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Abstract
We investigated the synergies and trade-offs between lean management practices 
and digital transformation promoted via Industry 4.0 (I4.0) technologies in cur-
rent manufacturing shop floors. We used a fuzzy-set qualitative comparative anal-
ysis to examine possible interactions in a sample of 568 European manufacturing 
plants from the European Manufacturing Survey. Our results show that various 
causal pathways exist between lean practices and I4.0 technologies that contrib-
ute to improving industrial performance, highlighting the influence of vertical and 
horizontal data integration (VHDI) even ahead of other more extended applica-
tions, such as robotics. Furthermore, our results reveal that the combination of I4.0 
technologies analyzed (VHDI, advanced robotics, and additive manufacturing) can 
lead to sufficient conditions for improving plant performance. From a management 
point of view, our findings underline the need to avoid myopic attitudes toward I4.0 
opportunities. Lean programs should be designed with technological issues in mind, 
as digital features can establish powerful mechanisms that develop and reinforce the 
contributions of operational routines to manufacturing strengths in the face of new 
market requirements. In addition, managers must take into account the implications 
of the new situation: continuous learning and workforce training will be essential for 
workers to adapt to the requirements that digital transformation of shop floors has 
brought about.
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1  Introduction

Over the past 30 years, increasing competitive pressure in business has led to an 
increased focus on the role of organizational efficiency in business performance. 
This attention has contributed to the popularity of different management theories 
in the industrial field, including lean manufacturing (LM), “a systematic approach 
to eliminating non-value-added through-process optimization based on continu-
ous improvement” (Womack and Jones 2003). However, recent market develop-
ments—such as more frequent changes in customer preferences, minimizing the 
time to market, and especially increasing levels of digitization—are forcing chief 
information officers and CEOs to rethink their current management processes 
(Bittencourt et al. 2019). They are left to figure out what new strategies, organiza-
tional structures, and management skills they need to compete in today’s dynamic 
competitive landscape.

The practices of LM, in fact designed for high-volume and low-variety 
(HVLV) shop floors, encounter certain difficulties in effectively adapting to cur-
rent low-volume, high-variety (LVHV) environments (Portioli-Staudacher and 
Tantardini 2012; Sartal and Vázquez 2017). LM is currently confronting its 
increasingly limited ability to successfully satisfy new consumer preferences 
regarding shorter response times, greater customization, and environmental con-
cerns (Vázquez et al. 2016; Ghobadian et al. 2020). To address these issues suc-
cessfully, many practitioners and academics have stressed the need to adopt new 
management approaches in the digital era, delving into the valuable contributions 
of digital transformation and Industry 4.0 (I4.0) technologies in particular (Buer 
et al. 2018; Pagliosa et al. 2019; Sartal et al. 2020).

For example, Kaspar and Schneider (2015) and Tortorella et  al. (2020) state 
that LM processes may be optimized using I4.0 technologies in the fields of data 
integration, advanced robotics (AR), and additive manufacturing (AM). Although 
based on different foundations, both the LM and I4.0 paradigms share the same 
ultimate goal—that is, improved productivity and quality (Ciliberto et al. 2021). 
This suggests a clear reflection: that I4.0 can help companies that already use 
LM to improve their processes’ efficiency and further increase plant performance 
(Rossini et al. 2021).

In this regard, more and more authors now identify LM as a key enabler in the 
digital transformation processes of industrial companies (e.g., Sartal et al. 2017, 
Sartal and Vázquez 2017; Mayr et al. 2018; Dombrowski and Richter 2018; Bit-
tencourt et al. 2019). The literature strongly emphasizes the importance of clas-
sic lean concepts such as standardization of work, transparency, and organization 
(Leyh et al. 2017; Tortorella and Fettermann 2018) as a basis for implementing 
successful I4.0 solutions.

Before undertaking any digital transformation process, managers should start 
by conducting a strictly organizational analysis aimed at eliminating muda (non-
value-added activities) from their value stream. With this approach, companies 
can not only avoid “muda automation,” but also maximize the success of sub-
sequent investments in technology solutions. As Nicoletti (2013) expounds, an 
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inefficient process, even if it is automated, is still inefficient and will lead to the 
automation of non-value-added activities. It thus seems clear that LM principles 
can set the right shop floor conditions to develop technology-intensive environ-
ments, and that subsequent technology-enabled capabilities will be leveraged to 
achieve superior operational performance (Sartal et  al. 2017; Bittencourt et  al. 
2019; Buer et al. 2021). Otherwise, excessively early adoption of these new tech-
nologies (whether I.40 technologies or otherwise) may represent investments with 
low returns and high opportunity cost at best (Sartal et al. 2017).

Undoubtedly, all these potential efficiency improvements in manufacturing plants 
have aroused interest in academia, and an increasing number of authors point out 
the need to assess the impact of digital transformation in lean environments (Mayer 
et  al. 2018; Ding et  al. 2021). Still, empirical evidence on the relationships, syn-
ergies, and tradeoffs between LM management practices and I4.0 technologies 
remains scarce (Buer et al. 2018).

To date, few studies have investigated the link between both paradigms, and most 
of these studies have addressed this relationship at a high level, focusing mainly on 
the compatibility of LM and I4.0 without considering their final impact on plant 
performance (Ghi and Rossetti 2016; Jayaram 2016). In addition, the existing stud-
ies are usually conceptual models and case studies (Sanders et al. 2016; Sartal et al. 
2018a) or literature reviews (e.g., Buer et al. 2018; Sordan et al. 2021a). Therefore, 
results obtained so far have low generalizability and offer few valuable lessons 
for managers. Although this approach may be useful for studying I4.0’s aggregate 
effects, it is not useful for understanding what specific practices and technologies—
and interactions among them—are most appropriate for reinforcing LM practices. 
Firms need guidelines on how to extract all of the potentiality of I4.0 (Meudt et al. 
2017), but it remains unclear which technologies can be combined with today’s lean 
practices, which complement one another, and which are counterproductive (Wag-
ner et al. 2017).

Considering all of the above, our objective was to investigate the interactions, 
possible synergies, and tradeoffs between digital transformation and management 
practices on the shop floors of manufacturing companies, as well as the joint impact 
of such interactions on plant performance. Because the operations literature accepts 
LM as one of the most influential paradigms in manufacturing (Forrester 2010), we 
used its principles as the basis of our study. Here, digital transformation is repre-
sented as I4.0 technologies. We have proposed a comprehensive and parsimonious 
model using a fuzzy-set qualitative comparative analysis (fsQCA) to explore the 
relationships between two main lean pillars, just-in-time (JIT) and Jidoka (Ohno 
1988), as well as three I4.0 technologies: vertical and horizontal data integration 
(VHDI), advanced robotics (AR), and additive manufacturing (AM) in the manu-
facturing field. The literature identifies these three flow-enhancing I4.0 technologies 
as having some of the key features for enhancing the flow and flexibility of lean 
initiatives to successfully meet today’s consumer requirements (Karre et  al. 2017; 
Tortorella et al. 2020).

Our study’s other main contribution is empirical: we tested our hypotheses on 
a wide-ranging international sample—the European Manufacturing Survey (EMS), 
which focuses on industry (568 manufacturing plants) and covers six European 
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countries (France, Croatia, the Netherlands, Slovenia, Portugal, and Spain). This 
scope is certainly a relevant feature, as the vast majority of studies in this area are 
based on tailored surveys or case studies. Although most studies focus on firms, the 
EMS survey enabled us to examine our research questions at the shop-floor level. 
This focus on manufacturing plants is a second empirical strength from an opera-
tions research point of view.

The paper is arranged as follows. Section 2 introduces the literature review, and 
Sect. 3 describes the sample of firms covered in the survey as well as our variables. 
Section 4 covers methodology, whereas Sect. 5 provides econometric analysis and 
presents our results. Finally, we discuss our main findings and their implications.

