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ABSTRACT 

  “Industry 4.0” aims to increase competitiveness and it is generally fostered by increasing 

efficiency within operational processes. Nevertheless, sustainable competitive advantage 

depends on a company’s ability to exploit its current assets while simultaneously exploring 

new ways of producing value, i.e. being ambidextrous. In this paper we wonder whether 

investments in Smart Manufacturing Technologies (SMTs) allow companies to be 

ambidextrous as it represents a gap in the literature. A quantitative method has been used 

to answer, leveraging on data coming from the 3rd CINet Survey involving hundreds of 

companies worldwide. A model made of constructs and relationships is introduced where 

we find: business performances, investment in SMTs, ambidexterity and innovation 

performance. The model has been tested through structural equation modelling (SEM) and 

several interesting conclusions are stemming from the statistical analysis. First, the 

adoption of SMT positively affects the capability of simultaneously pursuing exploitation 

and exploration strategies within different departments, thus fostering structural 

ambidexterity. Secondly, results show that pursuing structural ambidexterity, companies 

can increase their innovation performance, thus filling another literature gap. Moreover, 

the research shows that companies with good business performances are in a favourable 

position to invest in SMTs and consequently to increase their innovation performance. Our 

results shed a novel light on the current debate over industry 4.0 transition, with 

implications also for practitioners and manufacturing companies, as payback for expensive 

investments in SMT should be searched not only in improved short-term business 

performances, but also in better long-term innovation performances. 

 

1.INTRODUCTION 

  Nowadays companies are facing a complex, highly competitive and rapidly changing 

environment, characterized by the presence of continuous technological innovation. The 

transition toward “Industry 4.0” is generally fostered by envisaging productivity gains, 

better control over operations and supply chain processes and, therefore, improved 

competitiveness. These factors are indeed relevant to achieve success, but sustainable 

competitive advantage depends on a company’s ability to exploit its current assets while 

simultaneously exploring new ways of producing value or, in other terms, they need to be 

ambidextrous (Bodwell and Chermack 2010).  

  The literature has deeply investigated how to overcome the trade-off between exploitation 

and exploration, distinguishing reconciling actions at intra- and inter-organizational levels 

(Petruzzelli, 2019). Recently researchers have started focusing on the pivotal role that 

digital technologies may have in this process (Gastaldi et al., 2018; Park et al., 2020) and, 

in this scenario, manufacturing stands out as an interesting field, due to the increasing role 

of digital technologies.  
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  In this paper we investigate the expectation that Industry 4.0 may have strong connection 

with ambidexterity: by digitally interconnecting process flows with products during the 

manufacturing process and their lifecycle, manufacturing organizations would be able to 

achieve remarkable results both in the short-term and in the long-term. This expectation 

has been checked through a literature review, which investigated both ambidexterity and 

industry 4.0 and, out of the literature review, a main research question arises: do 

investments in Smart Manufacturing Technologies (SMTs) allow companies to be 

ambidextrous, and thus to pursue at the same time exploitation and exploration?  

  To provide a quantitative answer to this question, we used data coming from the 3rd 

CINet Survey, administered from November 2016 to June 2017 and involving over 370 

companies worldwide; constructs and relationships amongst business performances, 

investment in SMT, ambidexterity and innovation performances are defined and 

investigated, together with the impact of several control variables. 

  Providing an evidence for such a relationship may represent a key contribution, helping 

manufacturing companies in finding a better balance when justifying the investments 

required in their digitization programs. If ambidexterity is proven, in fact, the investment 

payback should be searched not only in improved short-term business performance but 

also in better long-term innovation performance. 

 

2.THEORETICAL BACKGROUND 

1.1. Ambidexterity 

  The term “ambidexterity” was first introduced by (Duncan 1976). However, the 

scientific debate around it started in 1991, when March proposed the constructs 

“exploitation” and “exploration” to identify the two divergent strategies constituting 

ambidexterity. On one hand, exploitation means leveraging on existing resources and is 

about consolidating, refining, becoming more efficient in the utilization of existing 

resources (e.g., equipment, knowledge). On the other one, exploration represents the way 

companies search for new opportunities and get out of their “comfort zone” pursuing 

variation, risk taking, experimenting, innovating products or processes (March 1991). 

  The right balance between exploration and exploitation is difficult to be achieved and 

maintained (Levinthal and March 1993).  Currently, there is somewhat a consensus about 

the merits of this balancing process (Lavie, Stettner, and Tushman 2010); however, there 

is little agreement on the means by which organisations pursue such balance (Adler et al. 

2009). As a matter of fact, only by focusing on intra-firm balancing processes, literature 

is divided between two approaches (Eisenhardt, Furr, and Bingham 2010; Schreyögg and 

Sydow 2010), which differ in terms of their emphases on differentiation rather than 

integration when tackling the diverging alternatives (Andriopoulos and Lewis 2009). 

