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Abstract
In this contribution, we examine the relationship between the presence of women in 
companies’ Boards and innovation communication claims: we propose a framework 
to quantitatively assess the presence of women and the online articulation of innova-
tion, in order to understand whether some correlations hold between these two vari-
ables. We also introduce a neural network approach to predict the innovation metric 
that uses, amongst the predictors, the gender component, and we compare it with 
a linear regression analysis. Results indicate that neural networks may be used to 
predict the articulation of innovation by using a predictor set that includes the gen-
der component of the Board of Directors, and also that the use of the gender metric 
improves previous predictions about the articulation of innovation model’s output.
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Introduction

Innovation in corporate organizations represents a driver of competitiveness and 
productivity growth, which in turn have a positive impact on both firms’ value 
and reputation. In the last decades, we have witnessed fundamental changes in the 
innovators’ workplaces, that had a significant influence on both the business col-
laboration practices and the management of (bulky) information [83, 99, 104]. On 
one side, the figure of the innovator is changing, and though innovation has been 
perceived for years in a predominantly masculine context, a strong evidence of 
gender differences in the decision-making process which impact firms’ innovation 
strategies has been reported in literature [30]. On the other side, the increasing 
intensive use of web-based technologies is changing the way firms communicate 
all the activities related to their business mission and objectives. The interde-
pendence of these activities has opened debates about who actually drives the 
innovation process, and the effect of the people driving innovation on how the 
innovation is articulated and communicated to potential stakeholders.

In this context, it is important to understand whether the diversity of people 
behind innovation is an asset for companies, and whether this asset has an impact 
on the ways creativity and innovation are communicated. This task is difficult 
since, as we shall see in what follows, it is difficult to assess the human aspect 
of firm’s contribution to innovation, probably due to the invisibility of people in 
innovation.

In our paper, we want to study whether the gender composition of the corpo-
rate Boards of Directors could be related to how the information about innovation 
is articulated on the company’s website, and to how it is communicated to poten-
tial customers and other stakeholders. Corporate boards are becoming increasingly 
engaged with their company’s innovation journey and can provide important over-
sight and support along the way [12, 88, 103]. Our research design presupposes a 
relation between corporate website content and board’s innovation strategy. Such 
presupposition does not assume a fine-grained control of the board on the content 
of company websites. We do however assume that the communication practices and 
the content of company websites are aligned with the key messages and decisions of 
the board with respect to the corporate innovation strategy.

This paper is thus an attempt to address the ongoing debate about the relation-
ship between leadership and innovation, by examining:

•	 whether the presence of women as part of the leadership of complex organiza-
tions may have an influence on the communication of innovation-related top-
ics;

•	 the extent to which human attributes (in our case, the gender attribute) may be 
used to derive useful information about company innovation communication 
practices.

Following the ideas of [107], we want to quantify the ability of businesses to 
articulate and communicate the innovative aspects of their products, services and 
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processes opportunities. Any innovation assessment procedure should be devised 
w.r.t. the type of innovation that one wants to take into account. In our study, 
we focus on the products, processes and services innovation. Such focus allows 
us to relate our results to previous studies that have investigated the relationship 
between the Board’s gender diversity and product innovation [84]. In particular, 
gender diversity may lead to a broader range of ideas, which could trigger innova-
tion, since more diverse ideas, in their number and in their diversity, may increase 
the likelihood to introduce new products or new services by the company [78, 
89]. Although gender aspects have been already studied w.r.t. product innovation, 
results are still far from being unique: for example, [46] bring evidence of sig-
nificant associations between Board diversity and product innovation, also stat-
ing that in some cases gender diversity revealed a negative impact on product 
innovation. In our contribution, we will go beyond traditional products innovation 
metrics by focusing on the companies’ degree of articulation of the innovative 
aspects of their new products, processes and services.

After addressing the gender-aspects of innovation, we aim to use these insights 
to help modeling the extent to which businesses articulate the innovativeness 
of their products and services, based on the straightforward assumption that a 
company’s online communication practices have a potential impact on custom-
ers and other stakeholders perceptions of its innovativeness, sustainability, and 
commitment [21, 26]. Starting from the consideration by [66], that stresses out 
the importance of considering how innovativeness is perceived as a whole, we 
implement a metric that measures the extent to which a company articulates the 
innovativeness of its products, processes and services. This metric (referred to 
as articulation of innovation) measures the frequency of use of keywords associ-
ated to innovation, and it is related to company’s communication practices, based 
on its claims about the innovative aspects of its products, processes or services. 
In order to determine the values of this metric, we have used a web search tool 
that measures the frequency of a preliminary designed regular expression on the 
websites of firms from specific business sectors. Please notice that this procedure 
has been devised by [105], in a contribution aimed to express the articulation of 
innovation by using different types of co-creation activities as predictors [36, 37]. 
In our work, we want to extend these approaches, by adding the gender metrics in 
the predictors set.