2 � Background: lean manufacturing and industry 4.0 technologies 
meeting consumer demands in the digital age

2.1 � The link between lean manufacturing (LM) and flow‑enhancing Industry 4.0 
(I4.0) technologies

In this study, we used LM principles as an example of management practices to 
investigate the possible effects of digital transformation on the current lean shop 
floors of manufacturing companies, and vice versa, as well as its impact on indus-
trial performance.

Although the concept originated from the Toyota Production System (TPS) 
(Liker 2004), the publication of The Machine that Changed the World (Womack 
et al. 1990) was what led to the gradual spread of LM to various industrial environ-
ments, such much so that it is now considered to be the dominant paradigm in opera-
tions management (Forrester et al. 2010; Womack and Jones 2003).

Lean practices, associated with improved business performance in terms of pro-
ductivity and quality, seem to show certain weaknesses, however, concerning struc-
tural trends from market evolution: greater personalization and shorter response 
times, as well as the increasing intensity and speed of technological change (e.g., 
Feldmeth and Müller 2019; Sartal et al. 2020). This circumstance has led to a sig-
nificant number of studies that suggest complementing the lean philosophy with new 
contributions from other models to successfully handle the requirements of current 
costumer such as high levels of customization, time to market minimization, and 
shorter product lifecycles, (Sartal et al. 2017).

Accordingly, some authors have proposed integrating lean principles into new 
hybrid models, such as leagile (Ding et  al. 2021) or lean, agile, resilient, and 
green (LARG​; Carvalho and Cruz-Machado 2011), to mitigate these potential 
limitations. Others argue that LM needs to evolve toward new systems, such as 
world-class manufacturing (Chiarini and Vagnoni 2015) or agile manufacturing 
(Ghobakhloo and Azar, 2018), to better adapt to current market requirements. A 
third growing stream of literature defends the idea that I4.0 technologies offer 
valuable solutions for supporting lean principles to solve the challenges of the 
current market (Buer et al. 2018; Sordan et al. 2021a; Sartal et al. 2018a, 2020). 
Along these lines, authors such as Sanders et  al. (2016) and Tortorella et  al. 
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(2020), among others, theorize that a combination of I4.0 and LM would enhance 
productivity and reduce waste, thereby reducing costs. Similarly, Ma et al. (2017) 
and Rossini et  al., (2021) believe that I4.0 can help lean practices and initia-
tives to improve flow and process flexibility, thereby mitigating one of their most 
important weaknesses and accelerating the process of reaching the customer. 
Finally, Khanchanapong et al. (2014) and Roy et al. (2015) note that integrating 
I4.0 not only enables firms to promote the maturity of their lean programs but 
also offers a synergistic performance effect that can motivate the joint optimiza-
tion of both.

Although all the abovementioned studies have increased the understanding of the 
possible synergies between LM and I4.0, many of them focus exclusively on the 
effect of a specific technology and practice in isolation (e.g., Wagner et  al. 2017; 
Karre et  al. 2017). Alternatively, on the contrary, they evaluate the interaction 
between both paradigms in an overly aggregated way. Although this may be useful 
for studying generic effects, it is not applicable to real-life manufacturing problems. 
Integrative analyses that examine various technologies and practices concurrently as 
they occur in manufacturing environments are needed to understand the synergies 
and trade-offs that can actually occur. Only then will it be possible to go beyond 
generalist recommendations and develop specific lean I4.0 management and public 
policy initiatives with real applications.

Undoubtedly, the eclectic character of both paradigms as well as the multiplic-
ity of descriptions and terms used to describe both LM (Pettersen 2009) and I4.0 
(Moeuf et al. 2020) have greatly contributed to the dissemination of the generalist 
and aggregate approaches. To avoid this and propose a parsimonious and plausi-
ble model, we defined the lean practices and I4.0 technologies from the outset. For 
LM, we used the standard classification, which consists of two main pillars, JIT and 
Jidoka, anchored directly in the fundamentals of the TPS (Ohno 1988; Liker 2004). 
Regarding I4.0, we started from the classification by M et al. (2015), and we consid-
ered three flow-enhancing technologies within I4.0: AR, HVDI technologies, and 
AM. Figure 1 depicts the relationships analyzed in our study.

Any of the nine technologies that Rüßmann et al. (2015) describe can enhance 
LM performance to a greater or lesser extent. However, we believed that it was more 
appropriate to focus on those that, according to different authors, have greater poten-
tial for improving flow and flexibility in current LVHV environments (Tortorella 
et al. 2020; Karre et al. 2017). This would allow us to carry out a more detailed and 
in-depth analysis rather than approaching nine technologies in a superficial manner. 
We further verified through a literature review of the past decade (2011–2020) that 
the three proposed bundles of technologies are the most commonly used drivers to 
enhance JIT and Jidoka performance (Table 1). Some of the key features of these 
technologies used to enhance flow and flexibility are described below, and they are 
analyzed in depth for each pillar in the following section.

Regardless of the size of the company or the sector in which it operates, HVDI 
systems have become essential for handling the massive volume of records that must 
be processed daily and are therefore essential for carrying out lean programs suc-
cessfully (Ghobakhloo and Hong 2014). The HVDI of production systems drives 
instantaneous data exchange that not only affects the JIT pillar by reducing reaction 
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times but also improves Jidoka initiatives thanks to real-time data analysis that ena-
bles the design of a less wasteful value stream (Tortorella et al. 2020).

Although LM and information technologies (IT) have traditionally been seen as 
antagonistic (Ohno 1988), the digital transformation that society is undergoing has 
favored the progressive incorporation of this type of technology into manufactur-
ing environments (Esmaeilian et al. 2016). In fact, an increasing number of authors 
suggest that IT-enabling capabilities can be regarded as necessary and logical exten-
sions of lean initiatives. Authors such as Buer et  al. (2018) and Tortorella et  al. 
(2020), among others, emphasize the need to incorporate HVDI technologies into 
lean shop floors for better interconnectivity and real-time data analysis that leads 
manufacturers to improve flow and responsiveness. Similarly, Zelbst et  al. (2014) 
highlight that real-time information is a prerequisite for successfully implementing 
JIT, as safety stocks have been removed. VHDI resources also allow for automatic 
data flow that eases the assimilation of tactical, strategic, and operational informa-
tion (e.g., sale specifications and inventory, forecasting and planning demand, and 
production schedules) more rapidly and precisely (Sartal et al. 2017; Tortorella and 
Fettermann 2018). These positive effects on flow and flexibility are also observed 
with the second I4.0 technology selected: AR. Authors such as Tortorella et  al. 
(2020), in accordance with the earlier proposals of Gil-Vilda et al. (2017) and Karre 
et al. (2017), affirm that the adoption of AR and collaborative robots (cobots) could 
favor a more agile and flexible production flow. Thus, it may contribute to current 
customization requirements as well as the ability to adapt to the customer’s demands 
in terms of time.

Although the human workforce has traditionally achieved this operational flexibil-
ity (Müller et al. 2016), manual production systems cannot always cope with the new 
requirements that globalization and increasingly personalized demand have imposed 

Fig. 1   Conceptual framework illustrating the relations between lean pillars and I4.0 technologies
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(Malik and Bilberg 2018). Faced with this situation, research on AR has been a recur-
ring theme in the literature during the past several years (Pan et al. 2012; Pedersen et al. 
2016). Although conventional automation solutions using robots introduced rigidity 
and reduced systems’ flexibility to adapt to changes (Gil-Vilda et al. 2017), new genera-
tions of cobots no longer manifest the rigidity problems of traditional robots in terms 
of production, as they are intended for direct interaction with a human worker (Galin 
et al. 2020). In addition, the integration of cobots in typical lean U-cells can increase 
their flexibility while facilitating the balance of the workstation’s cycle time (Gil-Vilda 
et al. 2017; Ciano et al. 2021; Sordan et al. 2021b). Based on this, cobots are ideal for 
current manufacturing environments with greater product variability and smaller batch 
sizes (Bloss, 2016).