  On one side there are the structural approaches to ambidexterity, which stress the usage 

of structure and strategy to enable differentiation among organisational units. Segregated 

efforts target either one or the other dichotomous activities (Andriopoulos and Lewis 

2009). On the other side there are the contextual approaches to ambidexterity, which—

mostly rooted in organisational learning and innovation management literature streams—

utilise behavioural, cognitive and social means to integrate the diverging activities 

(Gibson and Birkinshaw 2004; Eisenhardt, Furr, and Bingham 2010). Recently scholars 



have developed hybrid models, which combine aspects coming from both structural and 

contextual ambidexterity models (Ossenbrink, Hoppmann, and Hoffmann 2019). 

  Once outlined the concept of ambidexterity, it is important to give an overview regarding 

how it is measured in literature. Cao et al. (2009) discuss the two fundamental concepts 

beyond measurement models: “combined dimension” and “balance dimension”. 

  Nevertheless, there is no consensus regarding which method should be used, as 

ambidexterity could be measured in different ways. Given any measure of the two 

constructs exploration and exploitation, any operator that could be used to obtain a score 

for ambidexterity shows strengths and weaknesses. For instance, the sum operator – i.e. 

“combined dimension” – is the simplest way to assess ambidexterity and provides the 

lowest loss of significance with respect to the other models (Lubatkin et al. 2006) but it 

neglects the perspective of “balance dimension”, as a company which scores 1 and 6 in 

the two dimensions appears to be more ambidextrous than one scoring 3 and 3, while in 

reality the focus should be on combined action of the two capabilities. The multiplication 

operator (Gibson and Birkinshaw 2004) captures the interaction effect but it suffers from 

multicollinearity; moreover, with the multiplication, a company which scores 2 and 3 in 

the two dimensions appears to be more ambidextrous than one scoring 2 and 2 and this is 

– again - partially in contrast with the idea of “balance dimension”. Finally, the “absolute 

value of the subtraction” operator seems to be the most accurate with regard to the balance, 

but again a company which scores 1 in both dimensions appears to be equally 

ambidextrous as one scoring 5 and 5, and this is absurd. With regards to the latter, Simsek 

(2009) states that an organization with low levels of exploitation and exploration is 

balanced but not ambidextrous. 

 

2.2. Industry 4.0 and SMTs 

  Around 2010 academics and practitioners observed an upcoming transformation in the 

manufacturing sector, due to changes in customers’ behaviour and to the maturation of 

new promising technologies (Brousell, Moad, and Tate 2014). This phenomenon has been 

defined as the Fourth Industrial Revolution, which has led to the definition of “Industry 

4.0” (term coined in Germany), or sometimes defined as “Smart Manufacturing” (firstly 

conceptualised in USA). 

  Industry 4.0 can be defined as “a vision of the future of industry and manufacturing in 

which digital technologies boost efficiency and competitiveness by interconnecting every 

resource (data, people and machinery) in the Value Chain” (Miragliotta et al. 2018).  

  Although there is not consensus about which technologies belong to the Industry 4.0 

paradigm, a remarkable number of papers – e.g. Miragliotta and Shrouf (2013) and Frank 

et al. (2019)– states that internet of things, big data analytics and cloud manufacturing 

represent its core. Other scholars, such as Culot et al. (2020), enlarge the scope to other 

operational technologies such as additive manufacturing (also known as 3D printing), 

advanced human-machine interface and advanced automation (e.g. collaborative robot). 

  We refer to them as Smart Manufacturing Technologies (SMTs), which can be clustered 

in two groups (Tedaldi and Miragliotta 2020): 

• Information Technology (IT): encompassing internet of things, data analytics and 

cloud manufacturing; 

• Operational Technology (OT): encompassing advanced human-machine interface, 

advanced automation and additive manufacturing. 



  SMTs, in integration with existing traditional IT systems – as enterprise resource 

planning, computer aided process planning and product data management / product 

lifecycle management — and OT automation systems — as programmable logic 

controllers and supervisory, control and data acquisition systems — are the fundamentals 

of today’s digital manufacturing (Lu 2017).  

  Recently academics compared Industry 4.0 with other major trends, such as 

sustainability and servitization. de Sousa Jabbour et al. (2018) propose a framework 

including eleven critical success factors enterprises should manage when integrating 

Industry 4.0 and “green” (i.e., environmental-sustainable) manufacturing. Frank et al. 

(2019b) discuss the link between Industry 4.0 and servitization and propose a conceptual 

framework where the latter can lead to the creation of “manual”, “digital” and “Industry 

4.0” services for customers where digital technologies can open new channels of data and 

information gathering, aiming to foster a business feedback that enables improvements 

within the processes of the manufacturing companies. 

Today it’s universally acknowledged that SMTs help companies in increasing efficiency 

(Xu and Duan 2019). However, some authors state that they can be enablers for innovation 

as well. For instance, (Bressanelli et al. 2018) explore the role of internet of things, big 

data and analytics as enabling factors for the introduction of new business models; they 

identify some functionalities enabled by such technologies that deals with the circular 

economy paradigm, in which the capability of a company of innovating its products is 

central. 

