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Abstract 

This paper uses firm-level data and Data Envelopment Analysis (DEA) methods to investigate the effects of 

participation in formal networking activities and of female representation in leadership positions on firm’s economic 

efficiency. Our findings show that firms belonging to a network have a higher level of technical efficiency (i.e. the 

position of network members is closer to the technical efficient frontier), while the presence of women in senior roles 

(CEO, President or member of the board of directors) is associated to lower efficiency scores. However, the observed 

performance strongly increases when firms with women in top positions participate to networks, and especially so in 

female-intensive working environments and networks, hinting at superior returns for female networking.  
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1. Introduction 

A growing strand of the economic literature considers the effect of firms’ networking activities or 

cooperation on firms’ performance. A general consensus is emerging that supports the existence of 

positive economic and financial effects from being member of networks, suggesting that 

cooperating with peers is an important source of competitive advantage (Dyer and Singh, 1998). 

This advantage materializes mainly through two mechanisms: a low-cost access to knowledge or 

resources (Gulati and Higgins, 2003; Zaheer and Bell, 2005) and the possibility to reach the benefits 

of scale-economies without increasing the firm’s size (Watson, 2007). While several previous 

works show a general positive effect from networking on different measures of economic or 
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financial performance, for instance profitability (Watson, 2007) or penetration on foreign markets 

(Cisi et al., 2018), less attention has been devoted to long term oriented or more specific definitions 

of performance, such as total factor productivity or technical efficiency.  

Another emerging, but separate, literature is concerned with the general effects stemming from an 

increase in female participation to leadership positions within firms. The empirical literature in this 

case is still far from converging towards a consensus on the impact on performance of having more 

women among top managers and in the board of directors, even if such an increase may have 

socially and culturally desirable implications. The results are still mixed: while some contributions 

find modest positive effects (Green and Homroy, 2018; Dezso and Ross, 2012), other studies show 

no effects (Comi et al., 2017; Ferrari et al., 2016; Gregory-Smith et al., 2013), or even point towards 

the presence of a negative impact (Matsa and Miller, 2013; Ahern and Dittmar, 2012; Adams and 

Ferreira, 2009) of an increase of female representation in senior positions on performance. Within 

these works, we observe a significant prevalence of contributions focused on large and very large or 

listed firms, while small and medium firms (SMEs) often are under-represented, despite their 

importance in many economies, especially in Southern European Countries. Clearly, more work is 

needed in both literatures. More importantly, there appear to be a large scope for new insights by 

combining elements of the two literatures, which have developed separately, so far. In this respect, 

some recent experimental results provided by Kuhn and Villeval (2015) highlight a greater capacity 

of women to cooperate and to create successful teams as compared to men. This idea stimulates 

new interest in investigating the contribution of female leaders to cooperation among firms. If 

women engage in networking activities in different ways than men, a question naturally arises as to 

whether female leaders are able to bring firm-wide benefits through the creation of more effective 

and incisive networks among firms, as compared to men leaders. 

Our paper contributes to the above debate in several ways. First, we introduce precise and long-term 

oriented definition of firm performance based on global productivity measures: in particular, we 

adopt a classical technical efficiency framework based on linear programming (i.e., Data 
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Envelopment Analysis). According to this, we are able to estimate efficiency scores reflecting, for 

each firm in the sample, the capacity of combining inputs and outputs in comparison to a flexible 

best available frontier, defined without assuming any functional form for the underlying technology. 

The use of such a measure of performance is essentially new in the literature on firms’ networks. 

Second, we adopt a clear and established notion of networking, by focusing on firms that signed a 

legal agreement labeled “network contract”. Our network members are therefore engaged in a 

strong form of formalized cooperation, in line with the classical definition given by Parker (2008)1 

or Huggins (2001)2 and recently confirmed by Huggins and Thompson (2015). Third, we 

investigate how the obtained indicators (scores) of technical efficiency are affected by female 

representation in top positions and by the firm’s participation in networks. In particular, we also 

explore the existence of any interaction with the digitalization process (i.e. the degree of 

participation to the so called fourth industrial revolution or Industry 4.0), that we measure at sector 

level according to some recent classifications proposed at OECD level by Calvino et al. (2018)..  

We base our econometric analysis on a database obtained by merging economic and financial data 

for all the Italian firms operating in the manufacturing sector with information on their participation 

to formal networks and on the presence of female leaders within each firm, as well as within each of 

its partners in the network.  

Our findings show that, in general, network members have a higher level of technical efficiency 

(i.e. networking firms are closer to the technical efficient frontier), while the presence of women in 

senior positions is found to reduce the estimated efficiency scores. However, when firms with 

women leadership participate to networks, the observed performance strongly increases. The higher 

firm-wide returns to female networking are even larger in female-intensive working environments 

and networks, and in high-tech and digital intensive industries.   

                                                           
1 According to Parker (2008), a business network is a group of entrepreneurs that voluntarily decide to share knowledge 

and experiences. 
2 Huggins (2001) defines formal networks as group of firms that voluntarily cooperate with the explicit aim of co-

producing, co-marketing, co-purchasing or co-operating in product or market development. This definition reflects the 

specific contractual scheme, named “network contract”, recently introduced in Italy and object of this study. See 

Appendix A for additional details. 
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The remainder of the paper is organized as follows. The next section reviews the literature on 

networking, female participation in leading position and performance. Section 3 presents the 

methodology adopted, while Section 4 describes our database, sample selection and the variables 

used. Section 5 presents and discusses our main results, and Section 6 briefly concludes. 

 

2. Conceptual framework and relevant literature 

2.1 Networks and  performance 

The theoretical literature has long highlighted that belonging to a network might be beneficial for a 

firm’s performance, through a number of mechanisms. Networks facilitate knowledge flows or 

technological improvements (Vanhaverbeke et al., 2009), contribute to contain transaction costs 

(Lin and Lin, 2016), and provide a source of flexible and relatively cheap resources for all 

members, also stimulating product and process innovation (Schott and Jensen, 2016; Mazzola et al., 

2016). The empirical literature seems to confirm the theoretical predictions on the positive effects 

of networking, although the available results are often not easily comparable across studies, because 

of a number of issues, such as the specific definition of a network, the kinds of firms analyzed, and 

the methodological approaches adopted by the different authors (Schoonjans et al., 2013). A first 

complication derives from the difficulty in disentangling the effect of networking from a range of 

other concomitant activities, which might have independent impacts on a firm’s performance. For 

instance, Schoonjans et al. (2013) report a positive and significant effect of networking on net assets 

growth and on value added growth for East-Flanders SMEs during the period 1992-2008. However, 

their networks are identified according to the participation to a specific government program aimed 

at favoring contacts and experiences exchanges among managers of SMEs, also through training 

sessions, so it is not clear if the effect is due to networking per se or to the training program. 

Another problematic aspect is how to properly define a network: networking is often a self-reported 

activity that may refer to very different kinds of interactions and to different levels of cooperation, 

spanning from those that are quite informal in nature, to those formalized through specific 
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contractual agreements. For instance, Watson (2011) uses survey data on Australian firms in the 

period 1994-1997 and finds evidence of positive effects of networking on firms’ survival and 

growth, albeit only for some specific types of formal networks (i.e. business consultants).3 

Similarly, Park et al. (2010), find that networking has a positive effect on sales growth and survival 

of manufacturing firms operating in Korea in the period 1994-2003, where networking coincides 

with the presence of industrial clusters. Additionally, while some studies focus on SMEs, others 

restrict attention to large firms, for which the results are less clear cut, and vary from the positive 

effects on profits found by Ritala (2012) for Swedish firms to the negative effects reported Koka 

and Prescott (2008) for periods of radical changes in the international steel industry. Finally, the 

various papers adopt different proxies for performance (profitability, productivity, exports or 

innovation activities) as well as different methodologies to estimate the impact of networking on 

firm performance.  

