purely technological adoption
does not lead to the expected results. LP practices help to install organisational habits and
mindsets that favour systemic process improvements. Although Industry 4.0 may impact
performance at a certain level (Zawadzki and Żywicki, 2016; Quezada et al., 2017), its
effect might change when LP practices are implemented simultaneously. In other words,
the socio-technical organisational changes that coincide with LP reinforce practices and
behaviours which, when combined properly with today’s technological advancements, enable
companies to compete successfully under the, at first sight, paradoxical scenario where
high-tech applications and human-based simplicity exist concurrently. There is certainly an
opportunity, while implementing LP, for companies to intelligently weigh the trade-offs when
introducing novel technologies instead of simple standard operating procedures. Therefore,
technology adoption does not necessarily lead to negative interactions with LP practices but,
following Toyota’s principle, it must be applied in such a way as to create value for people and
processes (Morgan and Liker, 2006; Liker and Morgan, 2011).

Our study also reinforces the validation of two bundles of Industry 4.0 technologies:
process-related technologies that support the flow of materials and product/service-related
technologies that support the flow of information. The Brazilian National Confederation of
Industry (2016), on which our measure was based, originally grouped these technologies
into three categories according to their focus, namely: process, product development and
new business model/service innovation. Our validation shows that the original second and
third clusters converge into one bundle. The process-related technologies include sensors,
remote monitoring and integrated engineering systems; the product/service-related
technologies involve rapid prototyping, virtual modelling and cloud services. The
empirical validation of bundles of technologies that address material and information flows
is somewhat consistent with the frameworks proposed by Anderl (2014) and Lee et al. (2014).
They discussed the benefits of certain groups of technologies on manufacturing, product
development and business innovation, but without testing their concurrent effects. In this
sense, our research provides empirical evidence for Industry 4.0 technologies that behave
similarly and, hence, could be adopted together. Follow-up studies should include even more
advanced Industry 4.0 technologies.

The insights from this study were also examined from the perspective of the contingency
theory, since they clarify some usual misunderstandings related to the contingent nature of LP
and Industry 4.0. First, our findings do not support the assumption that Industry 4.0 adoption
can have an indistinct impact on operational performance. In fact, our research suggests that
novel technologies which mainly focus on product development and innovation may not be as
valued by manufacturers as expected, especially within the Brazilian industrial sector. This
contingency also affects the referred LP practices, because our outcomes differ from studies
performed in other socioeconomic contexts (e.g. Netland, 2016). Since this study was employed
in Brazil, it adds to the predominantly US-based studies on context-practice-performance
relationships that were published in the last 25 years in the International Journal of Operations
& Production Management and the Journal of Operations Management (Boer et al., 2017).
Second, we identified that some contingencies, like technological intensity, company size and
duration of LP implementation, may have a less extensive effect on the interaction between LP
and Industry 4.0 than indicated by previous studies. In fact, our research shows that of the
four contingencies, only tier level plays a significant role in the resulting model. Although
unexpected, this converges with Marodin et al.’s (2016) findings, suggesting that similar
tier-level effects can also be observed when integrating Industry 4.0 with LP implementation.
It may well be that organisations higher up in the supply chain are nowadays required to
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focus more on operational performance improvement than those downstream, which could be
achieved via novel technology adoption.

However, Industry 4.0 is still a relatively new concept, especially in economically
emerging countries (Mexican Ministry of Economy, 2016; Tortorella and Fettermann, 2018),
thus misunderstandings about its concepts and benefits might lead to counterintuitive
moderating effects. A similar pattern occurred with regards to LP (e.g. Saurin and Ferreira,
2009; Hines et al., 2018): contrary effects ensued when the concepts were not understood well
by the managers who implemented them. Our research emphasises that the integration of
product/service-related Industry 4.0 technologies into flow practices can lead to significant
operational performance improvements, but only if approached properly. Therefore, a better
grasp of the meaning of Industry 4.0 technologies may support proactive initiatives that can
potentially converge with previous efforts of implementing LP practices.