Finally, the “design freedom” that AM offers makes it possible to manufacture cus-
tomized products economically and in low volumes. This contributes greatly to achiev-
ing a more agile and adaptable production flow (Rietzel et al. 2017; Tortorella et al. 
2020). Today, in environments where on-demand manufacturing systems ensure rapid 
responses to consumer demands, AM can not only provide efficiency and flexibility but 
also facilitate the assembly of these modules with others that other manufacturers sup-
ply (Ghobadian et al. 2020).

However, the fact that AM often requires fewer or no tool changes and machine 
setup can favor the implementation of lean strategies in companies that work in batches. 
This is a territory that has traditionally experienced significant obstacles in the applica-
tion of LM (Buer et al. 2018). In addition, AM allows for the fine-tuning of JIT prac-
tices by allowing companies to make products to order by uploading only the design 
specified in the printer software (López-Manuel et  al. 2020). Product stocks will no 
longer be needed as companies move toward storing raw materials, shortening supply 
chains, reducing time to market, and reducing the need for transportation. All of these 
circumstances favor the generation of pull flow. Accordingly, AM can be deemed a key 

Table 1   Synthesis of the main bundles of technologies related to JIT or Jidoka during the past decade
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flow-enabling technology, one that is able to adapt quickly and in cost-effective ways to 
current customers’ personalized requirements.

In this context, using lean principles as an example of management practices, we 
postulated our hypothesis to investigate the possible effects of digital transformation, 
promoted here by I4.0 technologies:

–	 I4.0 technologies (VHDI, AR, and AM) support and further develop the positive 
impact of lean manufacturing practices on plant performance.

In the following subsection, we conduct an in-depth analysis of the three I4.0 tech-
nology packages chosen with each of the lean pillars, JIT and Jidoka, supporting the 
research hypothesis.

2.2 � Deepening the impact of Industry 4.0 (I4.0) technologies on the just‑in‑time 
(JIT) and Jidoka lean pillars

2.2.1 � Lean pillars and digitalization: vertical and horizontal data integration (VHDI)

First of all, evidence from various industrial case studies shows that an increasing 
number of companies are developing hybrid solutions that allow them to lever-
age VHDI technologies to improve the performance of the JIT and Jidoka pillars 
(e.g., Tortorella and Fettermann 2018; Tortorella et al. 2020; Ghobakhloo and Fathi 
2020).

On the one hand, the benefits obtained (e.g., real-time traceability and auto-
matic information visibility) with the connection of data at the same level through 
VHDI technologies, such as Wi-Fi and RFID, help to successfully meet the growing 
demands of JIT systems (Rafique et  al. 2016). On the other hand, the connection 
between various levels with manufacturing execution systems (MESs) and enter-
prise resource (ERP) systems contributes to achieving an optimized flow of opera-
tions, leading manufacturers to achieve superior performance levels (Sanders et al. 
2016). Likewise, other digitalization strategies of common lean tools, such as Kan-
ban cards and Heijunka boards, have proven to be effective in current manufactur-
ing environments. For example, the substitution of conventional physical cards with 
virtual Kanban cards (eKanban) enable more effective stock management, thereby 
efficiently supporting JIT procedures at the plant level (Lage Junior and Filho 2010). 
In the same vein, beyond the shop floor, the use of electronic data interchange (EDI) 
systems facilitates the visibility of and improves JIT deliveries along the supply 
chain (Jardini et al. 2016).

With regard to the impact on Jidoka, VHDI solutions, such as MES (Cottyn et al. 
2011) or ERP systems (Riezebos et al. 2009), can make important contributions to 
customized and waste-free manufacturing. Ma et al. (2017) demonstrate how a digi-
tally based smart Jidoka system can be a cost-effective approach to improve produc-
tion system flexibility. In addition, they highlight other gains, such as strengthened 
reliability or reduced costs. Similarly, the evolution of classic poka yokes toward 
advanced monitoring and learning systems, or real-time value stream mapping 
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(eVSM) systems (Chen and Chen 2014), are clear examples of how using VHDI 
systems can improve Jidoka initiatives thanks to the identification and analysis of 
defects in real time, as well as increase visibility in the plant. In addition, the inte-
gration of artificial intelligence (AI) into production VHDI systems provides extra 
machine intelligence that can not only distinguish nonconformities automatically but 
also analyze the causes and trigger countermeasures in real time (Carou et al. 2022).

2.2.2 � Lean pillars and additive manufacturing (AM)

Although the relation between AM and LM has received scant attention, a few stud-
ies have explicitly linked AM with LM, emphasizing the benefits of this technology 
in support of both JIT and Jidoka initiatives (Sartal et al. 2018a). Figure 2 summa-
rizes the main AM features that facilitate the achievement of both pillars targets.

Regarding JIT, several authors argue that AM can help with attaining some key 
objectives related to the “one piece flow,” providing various examples of the impact 
on LM shop floors. In fact, authors such as Chen and Lin (2017) state that the most 
direct benefit of AM appears in small batches of a product. With AM, products can 
be built in a print-on-demand manner, which eliminates the need to construct inven-
tories. This thus conforms to the notions of “no inventory” and “pull systems” in 
lean environments. Similarly, Sartal et al. (2018a) address how weight reductions in 
three-dimensional (3D) manufactured robot devices not only streamline the manu-
facturing line but also enable increased process efficiency and flexibility, thereby 
reducing the time to market.

With respect to Jidoka, AM challenges the traditional concept of a value chain, 
and it may have an important influence on storage, customization, and quality. AM 
enables a greater level of postponement than what was previously possible, thus 
minimizing inventories and transforming final products into intermediate products 
or raw material inventories to generate customized products on demand (Ganesan 
2014). In the future, a consumer will be able to choose a nearby 3D printer to manu-
facture a tailor-made product, therefore reducing lead times, distance, and delivery 
costs while also increasing the logistical system’s efficiency (Chen and Lin 2019). 
According to Campbell et al. (2011), among others, ubiquitous manufacturing based 
on AM not only decreases the lengths of supply chains but also eliminates errors 
and waste, thus converting industrial chains into leaner environments.

AM therefore offers new alternatives for mass customization, distributed man-
ufacturing, and both intermediate and final stock reductions while providing the 
opportunity to create more agile supply chains. This positively influences the JIT 
and Jidoka pillars (Weller et al. 2015).

2.2.3 � Lean pillars and advanced robotics (AR)

Contrary to popular belief, LM does not reject automation. As Harris and Harris 
(2008) mention, any effective production system uses both automated and man-
ual processes. It is not a question of whether lean is manual or not; the important 
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decision to make is to determine the suitable type of automation. In fact, as early as 
the 1960s, Ohno (1988) claims that processes should be automatized and fall under 
employee supervision. He refers to this principle as “autonomation.”

Still, humans have traditionally performed lean assembly tasks on the basis of 
flexibility criteria. However, due to robots’ increasing speed, accuracy, and adapt-
ability, their roles in lean transformations have increased remarkably. In fact, the 
terms “AR” and “cobots” have quickly gained popularity in recent years. These con-
cepts involve developing low-complexity solutions that suit lean production environ-
ments, where a new generation of cobots are combined into human–robot collabora-
tive workcells that are more productive and flexible, and that reduce routine tasks for 
the human workforce (Chen et al. 2013; Lee et al. 2020).