Our paper contributes to the existing literature by taking a specific stance on each of the aspects 

identified above. Building on our own prior work (Cisi et al., 2016), we focus on Italian 

manufacturing firms, mainly SMEs, as networking is often a key instrument for overcoming the 

limits these kind of firms typically face in an increasingly internationally competitive and 

innovation-based environment. We study the effects of a well-defined type of formal network: the 

network contract that, as explained in Appendix A, consists in a legal agreement between 

participating firms. Firms (voluntarily) signing the network contract do not receive any other kind 

of support (like training programs or other activities sponsored by the government), so that we can 

study the effect of networking per se. Finally, our paper differs from the rest of the contributions in 

the literature also for what concerns the methods used. Specifically, we analyze the effect of 

networking on a firm’s technical efficiency estimated through DEA methods, which provide a 

complementary analysis with respect to studies that make use firms’ profitability of other 

performance measures.  

                                                           
3 Watson (2011) considers firms linked to weak formal networks (industry associations, business consultants or banks) 

as well as to strong informal networks (other firms in the industry, family and friends). 
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2.2 Female leadership and performance 

Due to the recent increase in female participation in business leadership positions, a growing – but 

separate – body of the literature investigates if and how women business leaders affect firm 

outcomes. Studies differ in terms of type of firms investigated (listed versus non-listed firms, large 

corporations versus SMEs, manufacturing firms versus firms active in service industries), country 

representativeness (single country versus cross-country studies), distinctive role of women (CEOs, 

top managers, executive versus non-executive board members), and performance measures used as 

right hand side variables (Tobin’s q, ROA, ROE, labor productivity, TFP). Overall, results are 

mixed and rather far from being conclusive. As stated by Gagliarducci and Paserman (2015, p. 

351): “On the whole, the literature on firm performance finds little evidence of positive effect of 

female leadership on firm outcomes, with some studies in fact finding evidence of negative effects. 

Even when the effects are positive, the results are sometimes qualified, and not always robust to 

econometric methods that account more credibly for potential endogeneity of the female leadership 

variable”. In the same line, Pletzer et al. (2015), after having performed a meta-analysis of studies 

on the link between female representation on corporate board and firm financial performance, 

conclude that: “The mere representation of females on corporate boards is not related to firm 

financial performance if other factors are not considered” (p. 1).  

A seminal paper on female representation in boardrooms is Adams and Ferreira (2009), who found 

for the US that, after accounting for endogeneity issues, the average effect of gender diversity on 

firm performance (measured with ROA and Tobin’s q) is negative. This result suggests that 

mandated gender quotas for directors, which have recently been introduced in several European 

countries, can reduce firm value. A group of papers (Ahern and Dittmar, 2012; Matsa and Miller, 

2013) exploited the introduction of gender quotas in Norway as a natural experiment, and found, 

indeed, negative performance effects. In a similar vein, both Gregory-Smith et al. (2013) and Ferrari 

et al. (2016) found for the UK and for Italy, respectively, no support for the argument that gender 

diverse boards enhance corporate performance (measured with both market based and accounting 
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based measures). Interestingly enough, using European data on Belgian, French, Italian and Spanish 

listed firms, Comi et al. (2017) confirmed the absence of a significant effect when using ROA 

indices in the whole sample. However, for Italy and Spain, they found evidence of a positive effect 

of gender quotas when labor productivity or total factor productivity (TFP) are used as alternative 

metrics of performance.   

Using a sample of large listed European firms, Green and Homroy (2018) found a modest positive 

effect of female representation on board of directors on ROA, but the impact was much stronger 

(three times as big) when female were also members of board committees. This suggests that it is 

not the mere participation to the board of directors that matters, rather the presence of women in 

board committees, where monitoring (through the audit committee) and crucial decisions about 

nominations, promotions, bonuses and premia are taken.  

Several papers move away from the analysis of the role of women in board of directors (within or 

outside the context of mandated gender quotas), and focus more generally on female leadership, for 

example by looking at the gender of the CEO or at female representation in top management. Dezso 

and Ross (2012), for instance, look at the S&P 1500 firms and find that female managers have a 

positive impact on corporate performance (measured with Tobin’s q) only when a firm’s strategy is 

focused on innovation: “in which context the improvements in group decision making associated 

with gender diversity and the managerial attributes of women managers themselves are likely to be 

especially important” (p. 1073). This result has been confirmed and generalized by Christiansen et 

al. (2016), who found for a sample of 2 million (listed and non-listed) companies across 34 

European countries, that the effect of the share of women in senior positions on ROA was more 

pronounced in sectors that employ a higher share of women and in high-tech and knowledge-

intensive industries. As the authors speculate, such industries “demand higher creativity and critical 

thinking that diversity in general may bring” (p. 6). 

The link between female managers and female workers employed in the firms has been investigated 

also by Flabbi et al. (2014). Using a sample of Italian firms with at least 50 workers observed over 
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the period 1982-1997, they found that the interaction between female leadership (i.e., the presence 

of a female CEO) and the share of female workers has a positive impact on performance (measured 

with labor productivity or total factor productivity). Therefore, they conclude that one advantage of 

having female leadership is that female managers are better quipped at interpreting signals of 

productivity from female workers.  

Our paper adds to this strand of the existing literature in several ways. To being with, we rely on 

less volatile, more long-term measures such as DEA efficiency indices, rather than computing 

accounting measures of performance such as ROA or ROE, making our paper similar in spirit to 

Flabbi et al. (2014). We also focus on a large sample of Italian (unlisted) manufacturing firms, 

thereby complementing the literature that focuses mainly on large (listed) firms. More importantly, 

rather than looking at an average effect of female representation, we look at the different contexts in 

which firms operate.  

First, we operate a distinction according to whether or not female leaders are involved into firm 

networking activities. In doing so, we aim at bridging the two literatures on the effects of 

networking and on the effects of female leadership and propose a more nuanced view on their 

relative roles, and of any interaction effects, on a firm’s performance. This angle of analysis is 

rather new in the literature. As stated by Hanson and Blake (2009): “The literature on 

entrepreneurial networks and gender is so poorly developed that the main take-away message is 

simply how little is known” (p. 146). We were able to find only two papers, both focusing on 

entrepreneurs, i.e. on the owners of the firms, rather than on decision makers such as top managers 

or board members. The first one is the already cited study by Watson (2011). Moving from the 

argument that females have limited contacts compared to men and are less involved in networking, 

especially if it is of the formalized type, he investigated the role of different formal and informal 

networks for both female and male controlled SMEs, finding the absence of any discernible gender 

effect on firm survival or growth. The second one is McAdam et al. (2018), who focused on the 

effectiveness of a policy intervention in Northern Ireland, where the regional development agency 
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established women-only formal networks, with the aim of helping women entrepreneurs to access to 

economic, social and cultural capital. Using data from qualitative interviews, the author is rather 

skeptic about the success of such an initiative, suggesting that separatist women-only solutions have 

limited efficacy, if any. As we describe below, our data allow us to shed further light on the way a 

network’s composition - in terms of the degree gender diversity among the participating firms – 

impacts on the firms’ measured performance.  