 

2.3. Gaps and objectives of the study 

  The review of extant literature has shown an almost complete absence of research that 

simultaneously considers SMTs adoption and ambidexterity in intra-organizational 

contexts. Halse and Ullern (2017) claim that – for a manufacturing company – both 

openness to an external network of partners and organizational ambidexterity are vital for 

its “Industry 4.0 transformation”. Szalavetz (2019) investigates the impacts of advanced 

manufacturing technologies belonging to the Industry 4.0 paradigm on the subsidiaries of 

an enterprise, and so beyond the intra-organizational level. In spite of papers evaluating 

the antecedents or the outcomes of both ambidexterity in the Industry 4.0 era, to the best 

of authors’ knowledge no paper investigated SMTs effects on firms’ ambidextrous 

strategy. Gastaldi et al. (2018) analyse how digital technologies can help healthcare 

organizations in improving the exploration-exploitation paradox over time. However, 

their study is confined in healthcare organizations, excluding manufacturing.  

  As regard to Industry 4.0, many authors studying the topic are focusing their attention 

on the benefits of SMTs adoption and how SMTs can have an impact over business 

performance of a company (Gastaldi et al. 2015; Jeschke et al. 2017; Dalenogare et al. 

2018). Nevertheless, as suggested by Piening and Salge (2015), there are not works 

investigating the opposite relationship, i.e. studies which assess business performances as 

enablers for SMTs adoption, and conducive to innovation performance. This gap should 

be covered since many SMTs applications require high investments and companies with 

good business performance could be in favourable positions for the implementation. 



  As regards to ambidexterity, many scholars concentrate on the consequences of this 

capability, e.g. investigating innovation performance without defining how companies 

should behave to put in practice exploitation and exploration simultaneously. He and 

Wong (2004) recognize that their study does not address the issue of which organizational 

design principle are appropriate for ambidexterity. Some scholars have argued that, if a 

company wants to excel in both improving existing products and generating new ones, it 

should apply structural ambidexterity (Raisch and Birkinshaw 2008; Levinthal and March 

1993; Gibson and Birkinshaw 2004); anyway, no one has clearly demonstrated that 

structural ambidexterity could have a positive influence on innovation performance. 

Considering the outlined literature gaps, three specific research questions (RQs) arise: 

• RQ1: Do SMTs allow company to be ambidextrous and thus simultaneously pursue 

exploitative and explorative strategies? 

• RQ2: Are well performing companies in a good position to implement SMTs? 

• RQ3: Do exploitation, exploration and structural ambidexterity have a positive impact 

on innovation performance? 

 

3. HYPOTHESIS AND MODEL 

To properly answer to the outlined RQs, the conducted work relies on a model which 

incorporates six hypotheses, as depicted in Figure 1. 

 

Figure 1. Research questions and hypotheses  

The first hypothesis is to understand whether good business performance foster the 

adoption of SMTs. The belief to be proved is that companies able to achieve good business 

performance are well positioned to carry out investments (Sharfman et al. 1988) and this 

could be an important factor for SMTs adoption which can be very costly (Lin and Chen 

2012) as it usually requires ad-hoc designed solution for a specific company (Müller, Kiel, 

and Voigt 2018). Relying on these arguments, we define the first hypothesis as H1: 

 

H1. Good business performance of a company positively influences its implementation of 

SMTs. 

 

The second hypothesis supposes a positive relation of SMTs on exploitation. It comes 

from the idea that, during the last decades, several authors studied digital technologies as 
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one of antecedents of exploitation (Stein and Zwass 1995; Xue, Ray, and Sambamurthy 

2012; Malhotra 2001). Moreover, the initial objectives of companies which undertake a 

digital transformation initiative is generally that of exploiting more effectively their 

resources and achieve higher efficiency in term of time saving, cost reduction or 

managerial simplification (Gastaldi et al. 2018). Regarding the SMTs, (Ali and Azad 

2013) consider their benefits from the operational perspective, and highlight the 

optimization of the time-cost trade-off, increased energy savings, and Kang et al. 

generally talk about increased efficiency. Thus, H2 can be defined as: 

 

H2. The adoption of SMTs has a positive influence on exploitation within a company. 

 

The third hypothesis comes from the evidence that, once companies can reach the main 

benefits of initial digitisation investments, the introduced digitisation system allows the 

exploration of new and radical ways of providing products or services (Gastaldi et al. 

2018). Digital technologies are expected to improve data collection and processing, thus 

allowing organization to respond to market changes in timely manner and identify new 

business opportunities (Chaudhuri, Dayal, and Narasayya 2011). Basing on these 

arguments, the next hypothesis follows: 

 

H3. The adoption of SMTs has a positive influence on exploration within a company. 

 

As regard to the fourth one, it’s acknowledged that exploitation enhance short-term 

performance (Atuahene-Gima 2005) but at the same time some authors reveal positive 

influence on both short-term and long-term innovation performance (i.e. continuous 

improvement and radical innovation) (He and Wong 2004). Firms following an 

exploitation strategy for their operations should benefit in innovation performance, due to 

more suitable processes (Benner and Tushman 2002; Lee, Lee, and Garrett 2019). 

Atuahene-Gima and Murray (2007) suggest that companies increasing their exploitation 

capabilities will become more efficient in their learning processes and this positively 

influence their innovation performance. On the basis of these ideas, H4 follows: 

 

H4. The level of  exploitation within a company has a positive influence on its overall 

innovation performance. 