Regarding the Jidoka pillar, AR can offer an accuracy and speed that human labor 
cannot achieve, significantly eliminating errors during manufacturing and diminish-
ing operating costs (Singh 2012). As Singh (2012) points out, robots do not need 
resting time, and relative to human labor, they are less expensive to operate, espe-
cially when overtime is required. In addition, robots and workstations (with low 
levels of complexity) help with detecting and eliminating non-value-added activi-
ties, which aligns with the Jidoka pillar (Kolberg and Zühlke 2015). In addition, 
the increasing use of automated guided vehicles (AGV), which are closely linked to 
the concept of JIT, enables the optimization of transport as well as the avoidance of 
human mistakes (Mayer et al. 2018).

Based on all of the above, we posit that AR positively influences JIT and Jidoka 
pillars, and consequently, it positively impacts plant performance. Furthermore, 
although AR’s capabilities have only increased with time (e.g., higher payload 
capacity, greater accuracy, improved speeds, and better safety elements), costs have 
continued to fall, thus leading to the emergence of AR solutions as key issues in LM 
projects.

Fig. 2   AM facilitates achieving JIT and Jidoka targets (adapted from Chen and Lin 2017)
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3 � Data and measures

3.1 � Data

To assess the stated hypotheses, we gathered data from the 2015 European Manu-
facturing Survey (EMS), which involved 568 firms from six European countries: 
The Netherlands (177), Croatia (106), Spain (100), Slovenia (90), France (62), and 
Portugal (33). The EMS, led by the Fraunhofer Institute for Systems and Innova-
tion Research, focuses on organizational innovation and technology dissemination 
and provides a stratified random subsample of manufacturing firms (NACE codes 
10–32) with more than 20 workers (Fig. 3).

Analyzing the manufacturing sectors the EMS addresses (Fig. 3), we found that 
most of them can be mostly associated with high-volume, low-variety (HVLV) envi-
ronments (bold columns) both for discrete (e.g. automobiles, food products) and 
continuous (paper, wood, steel) production. The same is reflected in Table 2 (Con-
structs and main descriptive statistics) with the high averages achieved by variables 
such as standard work, pull systems and digitalization, among others.

Although various plant configurations can be associated with HVLV environ-
ments (Hill 1993), certain characteristics are common and broadly describe the 
characteristic shop floor in our sample. First, the plant layout is usually designed 
in terms of product flow, intended for large production volumes around a limited 
number of standardized products (see average standardization value in Table 2). In 
addition, there is usually little work-in-process inventory (see also Table 2), as the 
product passes from one operation to another, continuously or in batches, until the 
final product is obtained (Quadt and Kuhn 2007).

The representative shop floor in our sample, as Table 2 shows, has a medium–high 
or high technology level, frequently with dedicated machines, where the operator in 
each position, usually low-skilled, shows a high level of specialization (Cevikcan 
et al. 2009). According to Drira et al. (2007), production in HVLV environments is 
characterized by repetitive, short-cycle tasks, in which the worker is assigned highly 
standardized and specific work tasks and is normally also responsible for supervi-
sory and control tasks (see Table 2). In fact, although these environments have tra-
ditionally been characterized by low labor flexibility (Knauss 1998), the autonomy 
and empowerment promoted by initiatives such as LM appear to encourage the use 
of I4.0 technologies, as the analyzed environments show (Hines et al. 2004).

This sample delivers, therefore, an exceptional opportunity to validate our 
research hypotheses, as it can also provide in-depth insights into our two areas of 
interest: LM and I4.0 technologies (see, for example, Sartal et  al. 2017; Bikfalvi 
et al. 2014). To avoid problems that arise from specific terminologies or linguistic 
differences, the EMS consortium applies numerous procedures (e.g., country pre-
tests and back-translation procedures).

Concerning the submission process, all respondents were top-level executives 
(e.g., CEOs, industrial directors, or manufacturing managers, depending on each 
company’s size), and they had global perspectives on (or access to information 
about) relevant business and industrial requirements. According to some authors, 
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this type of survey, which featured a single informant for each firm, presents poten-
tial common method bias or key informant bias (Flynn et al. 2018; Homburg et al. 
2012). However, top-level informants tend to be a more reliable source of informa-
tion than lower-level ones because they provide input from people who truly know 
what is going on at their companies (Phillips 1981; Montabon et al. 2018). In addi-
tion, we made random phone calls to nonresponsive plants, and no specific pattern 
was evident in nonresponses. To avoid possible bias in the gathered responses, we 
conducted a Harman’s single-factor test. According to the results, the covariance 
explained by a single factor accounted for 27.5%, exceeding the commonly accepted 
cutoff point (25%) in the area (Yan et  al. 2011). Therefore, we were certain that 
the data featured no bias that was attributable to a unique factor in the collected 
responses.

3.2 � Measures

To test our hypotheses, we used numerous multi-item scales. The research group 
opted for measures gathered from the EMS database, based on the current literature, 
to ensure the validity of the facts and content. The items composing each dimen-
sion were measured on a four-point Likert scale (0: no use; 1: low potential use; 2: 
medium potential use; 3: high potential use). Following authors such as Lim et al. 
(2021) and Barnett et al. (2022), Table 2 shows the variables, constructs, and main 
descriptive statistics (mean, standard deviation, and range).

Fig. 3   Classification of the manufacturing firms in the sample by sector (NACE codes 10–32)
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Table 2   Constructs and main descriptive statistics

Variable/Construct Mean St. Dev Range

Min Max

Plant performance: plant-operating income divided by plant 
employees

184.89 217.45 0.1 2228.57

LEAN PILLARS
JIT
a. Production systems controlled via pull methods (e.g., Kanban, 

internal zero-buffer principle)
1.31 1.22 0.0 3.0

b. Standardized and detailed work instructions (“standard work”) 1.90 1.11 0.0 3.0
c. Binding process flows for reducing setup time or optimizing 

change-over time (e.g., SMED, QCO)
0.78 1.12 0.0 3.0

JIDOKA
a. Measures for improving internal logistics (e.g., value stream 

mapping/design, changing spatial arrangements of production 
steps)

1.04 1.15 0.0 3.0

b. Methods of assuring quality in production (e.g., preventive 
maintenance, total quality management, total productive main-
tenance)

1.48 1.21 0.0 3.0

c. Methods of operation management for mathematical analyses of 
production (e.g., Six Sigma)

0.48 0.94 0.0 3.0

d. Methods of continuous improvement of production processes 
(e.g., CIP, Kaizen, quality circle, PDCA, Deming circle/cycle)

1.06 1.18 0.0 3.0

INDUSTRY 4.0
Digitalization: vertical and horizontal data integration (VHDI)
a. Vertical data integration: software for production planning and 

scheduling
1.58 1.33 0.0 3.0

b. Horizontal data integration: systems for automation and man-
agement of internal logistics (e.g., RFID, warehouse manage-
ment systems)

0.52 1.02 0.0 3.0

c. Digital factory: inter-organizational data integration with suppli-
ers/customers (e.g., exchange of production schedules with other 
companies)

0.58 1.02 0.0 3.0

Advanced robotics (AR)
a. Industrial robots for manufacturing processes (e.g., painting 

cells, cutting, etc.)
0.72 1.14 0.0 3.0

b. Industrial robots for handling processes (e.g., warehousing, 
assembling, sorting, packaging)

0.84 1.25 0.0 3.0

c. Digital factory: safety technologies in human–machine interac-
tion (e.g., cooperative robotics)

0.60 1.10 0.0 3.0

Additive manufacturing (AM)
a. Processing techniques for alloy construction materials (e.g., 

aluminum, magnesium, titanium alloys, etc.)
0.17 0.60 0.0 3.0

b. Additive manufacturing technologies for prototyping (e.g., 3D 
printing, SLS, SLT, SLM, EBM methods)

0.24 0.67 0.0 3.0

c. Additive manufacturing technologies for mass production 
(including single-unit production, small batches, spares, etc.)