5.2 Managerial contributions
As manufacturers search for efficient and economic production systems, novel technologies
can contribute to boosting their competitiveness. Industry 4.0 can facilitate the development of
higher performance through new business models and services. However, its adoption entails
additional challenges for companies, especially those in emerging economies. Therefore, our
findings provide managers and practitioners with an indication of the right balance between
the adoption of Industry 4.0 technologies and LP practices for improving operational
performance within their companies. In fact, our study gives arguments to support managers’
decision-making processes: if they install many flow-related LP practices, they should
prioritise the adoption of product/service-oriented technologies such as cloud services, IoT, or
big data analysis, in order to achieve high operational performance levels. With advanced
information and communication systems in place, along with a LP operating system, a
company has the potential to expand with new performance standards. Industries now have
the opportunity of combining the benefits of real-time integration with minimal waste
generation in the whole value stream. In sum, our findings can help managers to anticipate
operational difficulties when integrating process-related new technologies with flow practices.
This information helps to set fair expectations, which support a manager’s investment
decisions to achieve certain strategic objectives regarding Industry 4.0.

5.3 Limitations and future research
Our sample has certain limitations. First, our sample only confirmed some of the moderating
effects of Industry 4.0 technologies on LP practices implementation. Hence, there is a need to
develop and empirically test models with larger samples. Increasing the sample by replicating
the study in different countries would support the inference of more generalisable results,
regardless of the socioeconomic context. We used operational performance indicators as a
proxy for financial performance, since financial results are often carefully protected by
companies and difficult to obtain and the performance of certain financial indicators is only
shared among senior managers. However, the observed improvements in the operational
performance indicators probably had a direct impact on the company’s financial performance,
mitigating any concerns related to that. Additionally, we examined operational performance
as a single dimension comprised of five different indicators. Further studies could analyse the
individual association of each of these indicators with LP and Industry 4.0 to understand how
exactly a company’s performance is affected by both approaches.

Second, as discussed in Section 3.3, we took various countermeasures to curb the biases
that may have resulted from our (cross-sectional) research design. Guide and Ketokivi (2015)
recommended utilising multiple respondents per firm in order to mitigate common method
bias. Although this approach was not feasible in our study, we invite others to determine
firm-level outcomes based on multiple respondents.
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Third, the different experiences of the companies using LP was also a sample limitation,
possibly influencing respondents’ perceptions of LP practices implementation as their
mindsets might have been at different lean maturity stages. Nevertheless, most participating
companies had more than two years of lean implementation experience. A comparative study
of companies in the same lean phase (Netland and Ferdows, 2016) could avoid any potential
errors from the collected data. Also, further studies could include archival data (i.e. publicly
available company-level financial reports) to validate the self-reported performance data.
They could address the association between LP and Industry 4.0 from a practice level,
providing additional details that complement our study. We may have lost specific aspects of
the relationship by using EFA to combine individual technologies into multi-dimensional
constructs that represent Industry 4.0.

Future longitudinal studies ought to collect more objective output measures or involve
front-line supervisors in the rating of the implementation levels of LP and Industry 4.0. This
also includes additional LP variables (e.g. the level of employee involvement, suppliers’ and
customers’ relationship, total quality management and human resources management
practices) or the use of multiple levels of analysis to observe the composed influence of
these variables over time. Moreover, in-depth case studies that address common barriers or
difficulties with LP implementation and Industry 4.0 adoption may allow a better
understanding of the inherent challenges on implementing these approaches concurrently.
The lack of empirical research in this emerging field (Kamble et al., 2018) provides ample
opportunities for further investigation across different socio-economic contexts.

Note

1. To rule out the existence of any cross-loadings between the LP practices and I4.0 technologies
measures in our survey, we ran an additional EFA with all 21 items. No cross-loadings were found
(factor loadings⩾0.45).
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