In a nutshell, in our paper, we aim:

•	 To examine the relation between the articulation of innovation and the pres-
ence of women in companies’ Boards of Directors. To this end, we will per-
form a correlation analysis between the gender metric and the articulation of 
innovation, and we will interpret the results to test the hypothesis that the spe-
cific expertise and knowledge brought by women could be as associated with 
a broader range of online claims about the innovativeness of company’s pro-
duces and services and, thus, with a better articulation of firm’s innovative-
ness [69].

•	 To predict the articulation of innovation by adding the gender component to the 
predictors set.
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Since some authors state that female Board representation is positively associated 
with performance only with respect to firms for which innovation and creativity play 
a particularly important role [27], the purpose of our exploration is to understand 
whether there is a difference between the relationship between gender and articula-
tion of innovation, and between innovation-driven and more traditional businesses: 
we investigate firms for which innovation and creativity play a particularly impor-
tant role to determine whether there is a correlation between gender and innova-
tion articulation; then, we compare our findings to firms that are representative of 
a whole economy. This will provide (or not) evidence to confirm that female Board 
representation is positively associated with innovation performances and that is 
tightly intertwined with the most innovative and creative firms.

Our paper is organized as follows: “Motivation” illustrates the motivations that 
led to the present work; “Co-creation, gender aspects and innovation” outlines the 
ongoing trends of the innovation and gender related literature; “Our data” describes 
the data we have used in our experiments; “Correlation analysis” performs a first 
correlation analysis of the variables taken into account. Then, our Neural Network 
approach is outlined in “Neural network approach”, and is compared to a linear 
regression approach in “Comparison with linear regression”, before concluding and 
outlining future directions of research in “Conclusions and future works”.

Motivation

The motivation for our study is twofold. First, the relationship between the gender 
composition of the Board of Directors and the degree of articulation of the innova-
tive aspects of companies’ new products and services has not been studied in detail 
before: there are no previous studies that have suggested a specific tool and model 
that could be used to examine the practical aspects of companies’ online commu-
nications, and in this sense, our study addresses a gap in the existing innovation 
management literature. Second, there is not any preliminary assumption about the 
nature of the above relationship, and this lack of preliminary knowledge justifies the 
adoption of a generic approach like neural networks in parallel to traditional linear 
regression methods, which pre-assumes a simple linear relationship. In this sense, 
a key feature of our study consists in the generic nature of the exploration of the 
relationship between gender and the articulation of innovation: we will show that 
the neural network approach appears to be better at detecting the potential role of 
gender on the articulation of innovation on companies’ websites, when used jointly 
with other indicators. We want to stress out that the only contribution to this regard 
has been made by [35], that concluded that “it is not possible to detect a univer-
sal relationship between innovation perception and gender diversity on the Board of 
Directors, since traditional business show a low magnitude of such correlation and, 
conversely, an higher positive relationship is found on businesses that are referred to 
as innovative”: in both cases, [35] has found an increasing relationships between the 
two aggregates over time (data have been collected over the years 2013 and 2019), 
and in the current contribution, we will check whether this trend is confirmed over 
new observations.
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The novelty of the study is the focus on the relationship between the presence 
of women in the Boards of Directors and the articulation of innovation on compa-
nies websites: to the best of our knowledge this relationship has not been studied in-
depth so far, and the results of our study are expected to provide preliminary insights 
that could potentially inform and support executive management decisions related to 
the online communication practices of their companies, as well as to explore ways of 
enhancing them by ensuring a stronger engagement with the female representatives 
of their Boards of Directors. More importantly, the study provides a basis for future 
studies that could address the above relation in more explicit ways. Furthermore, 
our analysis can be used by policy makers interested in the relation between inno-
vation management, the communication of companies’ innovativeness and gender 
balance. Accordingly, we can assess the potential impact of gender balance on firms 
performance and innovation management: our data are important for understand-
ing whether gender policies (promoted by the country in which the firm is based) 
are successfully implemented, as well as for comparing gender policies promoted 
in the different countries, in order to set up an experimental comparison over time 
and across different countries. In the second part of our work, we perform a com-
putational prediction task in order to assess whether gender aspects may be useful 
to predict the online articulation of innovation by businesses coming from different 
sectors.

Our work falls within the strand of recent research highlighting the impact of gen-
der on corporate innovation [47, 115, 117]. However, our approach differ in several 
respects, mainly in the way we measure the innovativeness of a business. Instead of 
using traditional measures, such as patent counts and patent citations (which capture 
only a partial aspect of corporate innovation), we go beyond by using the value co-
creation dimension as a result of all those practises which challenge the traditional 
ways of innovation management [38, 105].

Gender quotas regulations for company boards is nowadays widely debated and, 
although their implementation has contributed to boost the promotion of gender 
diversity policy in today’s labor market, they represent a very controversial subject. 
While the political arguments for gender quotas are intrinsically motivated by prin-
ciples of fairness and equality, this paper, by examining to what extent gender diver-
sity at the board level affects innovation, looks more in-depth as it discloses relevant 
policy guidelines and practical implications.