 

The fifth hypothesis aims at studying the relationship between the exploration level of a 

company and its overall innovation performance. Atuahene-Gima and Murray (2007) and 

He and Wong (2004) discover same results found for exploitation vs innovation 

performance. Nerkar (2003) demonstrated that the higher the exploration, the greater is 

the impact on knowledge creation but he discovers also that for high level of exploration 

returns could decrease, thus showing an inverted U-shape relationship and this is 

somehow recognized also by Li et al. (2010). Indeed, H5 reflects these arguments and 

follows: 

 

H5. The level of exploration within a company has a positive influence on its overall 

innovation performance. 

 



In this study, the examined ambidexterity is the structural one, which sees the operations 

and the innovation departments of an enterprise as separated: the former should be 

oriented to exploitation, while the latter on exploration. The last hypothesis roots on the 

idea that, by balancing exploitation and exploration activities, the overall innovation 

performance should improve. Many authors agree with this idea, for instance Katila and 

Ahuja (2002) and Nerkar (2003) suggest that firms enhance their innovation performance 

from pursuing both exploitation and exploration. Conversely, other authors, such as 

Atuahene-Gima (2005), show ambidexterity has a negative influence on innovation 

performance and argue it is more suitable to couple high (low) exploitation with low 

(high) exploration, as a high-high couple could lead to tensions due to divergent nature of 

the two processes. However, we suppose a positive influence of structural ambidexterity 

on innovation performance as most of the authors, therefore: 

 

H6. The structural ambidexterity of a firm has a positive influence on its overall 

innovation performance. 

 

4. METHODS 

4.1 Context and data 

  The research model was tested using data collected through the 3rd survey, a global 

research project carried out within the Continuous Innovation Network (CINet, more info 

at: www.continuous-innovation.net) through a common questionnaire administered 

simultaneously in 11 countries by local research groups from November 2016 to June 2017.  

  The sample frame used by each country was restricted to employees whose job titles 

included chief operating officers or chief technology officers. The survey focused on 

respondents from manufacturing firms indexed in the International Standard Industrial 

Classification (ISIC) codes ranging from 10 to 32. Several manufacturing firms were 

contacted to participate in the survey. After consent for research participation, survey 

questionnaires were distributed; a total of 138 usable survey responses were used to test 

the research hypotheses. 

  All country samples were checked for early and late response bias and non-response bias 

before being compiled in the global database. For early and late response bias tests, each 

country coordinator was required to compare the responses from the early respondents and 

late respondents (Armstrong and Overton 1977). A t-test of difference was carried out for 

sales figures, number of employees and ISIC code for early and late respondents without 

finding any statistically significant difference. For non-response bias test, each country 

coordinator compared the responses of respondents who returned the survey to those who 

did not answer the survey. A t-test of difference was performed for sales figures, number 

of employees and ISIC code. No statistical difference was found between the responses of 

respondents and non-respondents. 

 

4.2 Measures 

  The measures adopted in the research are described below. Table 1 gives the complete list 

of items and information on the values of Cronbach’s alpha of the various constructs. 

  Innovation performance. A 4-item scale (α = 0.76) was developed. Following Prajogo 

and Ahmed (2006), we considered a broad definition of innovation performance, which 

consider aspects related to new product development (Atuahene-Gima 2005), employee 

http://www.continuous-innovation.net/


skills (Pullman, Maloni, and Carter 2009), project planning accuracy (Griffin and Page 

1993) and the capacity of launching environmental-friendly products (Wong, Turner, and 

Stoneman 1996). For each of these dimensions, we asked respondents to reflect on their 

average performance over the past three year, and to relate it to their main competitors. 

This would reduce the potential biases associated to idiosyncratic events. 

  Exploitation. four-item scale (α = 0.83) was adapted from Atuahene-Gima (2005). All 

measures were assessed asking participants to focus on their operation through questions 

on a five-point Likert-type scale ranging from “strongly disagree” to “strongly agree”. 

Table 1 reports the specific measures. 

  Exploration. A four-item scale (α = 0.73) was adapter from Akman and Yilmaz (2008). 

All measures were assessed asking participants to focus on their innovation department 

through questions on a five-point Likert-type scale ranging from “strongly disagree” to 

“strongly agree”. Table 1 reports the specific measures. 

  Ambidexterity. As illustrated in the literature review, the interaction between 

exploration and exploitation has been computed in the past according to different 

perspectives, without finding a consensus. In order to overcome this issue, we propose an 

alternative way of operationalizing ambidexterity, which simultaneously considers the 

combined and balance dimensions: 

𝐴𝑚𝑏𝑖𝑑𝑒𝑥𝑡𝑒𝑟𝑖𝑡𝑦 =
𝐶𝑜𝑚𝑏𝑖𝑛𝑒𝑑 𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛

𝐵𝑎𝑙𝑎𝑛𝑐𝑒 𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛
=  

𝐸𝑥𝑝𝑙𝑜𝑖𝑡𝑎𝑡𝑖𝑜𝑛+𝐸𝑥𝑝𝑙𝑜𝑟𝑎𝑡𝑖𝑜𝑛

| 𝐸𝑥𝑝𝑙𝑜𝑖𝑡𝑎𝑡𝑖𝑜𝑛 –𝐸𝑥𝑝𝑙𝑜𝑟𝑎𝑡𝑖𝑜𝑛 | 
                                   

(1) 