Second, we explore the existence of any heterogeneity related on whether or not female business 

leaders are active in innovative sectors and/or in industries in which there is a higher share of 

female workers. As to innovation and the technology development, apart from the usual distinction 

between high-tech and low-tech industries, we explore the role of digitization and, more in general, 

of the so-called fourth industrial revolution (Industry 4.0). Sectors differ in terms of investment in 

ICT hardware and software, as well as in the use of robots in the manufacturing process, in the 

hiring of ICT specialists and in the use of online sales. The digital transformation is part of a 

process labeled “fourth industrial revolution”. The latest technological developments go much 

further than the automation of repetitive physical work, and the combined use of digitization, highly 

effective connectivity, and technologies such as cloud computing and artificial intelligence are 

leading to the large-scale automation of entire group of tasks, including repetitive intellectual tasks 

previously performed by human beings.4 While this process is creating new business opportunities, 

it involves also the displacement of workers that are performing routine and replaceable tasks. 

Technical skills will be far less important in the future, with personal skills becoming more critical. 

For example, employees will need to shift their focus to the things machines cannot do – the ability 

to read people’s emotions and react accordingly, or think creatively. The so-called soft skills that are 

required go from cognitive flexibility to critical thinking, from the ability to coordinate with others 

to complex problem solving skills (World Economic Forum, 2018). A priori, it is unclear how the 

                                                           
4 Examples are smart factories that operate autonomously, autonomous vehicles, smart electricity grids, 3D printers, the 

deployment of objects equipped with computing capabilities and connected to communication networks in healthcare 

and agriculture (the so called internet of things), and so on. 
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productivity impact of networks and female leaders should be expected to differ in traditional 

industries as opposed to sectors that are rapidly going digital. From the one hand, a persistent 

gender digital gap, documented to exist even for younger cohorts and already visible at early stages 

in labor market careers, partly because of different human capital investments in STEM subjects, 

suggests that women may be less favorably placed than men to take full advantage of the new 

digital environment. On the other hand, one may argue that the rapid advances in information and 

communication technologies, and the emphasis placed on soft skills in the new competitive setting, 

may allow women to fuller exploit their comparative advantage in networking activities, when 

compared to men. While in the final part of the paper we aim at exploring the mediating role of the 

digital era in the returns to female networking activities, we would like to emphasize that our data 

allow us to provide only some suggestive evidence on such a role. 

 

3. Methodology 

3.1 Modeling the technical efficiency of manufacturing firms 

In the present paper, we adopt as measure of firm performance based on a standard semi parametric 

version of technical efficiency, estimated through Data Envelopment Analysis and its bias corrected 

version. The main advantage of using DEA is that it does not require to specify a form for the 

technology representing the production process, so that no assumptions are made for the shape of 

the production frontier. Moreover, DEA allows computing a simple inefficiency measure also for a 

technology involving multiple outputs and multiple inputs: the frontier is directly derived from the 

data and all firms in the sample are evaluated through input or output distance. 

We consider a vector of inputs 
N

N Rxxx ),...,(= 1  which are combined in order to obtain a vector 

of outputs
M

M Ryyy ),...,(= 1 . The output set 𝑃(𝑥) = {𝑦 ∶  𝑥 can produce 𝑦}, 𝑥 ∈ 𝑅+
𝑁 consists of 

combinations of output compatible with input bundles; if the set is closed and convex, a standard 

and DEA efficiency score can be defined as: 
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𝜆𝐷𝐸𝐴(𝑥0, 𝑦0) = sup{𝜆 |  𝜆𝑦0 ∈ 𝑃(𝑥0)           (1) 

This theoretical indicator of efficiency can be operationalized using the linear programming 

framework, by solving K linear programs, one for each firm in the sample, repeating the procedure 

for each specific production process involved in the analysis. Under the assumption of Variable 

Return to Scale, more respondent to the real production processes of manufacturing industries, the 

model appears as follows: 

𝜆𝐷𝐸𝐴(𝑥0, 𝑦0) = max 𝜆 

𝑠. 𝑡.          𝑥0 ≥ ∑ 𝑧𝑘
𝐾
𝑘=1 𝑋𝑘; 

              𝜆𝑦0 ≤ ∑ 𝑧𝑘
𝐾
𝑘=1 𝑌𝑘; 

𝑧𝑘 ≥ 0; 

∑ 𝑧𝑘
𝐾
𝑘=1 = 0,     (2) 

where k indicates firms (i.e. decision making units or DMUs) and X and Y are matrices of inputs and 

outputs. More recent extensions of the classical DEA model try to partially mitigate one of the main 

disadvantages of this deterministic approach, i.e. the absence of a stochastic error component. Simar 

and Wilson (1998) and Daraio and Simar (2007) show that �̂�𝐷𝐸𝐴 scores are, by construction, biased 

and overestimate the true technical efficiency level. Following, their contributions, to which we 

refer for any technical details, the BIAS can be defined as: 

BIAS (�̂�𝐷𝐸𝐴(𝑥0, 𝑦0)) = 𝐸 (�̂�𝐷𝐸𝐴(𝑥0, 𝑦0)) −  𝜆𝐷𝐸𝐴(𝑥0, 𝑦0)  (3) 

where  𝜆𝐷𝐸𝐴(𝑥0, 𝑦0) represents the true technical efficiency score that remains unknown. Using a 

homogeneous bootstrap, Simar and Wilson (1998) introduce a method for estimating the BIAS, 

based on the assumption that the true production set boundaries lie to the left and above the 

piecewise linear frontier. Under such an assumption, an estimate of DEA scores corrected for the 

potential bias can be derived as follows: 

�̂̂� 𝐷𝐸𝐴(𝑥0, 𝑦0) =  �̂�𝐷𝐸𝐴(𝑥0, 𝑦0) − 𝐵𝐼𝐴�̂�𝐵𝑜𝑜𝑡(�̂�𝐷𝐸𝐴(𝑥0, 𝑦0)) (4) 
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These bias-corrected efficiency scores in their output-oriented format are bounded below by 1, a 

value never reached for the application of the correction procedure. Therefore, values near to 1 

represent the most efficient firms in the sample, in terms of their ability in combining inputs to 

obtain output.  

 

3.2 Truncated regression and separability issues 

As argued by Simar and Wilson (2007) in their seminal paper, the use of standard regression 

models is problematic in the analysis of efficiency scores. Given the complex nature of data 

generating process and the complicated correlation structure for the residuals, standard econometric 

techniques (i.e. OLS or Censored Tobit models) fail to estimate unbiased coefficients of interest. 

For mitigating the problem, Simar and Wilson (2007, 2011) propose an identification strategy based 

on truncated regression estimated via Maximum Likelihood:  

 �̂̂�𝐷𝐸𝐴(𝑥0, 𝑦0) = wk γ+ εk  1, k=1,...K        (5) 

 where εi ~N(1, 
2

 ) before truncation and wk represents a generic set of firm-level variables which 

potentially affect technical efficiency performance. The unknown real efficiency scores 

�̂̂�𝐷𝐸𝐴(𝑥0, 𝑦0), based on an unknown technological frontier, are estimated according to the DEA 

framework with bootstrap by �̂̂�𝐷𝐸𝐴(𝑥0, 𝑦0), through a first stage analysis following the 

methodological insight reported in the previous section. The model is then estimated via maximum 

likelihood, by applying a truncated regression procedure. To obtain a more reliable confidence 

interval, a bootstrap procedure is also performed in the ML estimation of the truncated model. The 

sequence of actions as well as additional information on all bootstrap phases can be found in Simar 

and Wilson (2007) that remains the baseline reference for all technical questions. There is a number 

of recent applications of such a method, even if many of them do not incorporate some important 

and recent theoretical developments. For instance, using balance sheet data from Chinese banks, Du 

et al. (2018) analyze efficiency scores in a panel-structured framework, with an approach similar, 
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also in terms of control variables introduced, to that used by Devicienti et al. (2017) on a sample of 