Co‑creation, gender aspects and innovation

In this section, we are providing a literature review about the main concepts upon 
which our study is based: co-creation and gender, and their implications in the inno-
vation debate. As stated in “Introduction”, there are some contributions that assess 
the relationship between co-creation and articulation of innovation, and we want to 
understand whether the gender component can be used to improve this assessment 
task.

Value co-creation is becoming more and more important in marketing and 
innovation: it can be defined as a marketing paradigm able to satisfy the needs of 
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heterogeneous groups of customers [109], through the involvement of end users and 
other stakeholders in the creation of the final product or service [90]: it fosters a 
transformation of the customer role, that becomes an active participant in the crea-
tion of its value [95]. In this paradigm, the business and the customer build a dia-
logue that should be interpreted as a process of co-learning to achieve a shared goal 
for both parties [13]. For this reason, the involvement of customers in the design 
of the product or service has to be seen as an interactive process, often undertaken 
unconsciously by the customer [64, 90]. Customers’ preferences are fundamental 
elements which shape the value co-creation process [108]: in order to satisfy these 
preferences, the business has to provide its customers with information, knowledge, 
skills and resources to be used during the processes; in addition, the business must 
be able to influence the value co-creation process in order to enable customers to 
make the most efficient use of the resources [87].

Due to the advancement in Information and Communication Technology (ICT), 
more and more efficient technological tools allow individuals to receive news and 
information in real time and at a global level. As a consequence, people become 
more and more aware of their needs to be satisfied by a product or a service [38]. 
Furthermore, it should be noted that the interaction between the business and the 
customer during the value co-creation process can be guaranteed by a channel of 
communication between them, and this channel often consists of an online platform 
[101]. The development of new technologies has improved the efficiency of these 
online platforms, making the collaboration between businesses and customers easier 
and faster.

In this contribution, we adopt the definition of co-creation introduced by [36–39] 
in which co-creation has been identified as a single concept. Please notice that in 
some contributions [44, 97] the concept of co-creation has been partitioned into 
value co-creation and co-production, in which the former refers to the customer’s 
involvement in the phase of use and consumption of the product or service, and the 
latter refers to the involvement in the phase of design and production.

The adoption of value co-creation practices leads to benefits for both the customer 
and the supplier: with regards to customers, they can get the product or service that 
actually meets their preferences [116], and they feel actively involved in the produc-
tion process and this stimulates trust and loyalty towards the supplier [90]; from a 
supplier’s perspective, value co-creation clearly highlights customer preferences and 
provides the opportunity to create the products and services able to meet their inter-
ests [109]. In addition, this learning may lead to create new products (and services), 
leading the business to gain a competitive advantage and a greater degree of innova-
tion [116]. In this regard, it has been stated by several authors [65, 82, 94] that the 
involvement of customers in value co-creation activities has a positive influence on 
the results of innovation; in particular, this activity is able to reduce innovation costs 
and time-to-market, and to increase the quality of the new product or service and the 
business’ development skills. For this reason, the development of new platforms that 
allow collaboration in the creation of value is considered more important and it is 
placed among the fundamental pillars of a business strategic plan [82, 96].

Given the increasing importance of co-creation activities [109] and that a 
possible positive relationship between the concepts of value co-creation and 
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innovation has been found [36–39], one of the main purposes of this study is to 
investigate this relationship and contribute to its prediction and assessment.

Over the last decades, the innovation debate paid more and more attention to 
the gender aspect, especially to its relations to top management [52]: leading aca-
demics and policy makers have started to investigate the diverse implications of 
the presence of women in (and more generally, the gender diversity of) corporate 
Board of Directors [72]. According to [32], the presence of women in the Board 
of Directors is apt to diversify perspectives, experiences, working styles, knowl-
edge, and expertise with respect to their male counterpart [51, 56], motivating 
an increasing attention towards the role of women, especially in innovative (and 
creative) businesses [27, 76].

While the sex of a person is a feature defined by biology, gender is something 
that refers to a social construction: it is a cultural aspect [70] and it is assimi-
lated through the interaction with other people. Therefore, individuals learn how 
to behave according to their gender, and they also learn the attitudes to avoid in 
order not to be inappropriate [114]. As a consequence, there is a high probability 
that people expect women to behave according to their “femininity”, while men 
according to their “masculinity” [112]. Therefore, there are stereotypes of the 
role attributed to both genders [43] and these can be classified as 1) descriptive 
gender stereotypes, that refer to what a man or woman is like, and 2) prescriptive 
gender stereotypes, that refer to the socially required behavior of woman and a 
man. The elements just described can shape the behavior of individuals and have 
an influence on their decisions: men and women are partly influenced by what is 
normal to do for the society according to “masculinity” or “femininity”. With this 
regard, a relevant example is given by the segregation of the labor market, i.e., 
the lack of males or females in a certain sector or profession [3].