In case the value of the denominator becomes zero for any of the observations, the 

following formulas can be used instead: 

𝐴𝑚𝑏𝑖𝑑𝑒𝑥𝑡𝑒𝑟𝑖𝑡𝑦 =  
𝐸𝑥𝑝𝑙𝑜𝑖𝑡𝑎𝑡𝑖𝑜𝑛+𝐸𝑥𝑝𝑙𝑜𝑟𝑎𝑡𝑖𝑜𝑛

| 𝐸𝑥𝑝𝑙𝑜𝑖𝑡𝑎𝑡𝑖𝑜𝑛 –𝐸𝑥𝑝𝑙𝑜𝑟𝑎𝑡𝑖𝑜𝑛 | + 1
  or alternatively, 

𝐴𝑚𝑏𝑖𝑑𝑒𝑥𝑡𝑒𝑟𝑖𝑡𝑦 = 𝑀𝑖𝑛(
𝐸𝑥𝑝𝑙𝑜𝑖𝑡𝑎𝑡𝑖𝑜𝑛+𝐸𝑥𝑝𝑙𝑜𝑟𝑎𝑡𝑖𝑜𝑛

| 𝐸𝑥𝑝𝑙𝑜𝑖𝑡𝑎𝑡𝑖𝑜𝑛 –𝐸𝑥𝑝𝑙𝑜𝑟𝑎𝑡𝑖𝑜𝑛 | 
, Μ𝐴),    

where Μ𝐴 is the maximum ambidexterity value within the observations that have a non-

zero denominator.   

  This computation sums the magnitude of the two approaches and divide it by the relative 

imbalance between the two strategies. As a consequence, it simultaneously addresses two 

different perspectives: on the one hand, the numerator is the sum between exploitation and 

exploration, which reflects a way to calculate ambidexterity according to the combined 

dimension vision (Cao, Gedajlovic, and Zhang 2009); on the other hand, the denominator 

includes the absolute difference between exploitation and exploration, which is perfectly 

in line with the balance dimension theory (Cao, Gedajlovic, and Zhang 2009). Therefore, 

we overcome the main drawbacks related to sum or multiplication – i.e. difficulties in 

detecting the level of balance between the two strategies – and to absolute difference – i.e. 

enterprises scoring low in both approaches considered ambidextrous. 

  Investments in SMTs. A five–items scale (α = 0.74) was adapter from Vázquez‐Bustelo 

et al. (2007)  and Bottani (2010), asking how much SMT were adopted and exploited within 

the respondent’s company. All measures were assessed through participants responses to 

questions on a five-point Likert-type scale ranging from “not applied” to “high degree of 

application.” Table 1 reports the specific measures. 

  Business performance. Business performance was measured as accomplished by 

McDougall and Tyers (1994) through three items that asked to assess on a five-point Likert 

scale (from “much lower” to “much higher”) the average performance of the respondent’s 

firm – in terms of net profit, return on sales and profit growth – relative to the main 



competitors over the past three years. Focusing on net profit, return on sales and profit 

growth ensures comprehensiveness in assessing business performance. 

  Control variables. We controlled for three variables: region, industry and company size. 

Region variable is incorporated with a set of dummy variables for South America, North 

America, Europe and Asia (which was considered as the reference category). Company 

size was measured through the number of employees. We stratified the companies in three 

groups: small companies with less than 50 employees, medium companies with 50 to 250 

companies and big companies with more than 250 employees. Industry was coded as eight 

dummy variables corresponding to the industries of the various respondents (1 = 

Manufacturing of food products; 2 = Manufacturing of rubber and plastic products; 3 = 

Manufacturing of fabricated metal products (except machinery and equipment); 4 = 

Manufacturing of computer, electronic and optical products; 5= Manufacturing of electrical 

equipment; 6 = Manufacture of machinery and equipment; 7= Manufacturing of furniture; 

8 = Others). 

 

4.3 Data analysis 

  In order to answer our research questions, we performed a three-step methodology. First, 

we run exploratory factor analysis to identify the underlying constructs. Next, we 

conducted confirmatory factor analysis to test the distinctiveness of the constructs. Finally, 

Structural Equation Modelling (SEM) was used to test the hypotheses and reveal the 

relationships between various constructs. All the analyses were performed in Stata 14.  

  As for data pre-processing, we first checked the responses to make sure that there were 

no outliers. Then, the observations that had more than 4 missing values (out of the 23 

relevant questions) were omitted from the analysis. Finally, we performed mean imputation 

for the remaining missing values. The final sample size after the data pre-processing is 138 

answers. 