Italian manufacturing firms. Biener et al. (2016) include many firm characteristics (i.e. leverage and 

international diversification degree, among the others) as regressors for investigating their effect on 

efficiency in the Swiss insurance sector. Other applications are Chowdhur and Zelenyuk (2016), 

who analyze the efficiency of hospitals services or Bruno and Manello (2015), who focus on the 

telecommunications sector. Nevertheless, when interpreting regression results, Simar and Wilson 

(2011), Bâdin et al. (2012) and, more recently, Daraio et al. (2018) show that the application of the 

truncated regression is valid (i.e. estimated coefficients are meaningful) only if separability 

conditions between the input-output space and explanatory variables hold. If the hypothesis on 

separability is rejected, the coefficients from the regression cannot be correctly interpreted, and the 

precision of estimates is weaker. As suggested by Devicenti et al. (2017), separability implies that 

external factors influence the production process only through the conditional density function (i.e. 

the probability of lying on the frontier, for any given level of external factors), without influencing 

its support.  In their recent contribution, Daraio et al. (2018) propose a specific test on separability 

conditions that should be run before applying truncated regressions on efficiency scores. In our 

study, the above-mentioned test allows to verify separability for the two main aspects of interest: 

network membership and the presence of female leaders. In general terms, the test consists in 

comparing the efficiency scores computed in a standard setting with the efficiency scores computed 

in a conditional setting, where conditional variables are those entering as regressors in the truncated 

regression phase. If separability is valid, estimates from the two settings should not differ so much, 

and a normally distributed t-test can be used as in standard hypothesis testing. 

 

4. Data 

4.1 General overview and main sources 

Our main source of information is the AIDA dataset provided by Bureau Van Dijk, which contains 

detailed financial information of Italian firms. The data refers to the whole population of firms that 

https://www.sciencedirect.com/science/article/pii/S030504831500211X#!
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are compelled to register their profit and loss accounts and balance sheets according to Italian law, 

i.e. limited companies and corporations. Starting with this population, we decided to focus on the 

manufacturing sector, because of the stronger correspondence between the production process and 

the assumption of the DEA model. Using the tax code as a firm identifier, we matched the AIDA 

financial database with information on all the firms involved into networking activities (i.e., firms 

that signed a network contract), as collected by the INFOCAMERE database. The available 

information refers to the network name, number and identity of partners, main objects of the 

agreement, month and year of the network creation.  

4.2 Descriptive statistics and data issues  

Given the large dimension of the database, we devote strong attention to the presence of unreliable 

or incomplete balance sheet data, mainly for the sensitivity of DEA models to the presence of 

outliers, and we implement a careful process of data cleaning. All efficiency computations are based 

on the last economic/financial information, referred to the 2016 balance sheet. First, firms that 

became inactive during 2016, as well as firms involved in liquidation processes, are excluded from 

the sample. Second, we eliminate unreliable or out-of-scale balance sheet data, excluding all firms 

with evident data alterations or errors. Third, after computing a rough indicator of labor productivity 

(i.e. revenues per unit of labor cost), we exclude potential outliers by eliminating firms showing too 

large (over the 99th percentile) or too small (under the 1st percentile) values. This procedure for the 

identification of outliers has been performed at the two-digit NACE disaggregation. Finally, we 

include in the sample only firms for which we are able to retrieve information on leadership roles 

through the analysis of the AIDA section devoted to the collection of names and positions of top 

managers and of members of the board of directors (if present). The final sample for which we are 

able to consistently estimate DEA efficiency scores is composed by 84,462 manufacturing firms. 

We structured our database as a cross-sectional database with retrospective information, where 

financial variables refer to the period 2014-2016.   



15 

Table 1 shows the descriptive statistics on the adoption of network agreements and on female 

representation in leadership roles for the reference sample. The number of manufacturing firms 

involved in network agreements at the end of 2015 is 1,945 (2.3% of the total sample). Around 20% 

of firms has at least one woman at the top of the corporate ladder, where leading positions include 

the CEO, the president of the board of directors (when there is a board) or, in the case of very small 

firms, executive administrators or directors. 

Table 2 reports the average efficiency scores obtained in the DEA first-stage. We computed these 

scores according to the bias-correction procedure described in section 3, and separately for each 

industry identified through a slight recombination of two-digit NACE codes5. All sectors considered 

count thousands of firms, so that we could run the DEA models separately for each of the sector 

reported without incurring in any kind of dimensionality problems. The entire sample shows an 

average inefficiency score of 2.5, substantially in line with previous studies employing balance 

sheet data (see, for instance, Manello et al., 2016).  

4.3 Empirical strategy and main variables used  

Our empirical approach is to estimate different variants of the model in (6): 

 

�̂̂�𝐷𝐸𝐴𝑘𝑡
=  𝛽𝑁𝑘𝑡−1  + 𝜇𝐹𝑘𝑡−1 +  𝛿𝑍𝑘𝑡−1 + 𝑆𝑘 +  𝑅𝑘  + 휀𝑘𝑡  1, 𝑘 = 1, . . . 𝐾                           (6) 

 

where �̂̂�𝐷𝐸𝐴𝑘𝑡
 represents the measure of technical inefficiency estimated using the 2016 financial 

data, while all firms’ characteristics and controls on the right-hand side of (6) refer to the previous 

year (2015), so as to mitigate simultaneity (endogeneity) problems. Indeed, given that also 

networking status and female representation might be potentially endogenous, as suggested by 

Green and Homroy (2018), we decide to lag by one period all the independent variables included in 

the regressions. This procedure may clearly be insufficient to dispel residual concerns related to 

endogeneity and convincingly establish causality. To further prove the robustness of our results to 

                                                           
5 We gather, respectively: Food and Beverages, Chemical products and Pharmaceuticals, Textile and Leather products. 
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the potential endogeneity of the main variables of interest, in the final section of the paper we rely 

on the application of a control function approach within the DEA second-stage framework.  

The coefficients 𝛽 and 𝜇 capture the relationship between technical inefficiency and, respectively, 

networking (indicated by 𝑁𝑘𝑡−1) and female representation (denoted by 𝐹𝑘𝑡−1). The vector 𝑍𝑘𝑡−1 

accounts for lagged firms characteristics or controls, such as firm’s size and age, while 𝑆𝑘 and 𝑅𝑘 

represent sectoral and regional fixed effects.  

Concerning networks, using lagged values is equivalent to focus on all the network agreements 

created during the year 2015 and before. This idea, other than mitigating simultaneity issues, also 

reflects the nature of these agreements: after the network contract is signed, it is reasonable to 

assume that it takes some time before it becomes operative. Therefore, we consider as “networking 

firms” only those that stipulate the contract in 2015 or before, while firms entering networks in 

2016 are in a sort of “transition period”: the network has been set-up, but its effects cannot 

influence the balance sheets.  According to this, we create a dummy named Networking, identifying 

firms participating to network agreements at the end of year 2015.  

Data on female representation is drawn from AIDA, too. In particular, for each firm we compute the 

total number of persons identified as top leaders and we retrieve the information on their gender. 

We then create a dummy variable, which we name Female_top_dummy, indicating that at least one 

woman appears among top leadership roles, according to the approach followed by Campbell and 

Minguez-Vera (2008). We also compute the share of female top leaders, following Devicienti et al. 

(2018), and name this variable Female_top_share. 

Additional control variables, used to partially reduce the observed heterogeneity of technical 

efficiency scores among different manufacturing firms, are drawn from the managerial literature as 

well as from empirical studies on the determinants of performance (Nickell et al., 1997; Zelenyuk 

and Zheka, 2006). We include a measure of a firm’s Size, computed as the natural logarithm of the 

number of employees in 2015; the firm’s Age, obtained as the difference between 2015 and the year 
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of the firm’s foundation, and a measure of Vertical disintegration, computed as the ratio between 

external cost components (i.e. raw materials, services and rents) over total production costs.  