The behavior of individuals is also affected by the context in which they find 
themselves because some contexts seem to require specific attitudes and roles. 
The reaction of people who find themselves in this circumstance is usually to 
adapt themselves to the context and behave as it requires, assuming traits that 
recall masculinity or femininity [24]. A relevant context in which individuals’ 
behavior is influenced by the context itself is represented by the entrepreneurial 
world: from a psychological and competence point of view, it requires leader-
ship skills [80, 118], which are often identified in typical masculine traits such as 
aggressiveness, risk-taking and autonomy [4]. On the contrary, femininity seems 
to be attributed to a warm, calm and communal attitude and therefore, if a woman 
intends to undertake an entrepreneurial activity, she should assume the afore 
mentioned masculine traits [2]. Furthermore, according to the Global Report 
2020/2021 [22] compiled by the Global Entrepreneurship Monitor (GEM), men 
involved in entrepreneurial activities are significantly more than women. In par-
ticular, the percentage of men entrepreneurs exceeds that of women in almost 
the entire world in the Total Early-stage Entrepreneurial Activity (TEA), which 
accounts for all those new entrepreneurial activities undertaken during the year; 
the exceptions are represented by only six countries (Kazakhstan, Indonesia, 
Oman, Saudi Arabia, Togo and Angola).
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In the context of entrepreneurship, there are significant differences between the 
two genders in innovation-related issues [85], due to the fact that the innovation 
concept is characterized by a risk-taking component (women are more risk-adverse) 
and by the implementation of new technologies. This last aspect may be explained 
by the different fields of study chosen by men versus women: it has been shown 
[15, 23, 57] that the presence of women in STEM curricula (Science, Technology, 
Engineering, and Mathematics) is significantly lower compared to men. As a result, 
more men acquire training and familiarity with technology and are therefore more 
likely to adopt innovative management practises that require the application of new 
technologies.

We emphasize that the definition of innovation is gender-neutral, but it has been 
argued that the way innovation is operationalized and measured is strongly gendered 
with masculine connotations [81, 92]: a strong association is found between innova-
tion (and technology) with masculinity [111], and women are seen as less innovative 
than men, leading to a perception of women’s underperformance [31, 75] in innova-
tion practices [20, 74, 81].

More recently, theories asserting the masculinity character of innovation have 
been partly discarded: there is a growing focus on the role of women in innovation, 
particularly in companies that are strongly innovation-driven [76]. In particular, a 
positive influence of the women’s presence on Boards in innovation results has been 
demonstrated [84]. The presence of women on Boards leads to a greater heterogene-
ity in the group, and, consequently, to a greater diversity of perspectives, experi-
ences, work styles, knowledge and skills [32]. With regard to skills and knowledge, 
it is found that women are more adept at recognizing customer behaviors and expec-
tations; this leads to the identification of innovative products, services and processes 
that more closely reflect customer needs [58, 107]. Furthermore, women on Boards 
usually have better understanding of customer behaviors and expectations, and in 
this regard, the presence of women on Boards is more suitable to widen the range of 
ideas and perspectives to innovate the product and to identify market opportunities 
[51, 107]. In a nutshell, as conjectured by [86] the specific expertise and knowledge 
brought by women may contribute to broaden the range of new products and ser-
vices, and one may argue that in some cases a correlation exists between the pres-
ence of women on Boards and innovation [107]. Nevertheless, the studies focused 
on identifying the contribution of the presence of women (or gender diversity) to 
firm innovation are still limited, probably due to the invisibility of people in innova-
tion [106], as opposed to the limelight nature of entrepreneurship [7]. In our contri-
bution, also in view of the particular focus by policy makers (i.e., European institu-
tions) on assessing and closing the gender gap in the economic and financial sector 
[77], we are going to investigate the relationship between the gender aspect and the 
companies’ articulation of innovation, which is strictly related to the customers’ 
perception: this latter point is a key concern of innovation, since it is right through 
this one that companies influence their customers’ innovation perception. In this 
regard, there exist in literature several studies that propose a qualitative assessment 
approach, e.g. by performing surveys [68] that are also used to assess the percep-
tion of innovation barriers amongst firms [16, 53]. A substantial amount of litera-
ture exists on the customer perception of innovation [67]; the effects of innovation 
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perception have been explored in different sectors, e.g. banking [41], educational 
[60], hospitality [59]. A unified framework for consumer perceived innovativeness, 
embedding both qualitative and quantitative aspects has been proposed by [71], and 
a further abstraction is proposed by [66], that define the perceived firms’ innovative-
ness as a consumer-centric view of innovation, based on the customer assessment of 
the business’ capability to endure, whose indicator is the capability of creating and 
commercializing novel, creative, and impactful ideas and solutions. Please notice 
that the procedure we have used to assess the articulation of innovation on com-
pany web-sites is gender neutral, to avoid masculine connotations in the way it is 
measured.

In what follows we outline the research ideas developed to investigate the rela-
tionship between co-creation and innovation, that will be used as the main building 
blocks of our approach. In particular, we will present the origin and development of 
the metrics used to measure the two aspects (i.e., innovation and co-creation) and 
the approaches and tools used to assess their relationships. In order to assess these 
two aspects, one approach suggests to compute the frequency of keywords related to 
the concept of co-creation and innovation within the websites of a large sample of 
businesses. The approach based on using the frequency and co-occurrence of words 
to examine the relation between specific organizational activities was introduced by 
[45] where it has been analyzed the sequence of competitive actions of a sample of 
firms to define their own business strategies. The same method has then applied to 
innovation-related topics by [50] to analyze the business models of innovative busi-
nesses, by defining a set of keywords related to innovation and by counting (and 
normalizing according to the size of the websites) their occurrencies: thanks to this 
approach, the authors were able to classify businesses based on the degree and the 
type of innovation communicated on their websites.