0.35 0.85 0.0 3.0
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3.2.1 � Plant performance

Productivity, calculated as the plant operating income (in millions of euros) divided 
by plant employees, was used as a proxy for plant performance. This metric is a 
widely used measure of manufacturing operational performance in the operations 
management (OM) literature (e.g., Melville et al. 2007; Heim and Peng 2010), and it 
is consistent with preceding studies on high-performance work systems (e.g., Datta 
et al. 2005; Saldanha et al. 2013), such as lean or I4.0 shop floors.

3.2.2 � Lean manufacturing: JIT and Jidoka pillars

LM is a multilayered notion involving several principles and practices (Pettersen 
2009). Accordingly, many authors endorse creating sets of practices that enable 
an integrated analysis of the multidimensional character of the concept (e.g., Yang 
et al. 2011; Sartal et al. 2017). Although numerous classifications of bundles have 
been introduced in the previous literature, we use the standard classification, which 
consists of two main pillars—JIT and Jidoka—with a twofold purpose. First, this 
classification is widely employed in the literature (e.g., Yang et al. 2011). Second, 
because LM is anchored directly in the fundamentals of the TPS, embracing these 
sets of practices enabled us to associate them directly with the TPS House pillars 
(Ohno 1988; Liker 2004; see Table 2).

JIT, the first pillar, entails a collection of intertwined management tools, the 
objective of which is to design tight processes for manufacturing only those prod-
ucts that are needed (in line with consumer needs) at the required time and in the 
necessary amount (Yang et al. 2011). Accordingly, our JIT construct was comprised 
of three techniques required to cover the core of this principle: (1) Regulations on 
the arrangement and setting of the work equipment, as well as the storage of inter-
mediary products (e.g., Kanban); (2) Work standardization and work instruction 
definitions; and (3) Methods for reducing the setup time and production flows (e.g., 
SMED). These three aspects pave the way to focus on the customer and produce the 
required products (by creating specific lines or cells) at the required time and in the 
necessary amount.

Jidoka (built-in quality), the second construct, comprised four variables: (1) 
Measures for improving internal logistics, (2) Methods of assuring quality in pro-
duction, (3) Methods of operation management for the mathematical analyses of 
production, and (4) Methods of the continuous improvement of production pro-
cesses. This construct enabled us to improve the amount of quality that each firm 
deploys and to simultaneously assess the second trait of this principle (i.e., ensuring 
zero defects).

3.2.3 � Industry 4.0 dimensions

3.2.3.1  Digitalization: vertical and horizontal data integration (VHDI)  Digitalization 
is frequently described in the literature as a concept of complex constructs, and it 
encompasses numerous specific resources within organizations. Nonetheless, bear-
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ing in mind our unit of analysis and the research question, we focused precisely on 
shop-floor VHDI—in particular, technologies that are characteristically within cyber-
physical systems (CPSs; Tortorella and Fettermann 2018). In the context of I4.0, a 
CPS structure can be separated into two levels: the strategic level—also called supply 
chain management (SCM)—and the manufacturing operations level (Tonelli et  al. 
2021; Sartal et al. 2017). Thus, the three following subdimensions are included in 
our construct: (1) Software for production planning and scheduling, (2) Systems for 
the automation and management of internal logistics, and (3) Inter-organizational 
data integration with suppliers/customers (see Table 2). In this way, the prime inter-
nal information management systems throughout the entire production process are 
integrated into the construct. Furthermore, this measure is consistent with analogous 
constructions in previous research (e.g., Sartal et al. 2017).

3.2.3.2  Advanced robotics (AR)  Automation and robotics have traditionally been 
used on shop floors, but in recent years, new and more advanced solutions have been 
introduced to replace human jobs or to cooperate with human employees to improve 
productivity and reduce errors (Bahrin et al. 2016). An example of this is the emer-
gence of a new generation of cobots, such as KUKA iiwa and Fanuc CR-35iA (Schou 
et al. 2018). Various types of advanced robotic applications and automatic systems—
which can directly help manufacturing processes, manage heavy assembly or packag-
ing processes, and perform tasks that require flexibility and high precision to avoid 
(and repair) quality problems—have been developed in recent years (Yin et al. 2018). 
According to the three main activities that advanced robots perform (manufacturing, 
packaging, and control), our construct included the following three subdimensions: 
(1) Industrial robots for manufacturing processes, (2) Industrial robots for handling 
processes, and (3) Safety technologies in human–machine interaction (e.g., coopera-
tive robotics).

3.2.3.3  Additive manufacturing (AM)  AM technologies have increased substantially 
since their initial appearance in the 1980s (Tofail et al. 2018). The American Society 
for Testing and Materials (ASTM) and International Organization for Standardization 
(ISO) standards (ISO/ASTM, 2017) define and classify the most important technolo-
gies: sheet lamination, material extrusion, powder bed fusion, material jetting, and 
vat photopolymerization (Tofail et al. 2018). However, according to the purpose of 
this research, we focused on the applications of AM, not on the different technologies 
available.

Some of the main applications of AM are the following. First, AM was devel-
oped as a more efficient means of producing prototypes to reduce the time to market 
and increase innovation (e.g., Attaran 2017). Second, AM is used for the direct pro-
duction (rapid manufacturing) of end-use parts or whole products (Eyers and Potter 
2017). To that end, the development of technologies for printing metal alloys, such 
as titanium, is especially important. A noteworthy example of the use of AM in pro-
duction is General Electric’s well-known fuel nozzles for the leap engine (General 
Electric 2017). Finally, another widespread application is the production of single 
units and small batches, as well as the repair of single pieces. For example, AM 
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is used in aeronautics to repair expensive parts that use deposits of metal alloys, 
such as titanium (Carou et al. 2017). According to these three main purposes, our 
construct included the following three subdimensions: (1) Processing techniques for 
alloy construction materials (e.g., aluminum, magnesium, titanium alloys, etc.), (2) 
AM technologies for prototyping (e.g., 3D printing, SLS, SLT, SLM, EBM meth-
ods), and (3) AM technologies for mass production (including single-unit produc-
tion, small batches, spares, etc.).

3.2.4 � Plant profile

We included two typical plant profile dichotomous variables (Table 5). First, we 
included the size of the production plant (measured as total workforce) because 
prior research has shown that productivity performance may benefit from econo-
mies of scale and scope (e.g., Sartal et al. 2018b). The variable takes the value 
of 1 if it is a large firm, and it takes a 0 for SMEs). Second, we included tech-
nological intensity to account for the differences in the speeds and levels of 
difficulty of know-how developments (e.g., Sartal et  al. 2017). In this case, 0 
indicates that the company belongs to the low or medium–low-technology sec-
tor, and 1 means that it belongs to the medium–high- or high-technology sector. 
These factors may affect opportunities to introduce process improvements (e.g., 
lean practices) and new technologies (I4.0 technologies), thereby affecting plant 
performance.

4 � Results

4.1 � Constructs validation

The dimensions and variables that operationally make up the constructs are 
described in Table  3. We performed five principal component factor analyses 
with Varimax rotation using an SPSS software package. Table  3 presents the 
loadings of the items that best explain each of the factors. The reliability of each 
multi-item construct was assessed with composite reliability. In all cases, their 
values were over the recommended cut-off value of 0.7 (Malhotra, 2004). Like-
wise, each dimension’s average variance extracted (AVE) exceeded 0.50, which 
indicated that our measures satisfied the essential heuristics for supporting con-
vergent validity (Barclay et al. 1995).

The discriminant validity of the dimensions was also assessed by comparing 
the square root of AVE with the correlations among the dimensions (Fornell and 
Larcker 1981). Table 4 confirms the suitability of the dimensions.
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4.2 � Fuzzy‑set qualitative comparative analysis (fsQCA)

We used fsQCA to assess a comprehensive framework that supports the integration 
of I4.0 solutions into lean shop floors. We used the five constructs listed in Table 2 
as the antecedent conditions, and we used plant performance as the outcome.