To increase our confidence in the suitability of the truncated regression model in the current 

application, we conducted a simplified version of the test introduced by Daraio et al. (2018), to 

which we refer for all technical details. In particular, we perform the test with respect to the two key 

aspects of the analysis, i.e. networking and the female participation dummies. The test is based on 

the idea of comparing unconditional and conditional efficiency scores, where the conditioning 

variables are the main variables of interest. We apply the test in three ways: we first consider each 

single dummy one-by-one, and then we consider the case resulting from combining the two 

variables, i.e. the subgroup of firms with female leadership that participate to networks. The null-

hypothesis of equally distributed efficiency scores across the conditional and unconditional settings 

can be accepted, at conventional statistical levels, in all three cases.6 Therefore, we are relatively 

confident that the separability conditions are satisfied in our empirical application, at least with 

reference to our main aspects of interest. Comforted by this result, we next proceed with the second-

stage regressions in (6), which are interpreted in the usual way. 

 

5. Results 

5.1 Technical efficiency and networking 

Before interpreting our results, we observe that the analyzed efficiency scores, distributed between 

1 and + ∞ according to the Simar and Wilson (2007) specification, indicate for each firm its specific 

level of inefficiency. We apply the double bootstrap procedure (i.e., 1000 replications in the first 

stage and 1000 replications for all truncated regressions) to all estimates. The maximum likelihood 

method then guarantees the reliability of the confidence intervals proposed. All coefficients 

                                                           
6 Details on the numerical results of the test are available upon request.  
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reported indicate the impact of each variable on the level of inefficiency. Notice that a negative sign 

indicates that effect on efficiency is positive. 

We begin by showing the impact of networking on technical efficiency scores, disregarding the 

effect that having females at the top of the corporate ladder might have on performance. Column (1) 

of Table 3 shows that firms involved in formal network agreements display higher technical 

efficiency scores, with a positive differential of around 0.08. After entering a network agreement, 

firms seem to increase their capacity of obtaining output per unit of inputs employed, which we 

interpret as the result of stronger cooperation and resources sharing with other network members. 

The observed effect is relatively small in magnitude, but it remains stable and always statistically 

significant across all specifications, as we will see. Moreover, the positive effect of networking is 

confirmed also by the last column of Table 3, which reports the results from a standard OLS 

regression where the dependent variable is revenues over labor costs, a rough measure of labor 

productivity. Also in this case, the direction of the relationship is confirmed, even if this estimate is 

only tentative, and relatively imprecise, given the lower informative capacity of the productivity 

indicator used. The main message we obtain, though, is broadly unchanged, and is in line with most 

of the previous papers that indicate a general positive effect of networking activities on performance 

(e.g., Cisi et al., 2016).  

For what concerns the evidence on other controls, from the first two columns of Table 3, the 

variable Size shows an expected positive impact on efficiency, in line with other works (Devicienti 

et al., 2017; Latruffe et al., 2008). Contrary to expectations, a firm’s past experience, as proxied by 

the firm’s age, does not seem to exert a significant influence on efficiency. Finally, the level of 

outsourcing, measured by external costs over total costs, has a strong positive impact on technical 

efficiency, confirming previous findings reported by Pieri and Zaninotto (2013) and Manello et al. 

(2016). Our vertical disintegration control variable contributes to reduce heterogeneity deriving 

from the strong differences in outsourcing strategies and in vertical boundaries that characterize 

manufacturing firms, even when they operate in the same sector. 
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5.2 Female leadership and networking activities 

We next augment our truncated regression models including information on the presence of female 

at the top of the corporate ladder. The results, reported in Table 4, lend support to the view that 

female representation might have a detrimental impact on a firm’s efficiency. As anticipated, we 

use two different ways to account for female participation: we include a dummy variable indicating 

if at least one top leader is a woman (Table 4, models 1, 2 and 4) and a continuous variable 

indicating the share of females in leadership roles (Table 4, model 3).7 The presence of women 

(Female_top_dummy) always displays a positive and statistically significant coefficient, with a 

positive differential in term of technical inefficiency scores of around 0.034, which remains quite 

stable across all specifications. When female representation is investigated in combination with 

networks (Table 4, model 2-4), the previous results are confirmed. The negative impact of female 

participation on efficiency is confirmed both in case of the dummy (Table 4, model 2) and in the 

case of the female share among top leaders (Table 4, model 3). Notice, also, that the positive effect 

of networking is confirmed, with point estimates similar to the ones reported in Table 3.  

The last column of Table 4 includes the interaction between Female_top_dummy and Networking 

(Female*Networking). While the pure (“direct”) effect of female leadership roles on efficiency 

remains negative, the interaction term has a negative and statistically significant coefficient, 

implying a positive effect. Accordingly, engaging in networking activities is particularly beneficial 

for firms characterized by the presence of female leaders, as opposed to firms led only by men. The 

estimated coefficient of the interaction term is large in magnitude (-0.235). Considering the average 

efficiency scores recorded in the sample, this estimate implies a positive efficiency differential of 

around 10%, on average, in favor of networking firms characterized by the presence of female 

leaders. This result suggests that female leaders play a crucial role in the organization and 

functioning of the network contract. Importantly, the interacted term more than compensates the 

general negative effect that, per se, the presence of a female top leader has on a firm’s performance. 

                                                           
7 We include also the number of top leaders (Top Leader N), which is never found to be significant. 
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This result is new in the literature, but is in line with recent experimental findings reported by Kuhn 

and Villeval (2015). Analyzing individuals and teams at work, these authors conclude that women 

are generally more proficient in cooperation, and teams created by women work better together, 

obtaining higher performances. In terms of technical efficiency, our results substantially confirm, 

on the field, their main findings: networks of firms characterized by an active role of women 

perform better (10% better on average) than more traditional, male-dominated networks.  

5.3 Female friendly networks and firm performance  

In this section, we further explore the interplay between female leadership roles and networking, by 

exploiting detailed information on the firms participating to the various network agreements. We 

are able to identify three categories of networks. First, we isolate networks composed by firms 

where female do not participate to the firm’s pivotal decisions, i.e. where top leaders are only male. 

There are 949 firms in such “male-only” networks. Second, we identify networks in an intermediate 

situation, where there is a certain degree of female participation in the decision making, i.e. where 

less than half of network members have at least 1 woman among top leaders. Within this category, 

we found 708 firms, who are identified through the dummy Mixed female networks. Third, in 

female-friendly networks more than half of the participating firms exhibit at least one female 

decision maker. There are 288 firms in this category, which are identified with the dummy 

“Female-friendly networks”.  

The estimated reported in Table 5, column (1), confirm our previous findings that female 

participation per se has a negative effect on efficiency, while the positive effect of networking on 

efficiency disappears, as in our baseline model 4 of Table 4. The two dummies “Mixed female 

networks” and “Female-friendly networks” are negatively signed but only the latter is statistically 

significant. This suggests that the positive effect of networking on performance is stronger 

whenever the participation of women in leadership roles is pervasive within the network, i.e. where 

the majority of members has at least one woman among their top decision makers. It is interesting 
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to notice that this effect is similar in magnitude to the coefficient on the interaction-term in our 

reference model 4, Table 4. 