The same approach was applied to analyze value co-creation by [6], that intro-
duced a set of keywords (detailed in Table 1) related to value co-creation in order to 
classify the different co-creation activities practiced by a large sample of businesses.

A further development was provided by [105], that looks for the occurrence of 
keywords related to co-creation and innovation on businesses’ websites, and imple-
ments a linear regression to investigate the relationship between the two aspects, in 
order to assess the influence of the practice of co-creation activities on the degree 
of innovation communicated by businesses on their websites. This idea was fur-
ther investigated by [38], that introduced a Neural Network approach to investigate 
the relationship between value co-creation and innovation among a large sample of 
businesses, by exploiting the neural networks’ skills to analyze different kinds of 
relationships amongst variables. In this latter paper the authors tested the hypothesis 
that businesses with a higher degree of involvement in co-creation activity had a 
greater number of possibilities, occasions and contexts in which to apply innovation 
in their products, services and processes [44, 96], and a positive association between 
these concepts has been found. Later contributions led to comparable results on dif-
ferent sets of data [36, 37, 73], on top of implementing Self-Organizing Maps to 
classify businesses according to their degree of involvement in co-creation and inno-
vation activities.
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Last, [39] examined the relationship between the degree of involvement in co-
creation activities by businesses, the degree of articulation of their service value 
attributes and their innovativeness, by using different methods: Principal Compo-
nent Analysis was used in order to identify the components of co-creation activi-
ties; neural networks and correlation analysis were used to analyze the aforemen-
tioned researched relationship; K-means cluster analysis1 and Self-Organizing Maps 
(SOMs) approach allowed to classify the businesses according to their degree of 
involvement in different co-creation activities, articulation of their service value 
attributes and their innovativeness. The results of this contribution show the pres-
ence of a statistically significant relationship between the degree of involvement in 
co-creation activities by businesses, the degree of articulation of their service value 
attributes and their innovativeness.

All the above studies and findings suggest that it may exists a relationship 
between the articulation of innovation and co-creation activities. In this contribution, 

Table 1   Co-creation keywords in [5]. Keywords are represented as regular expressions in which concepts 
are identified by plain text and connected by logical connectors ( ∨ denotes OR and ∧ indicates AND)

Co-creation keywords defined by Allen et al. 2009

(customer ∨ user) ∧ (learn ∨ learning)

(customer ∨ user) ∧ (communities ∨ community∨ network ∨ networking ∨ forum)

(customer ∨ user) ∧ (suggest ∨ suggestion∨ input ∨ request ∨ demand)

(customer ∨ user) ∧ (dialog ∨ dialogue∨ communicate ∨ communication ∨ conversation ∨ contact∨

feedback ∨ call ∨ interact ∨ }}information sharing�� ∨ engage)

internal ∧ (expertise ∨ resource)

cost ∧ (reduce ∨ reduction ∨ saving)

customer ∧ (partnerships ∨ interaction ∨ relationship∨ participate ∨ participation ∨ activity ∨ action)

(design ∨ process) ∧ (flexibility ∨ flexible ∨ adaptable)

(customer ∨ user) ∧ (cooperate∨ cooperation ∨ collaboration ∨ partnership)

(customer ∨ user) ∧ (riskmanage ∨ management ∨ control∨ 
assess ∨ reduce ∨ reduction ∨ potential ∨ exposure)

trust ∨ honesty ∨ integrity

(customer ∨ user) ∧ (options ∨ choice ∨ choose)

integrated ∧ online ∧ services

customization ∨ customize ∨ customized ∨ personalize ∨ individualize ∨ }}add feature′′ ∨ }}added feature′′′

(product ∨ process) ∧ (modularity ∨ modular ∨ module)

ecosystem ∨ }}value network�� ∨ }}value constellation��∨ 
}}multiple partners�� ∨ }}external contributor�� ∨ }}external source��

(customer ∨ user) ∧ (disclose ∨ inform ∨ disseminate ∨ reveal)

(customer ∨ user) ∧ (produce ∨ assemble ∨ manufacture)

(customer ∨ user) ∧ (IP ∨ }}intellectual property��)

(customer ∨ user) ∧ (test ∨ trial ∨ beta)

1  K-means cluster analysis is an algorithm which allows the user to classify a group of objects on the 
basis of their characteristics.



97

1 3

Journal of Computational Social Science (2024) 7:87–123	

we attempt to deepen this line of research by trying to understand whether adding 
the gender component may shed more lights to detect (or not) this relationship.