This scheme proved to be useful for determining which combination of anteced-
ent conditions (necessary and sufficient conditions) was most likely to produce an 
outcome. The product was a number of combinations that enabled the creation of 
the outcome under analysis (Longest and Vaisey 2008).

We used this variant (fs) of QCA for two reasons. On the one hand, our focus in 
this research study was less on determining which factors were necessary and more 
on ascertaining which combinations of factors were able to sufficiently explain plant 
productivity improvement. On the other hand, because the variables were not binary, 
the fuzzy-set variant was mandatory.

In general, fsQCA does not merely incorporate the opportunity to study variable 
levels of case membership considering a particular set; it also assumes a complex 
causality while focusing on asymmetric relations that point to sufficient configura-
tions for producing a concrete result. In this way, a configuration is a mixture of fac-
tors—conditions, in QCA terminology—that are sufficient for obtaining a specific 
outcome (Meyer et al. 1993; Berbegal-Mirabent and Llopis-Albert 2016).

Configurations are composed of conditions or factors that can be absent, positive, 
or negative. In addition, QCA is particularly suitable for situations with small data 
samples, but it allows for the generalization of conclusions as well as implications 
for larger populations. This procedure consisted of three stages.

Table 3   Operationalization of constructs

CR Composite reliability, AVE Average variance extracted

JIT loading Jidoka loading VHDI loading AR loading AM loading

5S 0.825 VSM 0.712 ERP 0.756 ROB1 0.693 CONSTR 0.617
WORK 0.776 TQM 0.718 SCM 0.711 ROB2 0.775 3D 0.682
SMED 0.756 SIGMA 0.703 RFID 0.772 CONTROL 0.721 MASS 0.749

CIP 0.737
CR 0.829 0.809 0.790 0.773 0.724
AVE 0.618 0.514 0.746 0.730 0.684

Table 4   Correlation matrix of 
constructs

In the main diagonal, the square root of AVE

1 2 3 4 5

JIT 0.786
Jidoka 0.637 0.717
VHDI 0.366 0.437 0.863
AR 0.374 0.367 0.441 0.854
AM 0.124 0.229 0.203 0.247 0.827
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First, we used a calibration process, following Berbegal-Mirabent et al. (2020), 
to transform the outcome and antecedents into fuzzy sets depending on their 
membership degrees regarding each of the conditions (Ragin 2008). A full-mem-
bership fuzzy-set value was indicated by a score of “1,” whereas “0” indicated a 
full nonmembership fuzzy-set value. Breakpoints allowed for all continuous val-
ues to be calibrated within membership values. Typically, “0.95” indicated a full 
membership, whereas “0.05” denoted a full nonmembership. The crossover point 
(0.5) designated cases that had extreme ambiguity with regard to their member-
ship in the set. Table  5 shows how outcome and antecedents were transformed 
into fuzzy sets.

Next, before the construction of the truth table, QCA methodology claims a 
test of whether the antecedent conditions are necessary to produce the desired 
outcome (Meyer et al. 1993). Values over the threshold of 0.9 indicate necessity 
(Schneider et al. 2010). According to Table 6, since the highest consistency value 
was 0.868 among all conditions, none of the variables proved to be a necessary 
condition to produce the outcome.

Next, the construction of the truth table, where all of the logically feasible 
combinations of condition sets were constituted, was performed. Each empirical 
case corresponded to a configuration based on the particular antecedent condi-
tions that a certain case met. The decrease in the number of rows in the truth 
tables was achieved by using Boolean algebra. Although numerous algorithms 
can logically minimize a truth table, the Quine–McCluskey algorithm is the most 
common choice, as it provides a logical reduction of the statements (Fiss 2007). 
To reduce the number of rows, we considered two criteria: coverage and con-
sistency (Ragin 2008). Coverage indicated the empirical relevance of a solution 
(the higher, the better), and consistency quantified the degree to which cases that 
shared similar conditions yielded the same outcome (Alegre et al. 2016). Consist-
ency and coverage values greater than 0.75 and 0.45, respectively, demonstrated 

Table 5   Calibration of outcome and antecedents

Condition Membership threshold values

Full non-
membership

Crossover point Full membership

Outcome
Plant performance 50 140 340
Antecedents
JIT − 1.489 − 0.005 1.456
Jidoka − 1.238 − 0.068 1.423
AR − 0.852 − 0.130 1.528
AM − 0.528 − 0.528 1.529
VHDI − 1.036 − 0.023 1.320
Size (1: large firm; 0: SMEs) 0 1
Sector (0: low- or medium–low technology sector; 

1: medium–high- or high-technology sector)
0 1
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goodness of fit (Ragin 2008; Woodside 2013). According to these authors in 
fsQCA, it can be concluded that a model is informative when the consistency is 
above 0.74 and the coverage is between 0.25 and 0.65 (see Table 7).

In the truth table, a black circle (●) represents the presence of a condition, 
whereas a cross circle ( ⊗) represents its absence, and blank cells represent ambigu-
ous (unclear) conditions. To systematize the comparison of the solutions, we distin-
guished between core and peripheral conditions (Fiss 2011). A condition is consid-
ered to be core when it has a strong causal relationship with the outcome of interest, 
whereas a condition is peripheral when it plays a contributing role. Moreover, a cir-
cle indicates a core condition, whereas a small circle means a peripheral condition.

According to the results, four configurations of antecedent conditions occurred 
(Table 7), and all of them had acceptable consistency indices. The existence of dif-
ferent configurations suggests that no unifying causal path can explain the outcome. 
In fact, these four configurations are sufficient but not necessary.

Configuration 1 includes three core antecedent conditions: the presence of JIT, 
the size, and the absence of a sector. The AM condition is also present but only 
as a peripheral condition. In contrast to configuration 1, configuration 2 considers 
the absence of JIT to be a core condition but includes the presence of AR as a core 
condition for the path to high performance. It also includes the absence of Jidoka as 
well as the presence of AM and size but with a contributing role. This configuration 
has higher raw coverage and consistency scores, and it covers any technology inten-
sity sector.

Configurations 3a and 3b are empirically similar. Both share the absence of JIT as 
well as the presence of VHDI as a core condition, with size being a peripheral con-
dition. Slight differences exist between them. In configuration 3a, the presence of 
Jidoka is a contributing condition, whereas in configuration 3b, size is a contributing 

Table 6   Analysis of necessary 
conditions

The symbol “ ~ ” represents the negation of the condition

Condition Consistency Coverage

JIT 0.628749 0.592492
 ~ JIT 0.617864 0.599020
JIidoka 0.642045 0.639544
 ~ Jidoka 0.604736 0.555447
AR 0.608384 0.653883
 ~ AR 0.579097 0.498263
AM 0.802051 0.620432
 ~ AM 0.522713 0.653457
VHDI 0.649171 0.678690
 ~ VHDI 0.584258 0.514247
Size 0.868702 0.474969
 ~ Size 0.131338 0.498085
Sector 0.380043 0.494452
 ~ Sector 0.619996 0.468262
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presence. Finally, configuration 4 includes the central presence of Jidoka and VHDI; 
the central absence of AR; and the contributing presence of AM, size, and sector. 
This configuration has a lower raw coverage score.