  Next, we performed Principal Component Analysis (PCA) and, in order to choose the 

appropriate number of factors, we accomplished a parallel analysis (with 1,000 repetitions), 

which is more accurate than considering the number of eigenvalues greater than one 

(Kaiser-Guttman criterion) or the scree plot (Hayton, Allen, and Scarpello 2004). Next, we 

assigned the items to the constructs according to the rotated factor loadings. We considered 

factor loadings that had an absolute value higher than 0.4. Cronbach’s alphas of the 

retrieved factors were calculated to assess their level of internal consistency. Following 

Kim et al. (2016), Cronbach’s alphas greater than 0.7 were considered acceptable. To test 

the sampling adequacy, we calculated the Kaiser-Meyer-Olkin (KMO) measure (Cerny and 

Kaiser 1977) and verified that it was higher than 0.5 (Hair et al. 2006). 

  As mentioned, SEM was used to examine the hypothesized model. In this study, we 

adopted Anderson and Gerbing's (1988) comprehensive, two-step analytical strategy to test 

the hypothesized model depicted in Figure 1. In addition, we also report the Comparative 

Fix Index (CFI; Bentler, 1990), the Standardized Root Mean Square Residual (SRMR), 

and the Root Mean Square Error of Approximation (RMSEA; Steiger, 1990) to gauge 

model fit. The CFI has been considered the best approximation of the population value for 

a single model, with values greater than or equal to 0.90 considered indicative of good fit 

(Medsker, Williams, and Holahan 1994). The SRMR is a standardized summary of the 

average covariance residuals. A favorable value is less than 0.10 (Kline 1998). The 

RMSEA is a measure of the average standardized residual per degree of freedom. A 



favorable value is less than or equal to 0.08, and values less than or equal to 0.10 are 

considered “fair” (Browne and Cudeck 1989). 

 

5. RESULTS 

5.1 Exploratory factor analysis 

  Although all measures have been already tested in the literature, we performed 

exploratory factor analysis including all 22 items corresponding to the 5 measures (business 

performances, SMTs, exploitation, exploration, innovation performance). This provides 

further evidence on the discriminant validity of the measures.  

  As mentioned, we used KMO test to evaluate the sampling adequacy. The smallest KMO 

measure is 0.69 (for two items only) while the majority of items had a measure greater than 

0.75. The overall KMO for the complete model is 0.78. This indicates that the proportion 

of the common variance is low and that data are suitable for PCA. After confirming the 

sample adequacy, exploratory factor analysis and parallel analysis with 1,000 repetitions 

was performed to detect the number of underlying factors. Figure 2 shows the scree plot 

and the results of the parallel analysis. The appropriate number of the factors is five as the 

dashed line for parallel analysis crosses the PCA line just after the fifth component. It is 

worth noting that by considering the Kaiser-Guttman criterion or the scree plot alone, we 

would reach a similar number of factors. 

 
Figure 2. Scree plot of the results of parallel analysis with 1,000 repetitions 

 

Table 1 shows the results of the exploratory factor analysis. All factor loadings are greater 

than the 0.4 threshold and they all load on a single factor (no cross loadings with values 

greater than 0.3). The Cronbach’s alpha values confirm the internal consistency reliability 

of the measures.  
 

Construct Measure 
Factor 

Loading 

Cronbach’s 
Alpha 

Total new product development costs as a percentage of sales 0.59 0.76 



Innovation 

performance 

Employee performance on health and safety, quality of life, 

motivation and satisfaction, knowledge and skills 
0.77 

Project planning accuracy (e.g. percentage of projects over-

running planned project lead time, time-to-market or budget) 
0.78 

Development of environmental-friendly products 0.81 

Exploitation 

Strengthen and upgrade current knowledge and skills for 

familiar production processes and technologies 
0.77 

0.83 

Invest in incrementally improved equipment, tools and 

techniques to improve the performance of our production 

processes 

0.85 

Acquire state-of-the-art knowledge, skills, equipment, tools 

and techniques 
0.78 

Acquire new managerial and organizational skills that are 

important for production 
0.72 

Exploration 

Use clear project targets, project phase standards and project 

management regulations for our product development 

activities 

0.55 

0.73 

Support and encourage creativity, inventiveness and 

participation in product innovation and improvement 
0.85 

Invite and use feedback and ideas from external partners 

(customers, suppliers, research institutes) to improve product 

development practices and performance 

0.80 

Adapt to changes in the competitive environment by 

innovating products 
0.66 

Investments 

in SMT 

Computer-Aided Process Planning (CAPP) 0.74 

0.74 

Automatic identification / Bar code systems / RFId / 

Industrial IoT 
0.68 

“Smart” ICT applications supporting collaboration, 

connectivity, data processing, information mining, modeling, 

simulation 

0.64 

Manufacturing Resource Planning (MRP) and/or Enterprise 

Resource Planning (ERP) 
0.61 

Advanced manufacturing technologies, additive 

manufacturing, 3D printing, high precision technologies 

(micro/nano-processing) 

0.59 

Business 

performance 

Average performance, in terms of net profit, relative to the 

main competitor over the past three years 
0.94 

0.92 
Average performance, in terms of return on profit growth, 

relative to the main competitor over the past three years 
0.92 

Average performance, in terms of return on sales, relative to 

the main competitor over the past three years 
0.87 

 

Table 1. Results of exploratory factor analysis 

 

5.2 Confirmatory factor analysis 

  We considered five nested models with various number of factors. In particular, we 

considered (a) a single factor model that incorporates all the five constructs; (b) a two-

factor model combining business performance and innovation performance (factor 1), 

exploration, exploitation and Smart Manufacturing Technologies (factor 2); (c) a three-

factor model combining business performance and innovation performance (factor 1), 

exploration and exploitation (factor 2) and Smart Manufacturing Technologies (factor 3); 

(d) a four-factor model that combines innovation performance and business performance 

and finally (e) a model that consider each construct as a separate factor. The fit indexes of 



the models are presented in Table 2 and confirm that the 5 factors model is the only one 

with a good fit (for all the indexes). Thus, it is the best approach as the measurement part 

of our model. The factor loadings of all items were significant at p < 0.01.  