Our data

In the past decades, there has been a significant growth in the amount of unstruc-
tured data: the elaboration of texts proves to be more and more complex and time-
consuming, so the adoption of text mining techniques for the analysis of textual 
data has proved to be very useful in order to simplify and improve the activity of 
researchers [11] and other stakeholders. Text mining refers to techniques capable 
of analyzing an unstructured text, processing its information, and creating a struc-
tured content [55]. Text mining has  been used in the field of innovation research 
[40, 83], and its use over the Internet (Web scraping) can be useful to detect spe-
cific business’ information: according to [26], businesses’ online communication of 
innovation-related content influences customers’ and other stakeholders’ perceptions 
of innovation. Starting from this assertion, we want to quantify the amount of online 
content about innovation, which from now on we will call articulation of innova-
tion. Articulation of innovation will be used in what follows as a metric to evaluate 
the degree of innovation of a business, and instead of using a pre-defined diction-
ary based on text mining procedures [11], we use the frequency of the companies’ 
online comments about their own new products, processes and services to assess 
their articulation of innovation: we do not aim to apply an automated content analy-
sis, but rather to assess the degree of the articulation, i.e. to which extent companies’ 
news announcements concern the innovative aspects of their products, services and 
processes on their websites. Actually, the meaning of this measure is twofold: first, 
it could be seen as an expression of the firm’s perception of its own innovativeness; 
second, it represents the communication of the innovative image the company wants 
to offer to customers and other stakeholders.

This metric has been introduced by [105], and it is computed by detecting any 
online statement containing the combination of the words new and product, or the 
words new and service, or new and process etc..2

Other research studies have focussed on the relationship between gender and 
innovation, applying more traditional and tangible metrics (number of mew prod-
ucts, new services, new processes, new patents, etc.) such as the ones described in 
the OSLO manual.3 The present study does not use these metrics, and our innova-
tion metric provides a quantitative evaluation of how often firms articulate the inno-
vative aspects of their market offers on their websites: it embeds the advantage of 
emphasising the ability of a firm to differentiate itself by articulating the innovative 

2  Formally, this metric counts the occurrences of the following regular expression: new ∧ (product ∨ ser-
vice ∨ process ∨ application ∨ solution ∨ feature ∨ release ∨ version ∨ launch ∨ introduction ∨ introduce 
∨ (new product) ∨ (new service) ∨ (new process)) and then normalises the value found w.r.t. the number 
of pages taken into account.
3  Available at https://​www.​oecd-​ilibr​ary.​org/​scien​ce-​and-​techn​ology/​oslo-​manual-​2018/​intro​ducti​on-​to-​
innov​ation-​stati​stics-​and-​the-​oslo-​manual_​97892​64304​604-4-​en

https://www.oecd-ilibrary.org/science-and-technology/oslo-manual-2018/introduction-to-innovation-statistics-and-the-oslo-manual_9789264304604-4-en
https://www.oecd-ilibrary.org/science-and-technology/oslo-manual-2018/introduction-to-innovation-statistics-and-the-oslo-manual_9789264304604-4-en
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aspects of its products and services [36], and it accounts for the claims of innova-
tiveness of a company about its own products and services.

The value co-creation refers to the degree of customers’ involvement in a busi-
ness in the creation of new products and services. According to the related litera-
ture outlined in “Co-creation, gender aspects and innovation”, this degree of cus-
tomers’ co-participation has been computed by searching for co-creation-related 
keywords (detailled in Table 2) on businesses’ websites.

In order to assess the articulation of innovation and the co-creation com-
ponents, we have implemented a Web Scraper for Regular Expressions, that 

Table 2   The co-creation keywords used in our approach

Co-creation
Keyword

C1 customer ∨ (user ∧ dialog) ∨ dialogue ∨ conversation ∨ feedback∨

call ∨ interact ∨ (information ∧ exchange) ∨ (information ∧ sharing)∨

(information ∧ access) ∨ engage

C2 customer ∨ user ∨ forum ∨ connect ∨ network ∨ networking

C3 lease ∨ rent ∨ license ∨ (self ∧ serve) ∨ (self ∧ service)

C4 customer ∨ (user ∧ cooperate) ∨ cooperation ∨ collaboration ∨ partnership

C5 customer ∨ (user ∧ suggest) ∨ suggestion ∨ input ∨ request ∨ demand

C6 (internal ∧ expertise) ∨ resource

C7 customer ∨ (user ∧ (risk ∧ manage)) ∨ management ∨ control∨

assess ∨ reduce ∨ reduction ∨ potential ∨ exposure

C8 customer ∨ (user ∧ IP) ∨ (intellectual ∧ property)

C9 customer ∨ (user ∧ learn) ∨ learning

C10 product ∨ process ∨ (service ∧ evolution) ∨ evolve

C11 customer ∨ (user ∧ experience)

C12 customer ∨ (user ∧ test) ∨ trial ∨ beta

C13 (integrated ∧ (online ∧ services))

C14 simulation ∨ simulate ∨ model ∨ modelling ∨ (virtual ∧ world)∨

(reference ∧ design) ∨ (reference ∧ flow) ∨ (demo ∧ application)∨

toolkit ∨ tutorial ∨ sdk ∨ (software ∧ (development ∧ kit))