Overall, the results reveal that the presence of I4.0 technologies (at least one 
flow-enhancing technology) is a core condition in all configurations. Actually, the 
two causal paths with the greater raw coverage (configurations 2 and 3) corrobo-
rate the importance of AR and VHDI conditions. AM is not a core condition, but 
it is present in all configurations. With regard to lean practices, no consensus has 
been reached on the presence of JIT and Jidoka among the configurations. However, 
an important difference exists between the JIT and Jidoka conditions. Whereas JIT 
is present (configuration 1) or absent (configurations 2 and 3) as a core condition, 
Jidoka is present as a core condition in only one of the four configurations (configu-
ration 4). The fact that, the other core condition in configuration 4 is VHDI not only 
corroborates the findings of Ma et al. (2017), who pointed out that a digitally-based 
smart Jidoka system could improve production systems’ flexibility, but also antici-
pates the possible cause of the low prominence of Jidoka as a core condition: the 
progressive digitalization of manufacturing shop floors and the consequent evolu-
tion this pillar has undergone. The current possibilities of real-time monitoring and 
analysis provided by certain I4.0 technologies (e.g., cyber-physical systems, VHDI 
systems, and IoT) make it possible to detect and diagnose incidents early, anticipate 
quality deviations, and, in some cases, prevent them (Romero et al. 2019). Thus, in 
these new technology-intensive workshops, some of the functionalities traditionally 
associated with classical Jidoka tools may have been replaced by what some authors 

Table 7   Sufficient 
configurations of antecedent 
conditions for improving plant 
performance

Black circles (●) indicate the presence of a condition, and circles 
with ( ⊗) indicate its absence. Large circles indicate core conditions, 
and small ones indicate peripheral conditions. Blank spaces indicate 
“do not care.”

Configurations

Condition 1 2 3a 3b 4

JIT ●  ⊗   ⊗   ⊗ 
Jidoka  ⊗  ● ●
AR ●  ⊗ 
AM ● ● ● ● ●
VHDI ● ● ● ●
Size ● ● ● ● ●
Sector  ⊗  ● ●
Raw coverage 0.202 0.269 0.257 0.140 0.113
Unique coverage 0.047 0.024 0.039 0.032 0.034
Consistency 0.787 0.856 0.856 0.829 0.811
Solution coverage 0.467
Solution consistency 0.797
Frequency threshold 1.000
Consistency threshold 0.825
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refer to as “Jidoka 4.0” systems (Romero et al. 2019; Powell et al. 2021; Kabzhas-
sarova et al. 2021). According to these authors, the progressive implementation of 
digitization technologies has led to an evolution of mechanical Jidoka tools, such as 
Poka-yoke and Andon, toward complex software and hardware 4.0 systems capable 
of predicting and correcting possible nonconformities and prescribing improvement 
actions.

All these results entail several implications. First, our findings demonstrate 
the importance of I4.0 technologies in the improvement of plant performance (as 
opposed to lean practices, for example), as they are present in most of the configu-
rations resulting from the analysis. This finding, which is consistent with previous 
research (Buer et al. 2018; Sartal et al. 2018a), supports the idea that the additive 
effect of I4.0 technologies (in the form of AR, AM, or VHDI) is important in any 
configuration Thus, I4.0 technologies that are analyzed are always a factor that posi-
tively contributes to explaining the outcome’s improvement.

Concerning the effect of LM practices, the results are quite imprecise. Although 
JIT and Jidoka appear to be present or absent in all four configurations, both pillars 
never perform simultaneously. JIT is a core present condition in configuration 1, but 
it is a core absent condition in configurations 2 and 3. Jidoka is a core condition 
only in configuration 4, and it seems to be compensated for on occasions involving 
the greater implementation of AR systems (comparison between configurations 2 
and 4). In fact, based on the results shown in Table 7, in environments with higher 
levels of I4.0 technologies—configurations 2 and 3—these practices could even be 
counterproductive.

The underlying reason for this result may be the fact that technologies have 
now become a real driver on which to build today’s organizational processes. 
Recent market developments, including more frequent changes in customer pref-
erences, reduced time to market, and increasing levels of personalization, have 
encouraged companies to consider new solutions (such as AM and AR) focused 
on these costumer requirements. The organizational-technical routines resulting 
from these symbioses seem to be fulfilling their objectives (Sartal and Vázquez 
2017). As Taiichi Ohno would probably put it, “making a virtue of necessity” 
is at the root of a successful lean IT implementation in terms of generating the 
expected capabilities. New lead time demands or continuously changing customer 
preferences all require the increasing customization of products that have ever 
shorter life cycles. In this context, because the I4.0 technologies analyzed help 
to meet the flow demands of today’s consumers, they also serve as a stimulus for 
developing the type of organizational-technical routines that adapt best to current 
industrial systems.

In fact, several companies have tried to apply lean principles directly in work-
shops where they are not fully and directly applicable (Azadegan et  al. 2013), 
or will they end up being insufficient (Deflorin and Scherrer-Rathje 2012). It is 
only after relying on technologies as described that they become truly valid for 
the operational requirements of companies (Kolberg and Zühlke 2015; Sartal and 
Vázquez 2017).

On the other hand, it should be noted that many authors emphasize the low rates 
of lean projects (some as low as 10%) that end up achieving the stipulated goals 
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within the established deadlines and costs (Baker 2002; Netland and K. Ferdows 
2014). Undoubtedly, even though the initial implementation of a lean transforma-
tion may be successful at first, many companies cannot maintain the initial momen-
tum, and the benefits often dissipate over time due to the difficulty of sustaining new 
routines in the long term (Netland 2016; Sartal et al. 2020). In this sense, several 
authors point out the need to carry out the selection and adaptation of lean routines, 
as well as the need to rely on new technologies as a lever for maintaining the dynam-
ics of improvement over time (Sartal and Vázquez, 2017; Tortorella et al. 2020).

Concerning the plant profile (size and sector), the results reveal no major sur-
prises. First, the effect of size appears to be a relevant issue. All of the configura-
tions include the presence of large firms, even as a core condition in configuration 
1. This finding corroborates the popular idea (e.g., Sommer 2015) that I4.0 mainly 
benefits large firms, as this type of project requires significant investment, which 
is less cost effective for smaller companies, making SMEs more likely to become 
victims of the new condition. Second, the sector’s influence (technological intensity) 
does not seem to be a key factor in the vast majority of configurations, indicating 
that projects that combine lean principles and flow improvement technologies can 
improve any workshop’s performance regardless of the workshop’s technological 
level. It is possible that the effect of technological intensity is already contemplated 
within the various antecedent conditions (AR, AM, and VHDI). However, from a 
managerial viewpoint, it should be noted that the suitability of both lean principles 
(Portioli-Staudacher and Tantardini 2012) and I4.0 initiatives (Strandhagen et  al. 
2017) for non-repetitive environments have been questioned on multiple occasions.

5 � Conclusions

5.1 � Theoretical contributions

The increasing digitization of companies is creating new economic opportuni-
ties and bringing about profound organizational and technological changes that 
require new operational and strategic approaches to compete successfully in 
today’s dynamic and competitive environment. Given this situation, both practi-
tioners and academics have highlighted the need to investigate how digital trans-
formation affect companies, the potential synergies and tradeoffs, as well as what 
new strategies, organizational structures, and management skills will be neces-
sary to compete in this new digital era.

In this regard, although the popularity of I4.0 has increased rapidly in recent 
years, there is still little academic work addressing the potential effects of digi-
tal transformation on management practices, along with its ultimate impact on 
industrial performance in manufacturing plants. Because the operations literature 
accepts lean manufacturing as one of the most influential paradigms in manufac-
turing, we have used its management principles as the basis of our study, address-
ing both how lean principles can help with implementing I4. 0 technologies and 
how the implementation of these new high-tech opportunities affect lean practices 
(Pagliosa et al. 2019; Sordan et al. 2021a; Sartal et al. 2020).
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The vast majority of previous research has addressed only the compatibility 
of both issues (i.e., management practices versus digital transformation) in an 
aggregated way, and unexpectedly, little empirical evidence addresses the joint 
effect—here, the effect of lean practices and I4.0 initiatives on plant performance. 
Although this high-level approach may be useful for studying generic effects, it 
is not applicable to real-life manufacturing problems. Integrative analyses exam-
ining different technologies and practices concurrently in manufacturing envi-
ronments are needed to understand the synergies and trade-offs that can actually 
occur. To better understand the reason why some companies’ strategies are more 
successful than others are in improving performance, we explored how lean pil-
lar performance varies in combination with three I4.0 flow-enhacing technologies 
(AR, AM, and VHDI). According to the literature, these technologies have great 
potential to boost LM to better meet the challenges of today’s LVHV manufactur-
ing environments (Tortorella et al. 2020; Feldmeth and Müller 2019).