 

Model CFI TLI RAMSEA SRMR χ2 df Difference 

1 factor 0.393 0.322 0.162 0.182 792.053 170  

2 factors 0.673 0.632 0.119 0.128 504.301 169 287.752* 

3 factors 0.727 0.690 0.109 0.124 446.392 167 57.909* 

4 factors 0.838 0.813 0.085 0.108 329.708 164 116.684* 

5 factors 0.971 0.965 0.037 0.063 189.927 160 139.781* 
Note: CFI = Comparative Fit Index; TLI = Tucker-Lewis Index; RMSEA = Root Mean Square Error of Approximation; SRMR= 

Standardized 

Root Mean Squared Residual; Difference = difference in chi-square between the consecutive models; * = Significant at p < 0.01 
 

Table 2. Results of the confirmatory factor analysis 

Table 3 shows the composite reliability of the constructs as well as the correlations among 

them. To further test the discriminant validity of the measures, we followed the approach 

of Fornell and Larcker (1981). We checked that the average variance extracted of each 

latent construct is larger than the squared correlation of the same latent construct with any 

other construct. Results confirm that each variable has more common variance with its own 

items than with any other four latent constructs included in the model. 
 

 

Variables 
Composite 

reliability 

Business 

Performance 

Innovation 

Performance 
Exploration Exploitation 

Investments 

in SMT 

Business 

Performance 
0.81 1     

Innovation 

Performance 
0.77 0.28* 1    

 

Exploration 
 

0.76 0.03 0.38* 1   

 

Exploitation 
 

0.83 0.30* 0.22* 0.27* 1  

Investments 

in SMT 
0.74 0.29* 0.18* 0.28* 0.59* 1 

* = Significant at p < 0.05 

Table 3. Composite reliability and correlations among variables 

  Before calculating the ambidexterity measure, according to Eq. 1, we standardized both 

exploration and exploitation latent variables. This reduces the correlation between the 

ambidexterity measures and the exploration and exploitation latent variables hence 

mitigates the potential for multicollinearity between the variables. This approach is also 

used by Cao et al. (2009) for the combined dimension of the ambidexterity. The correlation 

coefficients between the Ambidexterity measure of Eq. 1 and exploration and exploitation 

variables are 0.46 and 0.45 respectively. The correlation coefficients are below 0.5 and far 

smaller than 0.65 threshold, which indicates potential for multicollinearity (Tabachnick, 

Ullman, and Fidell 2001). 

 
5.3 Path analysis 



  Figure 3 depicts the structural model of the relationship between the various constructs. 

The hypothesized model showed good fit to the data (χ2(430) = 1,560.635, CFI = 0.90, 

SRMR = 0.086 and RMSEA = 0.048). 
 

 

Figure 3. SEM results of the hypothesized model 

Notes: Standardized coefficients are reported, with standard errors in the parentheses. * p < 0.1; ** p < 0.05; *** p < 0.01. We have 

omitted the control variables associated to industries and regions in order to not complicate the figure 
 

  Results indicate that business performance is positively related to smart manufacturing 

technologies (β = 0.32, p < 0.01). We find that smart manufacturing technologies 

significantly and positively affect both exploitation (β = 0.62, p < 0.01) and exploration (β 

= 30, p < 0.01). The model indicates that exploration is positively related to innovation 

performance (β = 0.27, p < 0.05) but that the effect of exploitation on innovation 

performance is insignificant (β = -0.03). This is exactly in line with the findings of Cao et 

al. (2009). The effect of ambidexterity on innovation performance is also positive and 

significant (β = 0.31, p < 0.01). It is worth noting that the coefficient of ambidexterity is 

greater than the coefficient of exploration construct (β = 0.31 for ambidexterity vs β = 0.27 

for exploration). These coefficients are standardized and thus comparable. So, when it 

comes to increasing innovation performance, improving the ambidexterity would be more 

effective than increasing the exploration alone.  

  As for the control variables, the company size has a significant effect on the business 

performance (β = 0.19, p < 0.05), but an insignificant one on innovation performance (β = 

-0.01). The coefficients of the dummy variable of South America on innovation 

performance is significant and negative (β = -0.37, p < 0.01), indicating that in our sample 

companies in this region performed worse than the companies in Asia (the reference 

category). Similarly, the coefficient of South America on business performance is negative 

and significant (β = -0.16, p < 0.1). There are no significant differences in innovation 

performance across industries. In terms of business performance, the coefficient 

corresponding to industry 5 (Electrical components) is negative and significant (β = -0.29, 

p < 0.05) when compared to industry 1 (food products manufacturing, the reference 

category). 