In the rest of this section, we provide additional results that connect our paper to the literature 

studying how female participation in top roles interacts with the more general gender composition 

of a firm’s workforce (Flabbi et al., 2014). To do so, we run separate regressions for two 

subsamples created according to the female share among employees at two-digit industry level. The 

first group collects firms operating in “male intensive” sectors, i.e. where the share of female 

employees is below the average for the manufacturing sector8, while the second group collects firms 

operating in “female intensive” sectors, i.e. where the total share of female employees is above the 

average. These regressions are reported in columns 2 and 3 of Table 5. For what concerns firms 

operating in male intensive sectors, the negative effect on efficiency of female representation is 

confirmed, and the estimated coefficient is larger than for the full sample. With a statistically 

coefficient of 0.052, the negative effects of female leaders on a firm’s efficiency score appear to be 

stronger than in the case of female-oriented environments, where the coefficient is only 0.022 and is 

not statistically significant. This seems in line with the evidence in Lucifora and Vigani (2016), who 

document, for the Italian context, the possibility of organizational, coordination and communication 

frictions in firms where women bosses are surrounded by male subordinates. Moreover, in male 

intensive contexts, networks among female-lead firms have significantly higher technical 

performances, as shown by the estimated coefficients of the dummy “Female*Network”. The 

estimated coefficient is larger, in absolute value, than the value for the full sample reported in Table 

4 (-0.261 against -0.235), confirming that networking can be an effective means for female leaders 

to increase their impact on a firm’s performance, especially in male-intensive environments where a 

female leader’s job might be more challenging. On the contrary, in female intensive sectors, the 

effect of network agreements among female-leading firms is lower (-0.155) than for the full sample. 

                                                           
8 We use information at two-digit Nace level from the RIL (ISFOL) for computing the average female share on total 

employees. On this base, we divide sectors according to the degree of female participation to job market, identifying 

sectors where female participation is above or below the average of entire manufacturing. Then, we divide firms 

according to their sector of activity among those operating in female intensive sectors or not.  
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However, within these sectors, the negative effect from female participation in the top positions 

halves and becomes statistically insignificant. This evidence suggests that female leaders per se are 

not necessarily detrimental to performance; the detrimental effects seem to emerge mostly in 

combination with some industry specificities, such as those related to a higher male intensity in the 

workforce. In fact, our results support the idea that, with reference to the full sample of 

manufacturing firms, mainly operating in male oriented sectors, the “rare” female top leaders 

participate to decisions into relatively “hostile” environments. On the contrary, when considering 

more “familiar” (to women) environments, i.e. characterized by a strong presence of female 

workers, the negative effects of female leaders on firm performance disappear (in line with the 

results of Flabbi et al., 2014). Relatedly, in these same environments, the benefit to engage into 

networking activities decreases.   

5.4 High-tech and digital industries 

Many authors report different efficiency effects of female representation into firms’ decisions, 

according to key context characteristics, with a particular interest on the mediating role played by 

innovative industries or firms. In particular, the results in Dezso and Ross (2012) and in 

Christiansen et al. (2016) show that the effects of female participation on firm performance is 

stronger when innovation is a key competitive factor, arguing that females’ “different visions” are 

particularly valuable in these environments. To provide a contribution to this literature, in this 

section we investigate the differential impact that female managers have in environments 

characterized by different degrees of innovation and, in particular, with different levels of 

digitalization. To do so, we simply divide our sample according to different intensities of our 

aspects of interest, and we run separate truncated regressions on each subsamples. Table 6 reports 

four columns of results, two relative to high-tech and low-tech sectors (using the classification 

proposed by Christiansen et al., 2016) and two relative to digital and non-digital industries (using 

the classification recently proposed by Calvino et al., 2018). Table 6, models 1, shows that, while in 

the subsample of firms operating in traditional sectors the results substantially confirm signs and 



23 

magnitudes of the coefficients estimated in our baseline model (Table 4, column 4), for high-tech 

firms the negative efficiency effect of female leaders is not statistically significant. The coefficient 

of the interaction term Female*Network increases in terms of magnitude by 20% (from 0.235 to 

0.286) and confirms its positive effect on technical efficiency. Interestingly, a similar result applies 

for digital intensive sectors, where the negative effect of female leaders disappears. Albeit we stress 

once more the suggestive-only nature of this preliminary exploration, the results indicate that, in 

contexts in which soft skills and the ability to work in teams are key capabilities,9 female senior 

roles are not detrimental for performance, and that networking and female leadership are a good 

combination for improving firm efficiency. Clearly, future research should continue to investigate 

the mediating role of digitization and technological advances in the firm-wide returns to female 

leadership and networking activities.   

5.5 Controlling for the probability of networking and of having female leaders 

The probability of entering a network agreement as well as of having a woman in leadership roles 

might depend on specific firms’ present or past (observed or unobserved) characteristics, an issue 

that may introduce potential biases in the estimated effects. We try to partially mitigate this problem 

by applying a propensity score based approach, proposed by Card and De La Rica (2006) on the 

base of the theoretical framework proposed by Imbens (2004). This approach requires estimating a 

first-stage model for the presence of network agreements as well as for the presence of female 

leaders preliminarily, using past observation of firms characteristics, relative to 2014 in our case. 

Therefore, a polynomial in the fitted probability (i.e., the propensity score for each firm) is included 

among the regressors in the truncated regression used to explain performances. This procedure 

allows to control in a flexible and parsimonious way for past observed and unobserved 

characteristics, which can influence the adoption of network agreements and the presence of female 

leaders. 

                                                           
9 Note that high-tech sectors and digital intensive industries only partially overlap. For example, wood, paper, printing 

and furniture are traditional low-tech sectors characterized by a medium-high digital intensity. Vice versa, chemicals 

and pharmaceuticals are R&D intensive sectors that exhibit a medium-low degree of digital intensity. 
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Accordingly, we report the results from the inclusion of fitted probability, its squared and cubed 

terms among the explanatory variables in our usual baseline regression (Table 4, model 4). The 

results, reported in Table 7, somewhat confirm the robustness of our main findings on the negative 

effect from female representation and on the positive impact of female-leaded firms participating to 

networks. In comparison to our reference model (Table 4, Model 4), the estimated coefficient for 

networking is smaller, even if it remains non-significant, while the coefficient for Female*Network 

drops in value by 8.5%, a reduction in line with what reported by Card and De La Rica (2006) for 

their application. The other coefficients remain substantially stable, as is the case for the dummy 

indicating the female representation. 

A similar procedure has also been applied for the presence of at least one female top leader, with 

the same approach and covariates used above. Also in this case, the results reported in column 2 

show that the inclusion of fitted probability terms reduces the estimated coefficients for the 

variables of interest and for the interaction with networking, but the main messages remain broadly 

unchanged.  

 

6. Conclusion 

Despite a recent, prolific and heated debate on the effects of wider female participation to firms’ 

high-level managerial decisions, something that is undoubtedly desirable from a social point of 

view, empirical results on the effects of this participation on a firm’s economic and financial 

performance are rather inconclusive. A separate debate has emerged in recent years on the actual 

role of another key contributing factor to a firm’s performance, i.e. its engagement in firm 

networking activities. Even though the available empirical literature has produced a relatively 

stronger case for the alleged positive effects of networking, particularly for the performance of 

SMEs, here too there remain substantial uncertainties on the real magnitude of the estimated effects. 

We have contributed to both debates by offering fresh empirical evidence based on a large-scale 

empirical analysis of manufacturing firms operating in Italy and on econometric tools from Data 
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Envelope Analysis. We also add to the existing literatures by offering a first exploration of the way 

the two phenomena - female participation in leadership positions and a firm’s engagement in 

networking activities with other firms - might interact with one another, producing new insights on 

the determinants of a firm’s success in diverse economic environments.  