Moving away from analyses that enable only one or two specific causes to be 
analyzed at the same time, we opted for an fsQCA methodology because it allows 
for the identification of multiple antecedents and their combinations within the 
same model. This approach is crucial for two reasons. First, these I4.0 technolo-
gies are widely used in manufacturing environments and intertwine daily with 
lean principles. Furthermore, they are tightly bound to fluctuations in consumer 
trends, to which lean principles may be unable to react as efficiently (Sartal et al. 
2017). Second, as Bono and McNamara (2011) signal, in those more mature 
areas of research where causality relations (e.g., LM and performance) can be 
presumed, choosing the right moderators (here, I4.0 technologies) is essential for 
exploring the transformation mechanisms involved. However, if they had been 
treated separately and in isolation, none of these considerations would have been 
adequately addressed.

Although our initial goal was to determine how the flow-enhancing technologies 
of I4.0 (VHDI, AR, and AM) can reinforce LM’s capacity to improve performance, 
as suggested in the literature, our results indicate that different causal paths can 
explain the plant results’ improvement. Contrary to our initial expectations, the find-
ings reveal that the presence of these technologies is, by itself, a sufficient condition 
for improving the firm’s performance. In fact, in contrast to conventional knowledge 
about lean principles, our findings suggest that certain lean practices may even be 
counterproductive for current I4.0 technology-intensive shop floors operating under 
new customer requirements. These results seem to endorse the conclusions of previ-
ous works underlining the need to update LM to provide effective support for I4.0. 
In this sense, authors such as Saxby et al. (2020) suggest that lean should include 
new technologies to support continuous improvement in the I4.0 environment. For 
their part, Sanders et al. (2017) conclude that to facilitate the integration of lean and 
I4.0 technologies in future smart factories, it will be necessary to rethink, for exam-
ple, such important concepts of lean manufacturing as takt time, among other issues.
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5.2 � Managerial implications

From a management point of view, our findings highlight the need to avoid short-
sighted attitudes toward the opportunities offered via digital transformation, particu-
larly the technologies associated with I4.0. This article should be understood as a 
first step toward the convergence of both issues (i.e., organizational practices and 
I4.0 technologies) by establishing a comprehensive framework and providing a pos-
sible roadmap of successful managerial strategies. These strategies should enable 
CIOs and CEOs to identify what new strategies and management skills are needed 
to compete in today’s competitive markets.

The usual recommendations are so generic that they often end up being useless 
for both practitioners and policy makers. An individual roadmap is needed that 
takes into account not only each company’s objectives but also the specific tools 
that would be used for each management practice and the plant’s level of leanness. 
In contrast to existing studies, which usually address this question at a high level, 
we investigate which management practices and strategies, through LM, and exactly 
which technologies, under the umbrella of digital transformation, are causing this 
effect. Our results demonstrate the importance of flow-enhancing technologies in 
improving plant performance, highlighting the influence of VHDI even ahead of 
other more widespread applications, such as robotics. These results confirm to some 
extent the conclusions of previous works. Pagliosa et al. (2019), for instance, stress 
the importance of investing in digitization technologies, as they have the highest 
number of synergies with lean practices. However, they do not recommend prioritiz-
ing advanced robotics given its low level of synergies with LM. In the same vein, 
Sordan et  al. (2021b) highlight the importance of some elements of digitization 
(flexibility, real-time information, etc.) to help to achieve LM objectives (quality, 
cost, delivery, inventory, and productivity). For their part, Buer et  al. (2021) find 
that integration between digitization-enabling technologies and LM is essential for 
achieving superior operational performance. These authors point out that the real 
source of competitive advantage for production plants occurs when both LM and 
digitization are used together, and this competitive advantage virtually disappears 
when they are used separately.

Concerning lean practices, although their effect was not as we expected, manag-
ers should not forget Bill Gates’s comment that if automation is applied to an effi-
cient operation, it will magnify the efficiency. However, if it is applied to an inef-
ficient operation, it will increase the inefficiency (Krishnan 2013). This concept 
emphasizes the unavoidable fact that an inefficient process, even when automatic, 
is still inefficient and is essentially the automation of some sort of waste (Nicoletti 
2013). What is clear is that the old-style defensive attitude about new technologies 
and lean conventional wisdom must be overturned entirely. Lean programs should 
be designed with consideration for technological issues, as digital features may set 
up powerful mechanisms that develop and reinforce the contributions of lean rou-
tines to manufacturing strengths (in particular, improving production flow and flex-
ibility) in line with new market requirements.

Finally, our findings may influence workers’ current and future skills. Augmented 
automation levels should modify the shop-floor landscape and lead to a reduction in 
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standardized, low-skill work, as well as an increase in skilled activities. Managers 
must consider the implication of the new situation, which is already reality. Continu-
ous learning by and the training of the workforce will be pivotal for allowing work-
ers to adapt to the qualification requirements that I4.0 has brought about, as will 
having involved and motivated workers (Bonekamp and Sure 2015).

5.3 � Limitations and future research

Although it covers an existing gap in the literature, our study presents several cave-
ats that can inspire and guide future research. First, although the large-scale sur-
vey provided representative evidence that allows the results to be generalized, the 
cross-sectional nature of the data limited the scope of the conclusions we were able 
to reach from a dynamic perspective. For example, should LM and I4.0 be imple-
mented simultaneously or sequentially? If the latter, which one should be imple-
mented first? Furthermore, how will simultaneous or successive implementation 
affect performance?

Second, our data come from a 2015 survey. Although we would not expect a 
high implementation of I4.0 technologies at that time, we nevertheless found a con-
siderable response rate for most of the flow-enhancing technologies analyzed (see 
Table 2). On the other hand, it should be noted that regardless of the level of imple-
mentation, the results obtained are fully valid for analyzing the proposed relation-
ship with lean principles. In any case, we understand that nowadays, with the more 
widespread use of I4.0 technologies, and, above all, with greater demands for flex-
ibility and responsiveness for lean practices, our findings will be even more intense 
and therefore even more relevant.

Thirdly, it should be noted that in the table describing the constructs (Table 2), 
two typical Jidoka tools, Andon and Poka-yoke, are not explicitly described in the 
examples of this construct. Although from the context it can be understood that both 
are included in the scope of “production quality assurance methods”, we consider it 
important to alert the reader to this issue.

Finally, we analyzed the influence of lean routines in manufacturing compa-
nies at the plant level. A rational extension of this work is to reproduce the tests 
in other sectors and particularly within non-repetitive environments, primarily 
because researchers have questioned the suitability of both lean principles (Portioli-
Staudacher and Tantardini 2012) and I4.0 initiatives (Strandhagen et  al. 2017) for 
these types of processes. In addition, although our study used reliable established 
conditions from the literature, other core factors and dependent variables, such as 
green technologies and practices, should be considered in future studies. Similarly, 
conducting analyses beyond the manufacturing sector represents another interest-
ing opportunity for future studies. All of these opportunities may offer additional 
insights into the growing field of the relations between organizational practices, 
I4.0, and operational excellence. Clearly, this field abounds with plenty of research 
opportunities.
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