 

6. DISCUSSION 

Investments
in SMTs

-0.01
(0.09)

0.62***

(0.08)

0.27** 
(0.10)

0.30***

(0.10)

0.31*** 
(0.10)

0.32***

(0.09)

0.19**
(0.09)

-0.03
(0.10)

Business 
performance

Exploitation

Exploration

Ambidexterity
Innovation 

performance

Company Size



  By analyzing the numerical results above, several insights to the extant theory on 

ambidexterity and Industry 4.0 are obtained.  

  Focusing on the theoretical perspective, four main contribution can be highlighted. First 

of all, the outcomes of the statistical analyses highlight how Industry 4.0 positively affects 

the capability of simultaneously pursuing exploitation and exploration strategies within 

different departments, thus fostering structural ambidexterity in the intra-organizational 

level. Secondly, the research demonstrates that structural separation positively influences 

innovation performance.  As a third evidence, the impacts of achieving good business 

performances over the ability of an enterprise to invest in innovation and thus obtaining 

brilliant innovation performance is demonstrated.  Lastly, an innovative way to 

operationalize ambidexterity in SEM path analysis is proposed; the method proposed 

could go beyond the dual theory of balance and combined dimensions, which led several 

authors to calculate ambidexterity as the multiplication or the absolute difference between 

the two strategies. The new formula proposed into this paper, on the other hand, turned 

out to be a reliable solution to prevent the dangerous issue of multicollinearity and to 

simultaneously consider the combined and balance dimensions’ perspectives.  

  Deeply connected with the scientific implications, the performed study can provide 

useful managerial suggestions and thus support the decision-makers of enterprises. The 

first and more important implication is concerning SMTs as enabler for ambidexterity. 

SMTs can have an impact on both short term (business performance) and long term 

(innovation performances). Their evaluation should be addressed with suitable KPIs and 

considering a wider range of strategic considerations, and not just focusing on efficiency 

gains, cost savings and short-term payback. As a second practical implication, the 

conducted study shifts the focus on the structural conception of ambidexterity. Managers 

should consider the organizational separation as a practicable and reliable solution to 

make the company ambidextrous. In practical terms, this suggestion is in line with the 

model proposed by Tumino et al. (2017), according to which data coming from digital 

assets in factories or from the connected products on field can be engaged in operational 

efficiency projects (exploit) but also in new product or new services design project 

(explore), and these two strategies should have specialized management, targets and KPIs.  

  This study also emphasises the relevance of business performance on the chances of 

successful ambidexterity projects. Thus, managers of well-performing enterprises – from 

a monetary point of view – should invest the financial assets to keep up with the 

technological changes which are taking place globally.  

  Finally, some interesting evidence for managers is also stemming from the analysis of 

the control variables. The SEM path analysis illustrates how the context (geographical 

area, country) in which organizations are operating in has an influence in the possibility 

of achieving brilliant innovation performance. Eventually, as discussed in Section 4, the 

statistical analyses reveal a null impact of the company size: this means that SMTs are 

ambidexterity enablers both in small and large businesses (and this is a strong message 

from a managerial viewpoint, as small businesses are usually deemed to be less capable 

to handle and to leverage on complex technological investment).  

 

7. CONCLUSIONS 

  Several interesting conclusions are stemming from the statistical analysis. The adoption 

of SMT positively affects the capability of simultaneously pursuing exploitation and 



exploration strategies within different departments, thus fostering structural ambidexterity. 

Moreover, results shed light on the ambiguous relationship between structural 

ambidexterity and innovation performances: our analysis clarifies that, by pursuing 

structural ambidexterity, i.e. by combining exploitation within the operations function and 

exploration within the innovation function, companies can increase their innovation 

performance, thus filling another literature gap. Then, the impacts of achieving good 

business performances over the ability of an enterprise to invest in innovation and thus 

obtaining brilliant innovation performance is demonstrated. 

  Our results shed a novel light on the current debate over industry 4.0 transition, with 

implications also for practitioners and manufacturing companies, as payback for 

expensive investments in SMT should be searched not only in improved short-term 

business performances, but also in better long-term innovation performances. 

  There are some limitations that should be considered when interpreting the results of this 

research. The sample included incomplete responses – i.e. missing values – which have 

been removed and this reduced the sample available to test the hypotheses. The 

questionnaire used to test our assumptions was referred to a given timeframe – i.e. the last 

three years performance of the firm - while it would have been better to measure firms’ 

innovation performance after a longer time interval with respect to business performance.    

  We envision several avenues for further investigations. Similar research can be conducted 

on a larger sample of countries to have a more comprehensive perspective on performance 

differences. Moreover, it would be interesting to assess the impact of each single SMT over 

structural ambidexterity and thus innovation performance. For instance, the effects of 

adopting additive manufacturing could be compared with the ones stemming from the 

implementation of cloud manufacturing; by comparing the results, it would be possible to 

understand which SMT is the most suitable to foster the simultaneous implementation of 

exploitation and exploration within the firm.   
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