Our findings suggest that, in general, DEA technical efficiency scores are negatively affected by a 

stronger presence of females among top leaders, while an opposite effect emerges in the presence of 

network agreements with other firms. The analysis also pointed out the existence of crucial 

interaction effects. Firstly, female representation within firms participating to formal network 

agreements turns to be strongly positive for firms’ performance, hinting at a superior capacity of 

women to cooperate and to support successful teams, two aspects emerging from the field 

experiments conducted by Khun and Villevard (2015). Secondly, the presence of women in senior 

roles is no longer negative for a firm’s efficiency when we focus on subsamples of firms operating 

in female intensive sectors, i.e. sectors where the share of females over the total number of 

employees is above average. This result suggests that females are not detrimental of performances 

“per se”. Rather, they may encounter specific difficulties in organizational task, more often than 

their male counterparts, in the typical “male-dominated” environment of the manufacturing 

industry. Also, in line with the results reported by Flabbi et al. (2014), the presence of female 

leaders interacts positively with the share of female workers, with the annulment of the negative 

effect registered for the whole sample. Thirdly, within innovative or digital intensive sectors, the 

negative effect of female leaders disappears and the role of networks created among firms with 

females in senior roles increases, confirming how the negative effect of women leaders is specific 

for traditional and less dynamic environments.  

Overall, we believe these results may contribute to the important debate on female participation to 

the economy. For instance, our results suggest that stimulating the presence of female in top roles 

might be detrimental for performance only if the overall female participation to the workforce does 

not increase accordingly. Indeed, increasing the presence of female leaders in male intensive sectors 
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might create potential discriminatory behaviors and organizational frictions limiting firms’ 

performances in the short and long term, if this is not accompanied by broader stimuli aimed at 

increasing more generally the participation of women to all sectors in the economy. It is important, 

however, to highlight some potential limits of our work. First, our analysis focuses on the 

manufacturing sector, where, traditionally, women are under-represented both in leading positions 

and as employees. Second, we focus on a specific measure of performance, based on the DEA 

efficiency scores. Fruitful areas for future research may be found in the empirical analysis of the 

combined effects of female leaders and firm networking on a broader set of firm-level measures of 

economic and financial performance.  
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Tables 

 

 

 

Table 1. Networking activities and female leadership positions 

 

  

Networking activities 

(end of 2015) 

 

  

No Yes Total 

Female top 

leaders 

No 65,939 1,593 67,532 

Yes 16,578 352 16,930 

 

Total 82,517 1,945 84,462 

 

 

 

 

 

Table 2. Technical (in) efficiency scores 

 

NACE codes Mean 

Standard 

Deviation 

99th 

Percentile 

Number of 

firms 

Food and beverage 2.896 1.158 6.654 7,433 

Textiles, clothing and leather 2.243 0.703 4.687 9,337 

Wood 1.675 0.479 3.261 2,608 

Paper products 1.566 0.310 2.434 1,457 

Printing 1.984 0.378 2.923 2,644 

Chemicals and pharmaceutics 2.359 0.797 4.792 2,847 

Plastic and rubber 2.706 1.123 6.376 4,045 

Minerals products 3.390 1.437 7.421 3,971 

Metal products 2.474 0.742 4.522 19,043 

Electronic equipment 2.249 0.722 4.559 5,854 

Machinery 2.526 0.717 4.592 9,868 

Vehicles 6.658 3.838 14.786 1,613 

Furniture 1.762 0.548 3.447 3,175 

Other manufacturing industries 2.599 1.070 5.741 2,690 

Maintenance services 2.197 0.850 5.399 3,650 

Electricity production 3.405 1.694 9.642 4,227 

Total 2.563 1.261 7.781 84,462 
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Table 3. Effect of networking on technical efficiency scores and on labor productivity 

 

Dependent Variable: DEA inefficiency scores bias corrected  

 

Revenues over labor cost  

  (1) (2)   (3) 

VARIABLES (Truncated regression) 

 

(OLS) 

          

Networking -0.0846** -0.0771* 

 

0.503* 

 

(-0.165 - -0.00364) (-0.157 - 0.00320) 

 

(-0.474 - 1.480) 

Size -0.592*** -0.588*** 

 

-2.060*** 

 

(-0.612 - -0.573) (-0.608 - -0.568) 

 

(-2.189 - -1.931) 

Age -0.000624 -0.000408 

 

-0.0146*** 

 

(-0.00152 - 0.000269) (-0.00132 - 0.000508) 

 

(-0.0250 - -0.00418) 

Vertical disintegration -1.957*** -2.013*** 

 

32.91*** 

 

(-2.052 - -1.861) (-2.114 - -1.912) 

 

(32.00 - 33.82) 

Macro-area fixed effects Yes No 

 

No 

Regional fixed effects No Yes 

 

Yes 

Industrial fixed effects Yes Yes 

 

Yes 

Constant 5.813*** 5.732*** 

 

-7.673*** 

 

(5.711 - 5.914) (5.618 - 5.845) 

 

(-12.05 - -3.298) 

Sigma 1.308*** 1.279*** 

 

--- 

 

(1.273 - 1.343) (1.242 - 1.315) 

 

--- 

Observations 84,462 84,462 

 

84,462 

Chi-square 5208 4760 

 

R-squared  

Log-Likelihood -111520 -100146    0.090 

Notes: Robust confidence intervals in parentheses; *** p<0.01, ** p<0.05, * p<0.1 
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Table 4. The impact of female representation in leading positions and of networking on 

efficiency 

  Dependent Variable: DEA Inefficiency scores bias corrected using homogeneous bootstrap 

VARIABLES (1) (2) (3) (4) 

Female_top_dummy 0.0342** 0.0341** --- 0.0417*** 

 

(0.00483 - 0.0636) (0.00476 - 0.0635) 

 

(0.0115 - 0.0719) 

Female_top_share --- --- 0.0303* --- 

   

(-0.00269 - 0.0632) 

 Networking --- -0.0768* -0.0898** -0.0312 

  

(-0.157 - 0.00356) (-0.169 - -0.0107) (-0.122 - 0.0599) 

Female*Networking --- --- --- -0.235*** 

    

(-0.388 - -0.0824) 

Top Leader N --- --- -0.0124 -0.0152 

   

(-0.0393 - 0.0145) (-0.0422 - 0.0117) 

Size -0.589*** -0.588*** -0.586*** -0.587*** 

 

(-0.609 - -0.569) (-0.608 - -0.568) (-0.606 - -0.566) (-0.608 - -0.567) 

Age -0.000387 -0.000383 -0.000330 -0.000352 

 

(-0.0013 - 0.00053) (-0.0013 - 0.00053) (-0.00125 - 0.00059) (-0.00127 - 0.00056) 

Vertical disintegration -2.008*** -2.008*** -2.004*** -2.006*** 

 

(-2.110 - -1.907) (-2.109 - -1.907) (-2.105 - -1.903) (-2.107 - -1.904) 

Regional fixed effects Yes Yes Yes Yes 

Industrial fixed effects Yes Yes Yes Yes 

Constant 5.723*** 5.722*** 5.736*** 5.736*** 

 

(5.609 - 5.837) (5.608 - 5.835) (5.618 - 5.853) (5.619 - 5.853) 

Sigma 1.279*** 1.279*** 1.276*** 1.278*** 

 

(1.242 - 1.315) (1.242 - 1.315) (1.240 - 1.312) (1.242 - 1.315) 

Observations 84,462 84,462 84,462 84,462 

Chi-square 4766 4765 4760 4768 

Log-Likelihood -100145 -100144 -99571 -100141 

Notes: Robust confidence intervals in parentheses; *** p<0.01, ** p<0.05, * p<0.1 
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Table 5. The impact of female leadership and networking:  

Female-friendly networks and female intensive sectors 

  (1)   (2) (3) 

VARIABLES Full sample 

 

Low female 

employment 

High female 

employment 

          

Female_top_dummy 0.0392** 

 

0.0523** 0.0219 

 

(0.00918 - 0.0692) 

 

(0.0118 - 0.0928) (-0.0155 - 0.0593) 