C15 product ∨ (process ∧ modularity) ∨ modular ∨ module

C16 customer ∨ (user ∧ produce) ∨ assemble ∨ manufacture

C17 customer ∨ (user ∧ options) ∨ choice ∨ choose

C18 design ∨ (process ∧ flexibility) ∨ flexible ∨ adaptable

C19 (customer ∧ partnership) ∨ interaction ∨ relationship ∨ participate∨

participation ∨ activity ∨ action

C20 (cost ∧ reduce) ∨ reduction ∨ saving

C21 customer ∨ (user ∧ survey) ∨ review ∨ voting ∨ vote ∨ rate ∨ rating

C22 trust ∨ honesty ∨ integrity ∨ transparency

C23 customer ∨ (user ∧ disclose) ∨ inform ∨ disseminate ∨ reveal

C24 customer ∨ (user ∧ dashboard) ∨ statistics
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is specifically tailored to our data needs: it allows the user to calculate the fre-
quency of a predefined set of regular expressions (that has to be provided as input 
by the user), related to the innovation and co-creation activities of a business. For 
each website, the scraper identifies all available webpages belonging to the web 
domain; for each page, the source code is translated into text, and the conditions 
imposed by the user are translated into regular expressions: the occurrencies of 
these regular expressions are computed for each page, aggregated for the whole 
website, and rescaled with respect to the number of pages.

In order to carry out our analysis, we have collected data about three differ-
ent business’ attributes: the afore mentioned articulation of innovation, the co-
creation components, and the gender component. As for the gender component, 
[1, 48] introduced the idea of using gender (i.e., sex) as a variable, often to ana-
lyse differences and similarities between men and women. Starting from this, we 
have decided to compute the percentage of female directors on the companies’ 
Boards, that reflects either the extent of female directors appointments or Boards 
homogeneity/heterogeneity (with values, respectively, equal to 0 or 1), as sug-
gested by [72]. By using this metric (referred to as gender metric), we want to test 
the assertion in [33, 100], according to which many firms portrayed as leaders 
in innovation activity are managed by teams that include both men and women. 
Moreover, such approach appears to be in agreement with the concepts stated by 
[25], which remarks that research should focus less on gender differences and 
similarities, and pay more attention into understanding how gender is embedded 
in processes, for instance by the counting of women and men involved in innova-
tion processes.

We have computed the articulation of innovation, the co-creation components, 
and the gender component with respect to the year 2021 over five different sets of 
data:

•	 287 Open Source (OS) businesses associated with the Eclipse OS Foundation 
which embrace those businesses that are more apt to adopt open innovation 
and co-creation practices. OS companies have been commonly considered as 
a unique example of open innovation and creativity [42, 91, 110]. This set of 
data will be referred to as Eclipse;

•	 the other four sets of data consist of businesses listed on the NASDAQ (98 
businesses), FTSE100 (95 businesses), DAX30 (30 businesses), and CAC40 
(40 businesses), which refer to stock markets of different countries (respec-
tively, USA, UK, Germany, and France) and are considered to be representa-
tive of the country’s overall economic and financial condition (details can be 
found at https://​docs.​google.​com/​sprea​dshee​ts/d/​1gaZe​pe_m_​kqoQL​tBM3d​
BpiBv​pBppI​AZj/​edit?​usp=​shari​ng &​ouid=​10007​97995​23990​49109​3 &​
rtpof=​true &​sd=​true).

Table  3 shows the main statistics about the gender metric which is defined, as 
said, by the ratio between the number of female Board members and the total 
number of Board members along with the articulation of innovation over the 
examined sets of data for the year 2021. The following tables also contain the 

https://docs.google.com/spreadsheets/d/1gaZepe_m_kqoQLtBM3dBpiBvpBppIAZj/edit?usp=sharing%20&ouid=100079799523990491093%20&rtpof=true%20&sd=true
https://docs.google.com/spreadsheets/d/1gaZepe_m_kqoQLtBM3dBpiBvpBppIAZj/edit?usp=sharing%20&ouid=100079799523990491093%20&rtpof=true%20&sd=true
https://docs.google.com/spreadsheets/d/1gaZepe_m_kqoQLtBM3dBpiBvpBppIAZj/edit?usp=sharing%20&ouid=100079799523990491093%20&rtpof=true%20&sd=true
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statistics and results for the overall set of data containing aggregated data from 
the five instances pooled together, that will be referred to as Overall.

Nevertheless, we want to emphasize that by applying the above described 
gender metric we overcome the criticism about the reliability of the innovation-
related measurements in literature as considered to be gender-biased [81]. Please 
notice that our analysis is not meant to define a model to explain innovation, that 
is why we are not building a model by identifying the most suitable control vari-
ables: the purpose of our experimental study is to verify whether:

•	 the relation between gender and innovation is different between innovation-
related and more traditional businesses;

•	 the gender metric can better explain the innovation metric.