Networking -0.0333 

 

-0.00835 -0.0809 

 

(-0.150 - 0.0838) 

 

(-0.129 - 0.112) (-0.185 - 0.0235) 

Mixed female networks -0.0323 

 

--- --- 

 

(-0.206 - 0.141) 

   Female friendly networks -0.209* 

 

--- --- 

 

(-0.437 - 0.0192) 

   Female*Networking --- 

 

-0.261** -0.155* 

   

(-0.479 - -0.0435) (-0.317 - 0.00708) 

Top Leader N -0.0154 

 

-0.0122 -0.0173 

 

(-0.0423 - 0.0116) 

 

(-0.0484 - 0.0239) (-0.0473 - 0.0127) 

Size -0.587*** 

 

-0.642*** -0.432*** 

 

(-0.608 - -0.567) 

 

(-0.667 - -0.617) (-0.461 - -0.402) 

Age -0.000359 

 

-0.000242 -0.000487 

 

(-0.00127 - 0.000557) 

 

(-0.00147 - 0.000982) (-0.00169 - 0.000715) 

Vertical disintegration -2.006*** 

 

-2.239*** -1.363*** 

 

(-2.108 - -1.905) 

 

(-2.370 - -2.107) (-1.495 - -1.230) 

Regional dummies Yes 

 

Yes Yes 

Industrial dummies Yes 

 

Yes Yes 

Constant 5.737*** 

 

5.914*** 4.329*** 

 

(5.620 - 5.854) 

 

(5.774 - 6.055) (4.182 - 4.476) 

Sigma 1.278*** 

 

1.383*** 0.956*** 

 

(1.242 - 1.315) 

 

(1.338 - 1.428) (0.905 - 1.007) 

Observations 84,462 

 

62,922 21,540 

Chi-square 4766 

 

3685 1417 

Log-Likelihood -100142   -76070 -23334 

Notes: Robust confidence intervals in parentheses; *** p<0.01, ** p<0.05, * p<0.1 
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Table 6. Breakdown by industry innovation intensity and digitalization level 

 Dependent Variable: DEA Inefficiency scores bias corrected using homogeneous bootstrap 

  (1) (2)   (3) (4) 

VARIABLES High-tech Low-tech 

 

Digital Not digital 

            

Female_top_dummy 0.0257 0.0505*** 

 

0.0287 0.0708*** 

 

(-0.0246 - 0.0759) (0.0143 - 0.0867) 

 

(-0.00904 - 0.0664) (0.0214 - 0.120) 

Networking -0.0377 -0.0560 

 

-0.0177 -0.102 

 

(-0.190 - 0.115) (-0.148 - 0.0361) 

 

(-0.132 - 0.0969) (-0.234 - 0.0314) 

Female*Networking -0.286** -0.201** 

 

-0.244** -0.215* 

 

(-0.561 - -0.0116) (-0.370 - -0.0330) 

 

(-0.433 - -0.0542) (-0.467 - 0.0369) 

Top Leader N -0.00582 -0.0274** 

 

0.00294 -0.0473** 

 

(-0.0523 - 0.0407) (-0.0547 - -0.000086) 

 

(-0.0325 - 0.0384) (-0.0840 - -0.0106) 

Size -0.485*** -0.664*** 

 

-0.503*** -0.714*** 

 

(-0.513 - -0.456) (-0.692 - -0.637) 

 

(-0.527 - -0.479) (-0.749 - -0.679) 

Age -0.00161* 0.000577 

 

-0.00167*** 0.00182** 

 

(-0.00323 - 0.000022) (-0.000453 - 0.00161) 

 

(-0.0028 - -0.00049) (0.000390 - 0.00324) 

Vertical disintegration -2.071*** -1.904*** 

 

-1.804*** -2.293*** 

 

(-2.235 - -1.907) (-2.029 - -1.779) 

 

(-1.930 - -1.678) (-2.462 - -2.124) 

Regional fixed effects Yes Yes 

 

Yes Yes 

Industrial fixed effects Yes Yes 

 

Yes Yes 

Constant 4.476*** 5.869*** 

 

9.184*** 6.196*** 

 

(4.313 - 4.639) (5.726 - 6.012) 

 

(8.930 - 9.439) (6.014 - 6.379) 

Sigma 1.399*** 1.152*** 

 

1.281*** 1.255*** 

  (1.337 - 1.461) (1.111 - 1.192)   (1.233 - 1.330) (1.204 - 1.307) 

Observations 40,414 44,048 

 

51,502 32,960 

Chi-square 2164 2967 

 

2887 2055 

Log Lik -51572 -47921   -64223 -35659 
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Table 7. Propensity score in the Simar-Wilson truncated regression 

  

p-score on 

Networking 

p-score on Female 

leadership 

VARIABLES (1) (2) 

      

Female_top_dummy 0.0429*** 0.0359** 

 

(0.0131 - 0.0728) (0.00623 - 0.0656) 

Networking -0.0174 -0.00855 

 

(-0.106 - 0.0710) (-0.0978 - 0.0807) 

Female*Networking -0.213*** -0.214*** 

 

(-0.362 - -0.0637) (-0.363 - -0.0650) 

Propensity score -2.751 26.21*** 

 

(-51.72 - 46.22) (16.36 - 36.05) 

Propensity score squared 42.09 -24.00*** 

 

(-595.5 - 679.7) (-38.11 - -9.894) 

Propensity score cubed  32.82 --- 

 

(-3,216 - 3,282) 

 Controls as in Table 4 Yes Yes 

Regional dummies Yes Yes 

Industrial dummies Yes Yes 

Constant 5.752*** 2.123*** 

 

(5.043 - 6.461) (0.848 - 3.398) 

Sigma 1.236*** 1.232*** 

 

(1.200 - 1.273) (1.196 - 1.268) 

Observations 80,255 80,345 

Chi-square 4788 4680 

Log-Likelihood -93623 -93536 

Notes: Robust confidence intervals in parentheses; *** p<0.01, ** p<0.05, * 

p<0.1. Even if not reported, we include the same controls from Table 4, but 

lagged one year more and referred to 2014. The two-year lag explains the 

difference in the number of observations. 
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Appendix A 

The Italian network contract 

The Italian legislation introduced with Law Decree 5/2009 (converted into Law 33/2009) the 

“contratto di rete” (network contract). It allows different companies to “cooperate in order to 

increase, either individually and collectively their innovative capabilities and competitiveness in the 

market”. The ambition of this legal instrument is to enhance the growth of SMEs.  For these 

purposes, firms mutually agree to collaborate in predetermined forms and contexts on the base of a 

shared framework program regarding the management of their own companies, exchange industrial, 

commercial, technical or technological information or services, or perform jointly one or more 

activities that are part of each company’s corporate goals. 

The flexible normative background is intentionally weak in terms of binding constraints. The only 

requirements rely on the definition of the strategic goals aimed to improve innovation capacity and 

market competitiveness, on the identification of activities and investments needed for the 

implementation of the strategic goals, and on the specification of rights and duties for each 

participant. Aspects, such as entry and exit rules, as well conditions for network resolution are 

determined by the parties and the ownership of assets, rights and obligations is respectively legally 

attributable to each single company. Further governance aspects of the business network agreement 

rely on the optional creation of a common fund and of a common body in charge of the 

management of the network. Legal subjectivity and resulting limited liability is elective only when 

the network provides for the creation of a common capital fund and establishes a separate legal 

entity. 

As compared to other forms of networking, such as informal networks (other firms in the industry, 

family and friends) and weak formal networks (industry associations, business consultants or 

banks), the Italian network contract is an example of a strong and formal network, where clear 

objectives are stated and adhesion of members is explicit and based on the voluntary act of signing 

an agreement. 