We bring to the reader’s notice that here we are not addressing the role that time 
plays in the innovation process or in making claims on company websites, for 
example by examining the time lag between the joining to the Board of a woman 
and her fully realized ability to influence the business innovation claims [17]. 
This latter aspect would require a separate investigation by means of a dedicated 
script able to autonomously detect changes in the articulation of innovation and 
gender component, which goes beyond the scope of our current implementation 
and goals.

Looking at Fig. 2, we can draw some insights from the graphical representa-
tion of the relationship between innovation and the percentage of women on the 
Board of Directors. For all sets of data, we plotted on the x-axis the percentage 
of women on the Board of Directors while the frequencies of the articulation of 
innovation are shown on the y-axis. At a first glance, we do not observe a straight 
correlation between the variables, and the same conclusion holds also by looking 
at Fig. 1, where the articulation of innovation frequencies appear on the y-axis, 
and the number of men on the Board of Directors are displayed on the x-axis.

Table 3   Main statistics over the 
year 2021 of: the ratio of women 
to total members of the Board; 
the articulation of innovation

Women to total Board Art. of innovation

Mean STD Min Max Mean STD Min Max

Eclipse 0.66 0.32 0 1 0.17 0.32 0 2
NASDAQ 0.28 0.10 0 0.54 0.10 0.18 0 1.00
FTSE 0.35 0.11 0 0.64 0.08 0.17 0 1.04
DAX 0.16 0.10 0 0.38 0.11 0.16 0 0.89
CAC​ 0.38 0.14 0 0.63 0.11 0.23 0 1.00
Overall 0.26 0.16 0 1 0.14 0.29 0 2
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Fig. 1   Scatter plot of the articulation of innovation (referred to as I on the y-axis) vs number of men in 
the Board of Directors (referred to as G1 on the x-axis) in the five sets of data taken into account. The 
point size is proportional to the number of women in the Board of Directors

Fig. 2   Scatter plot of the articulation of innovation (referred to as I on the y-axis) vs percentage of 
women in the Board of Directors (referred to as G2_tot on the x-axis) in the five sets of data taken into 
account
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Correlation analysis

In this section, we outline a correlation analysis between the gender component 
and the articulation of innovation with respect to the investigated sets of data. The 
purpose of this analysis is to understand whether the gender ratio on the Board of 
Directors and businesses’ innovation activity are somewhat related to each other. 
Moreover, with respect to this aspect, we want to investigate whether there are 
some differences between businesses that are known to be innovative and technol-
ogy-driven (i.e., Eclipse) and those more traditional. We start by remarking that 
the average ratio of women on the Board of Directors is highest in the Eclipse set 
of data: this seems to confirm what has been observed in literature on gender and 
innovation, i.e., a higher presence of women involved in the decision-making pro-
cess in innovation-related businesses than traditional ones. In addition, we report 
that 71% of the businesses in the Eclipse instance have an absolute majority of 
women on the Board and that the second highest absolute majority of women is 
shown by CAC ( 15% ), while the other sets of data show small values, down to 0% 
in DAX. We also remark that the maximum female presence on the Board is still 
found in the Eclipse set of data ( 100% ). The other sets of data contains also busi-
nesses in which there is an absolute majority of women, except for the businesses 
listed in the German stock market, where the maximum female presence is 38% . 
Last, we want to stress that the ratio female to Board show a minimum equal to 
0 on all sets of data, and that the percentage of businesses without women in the 
Board is between 1% and 2% in all sets of data but DAX, that show a higher num-
ber. These results seem to confirm that on a large scale entrepreneurship is still 
largely gendered [63], but, compared to the past, there is a greater presence of 
women in both businesses where innovation is more intense and more traditional 
businesses [35].

In what follows we draw some comments on the articulation of innovation 
metric. By looking at Table 3, the highest average is found in Eclipse, and this 
seems to confirm what was expected, that is, these businesses are exactly those 
known to be more technology-driven and innovative. The same holds for the max-
imum. When analysing the minimum instead, it is possible to observe that all sets 
of data show the value zero: in all sets of data there are therefore businesses that 
seem to have no interest in communicating their innovation to potential customers 
and stakeholders through their website. In particular, we report that in all sets of 
data the percentage of businesses that have zero frequency related to the articula-
tion of innovation is about 50% , except for DAX, that shows the 20% . In table 4 
we report, respectively, a Pearson, Rank-based and Mutual Information statisti-
cal dependence analysis aimed at determining the relationships between the two 
variables. In particular, Mutual Information (MI) dates back to the beginnings of 
information theory[102]. It was initially applied to calculate the capacity perfor-
mance of communication systems, and thereafter it served as a fundamental tool 
of investigation for many other research areas, such as mathematics, computer 
science and economics [8, 9]. MI has been successfully adopted in feature-selec-
tion problems to assess both the relevancy of a subset of features in predicting 
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the target variable and the redundancy with respect to other variables. Although 
the correlation coefficient is a long-standing measure of the strength of statistical 
dependence, MI has advantages over it: it is able to detect non-linear relationship 
between features and it is model neutral.

The results show a very low Pearson correlation coefficient and almost close to 
zero (except for FTSE) with a p-value significantly greater than 0.05, suggesting 
that there is no correlation between the two variables over all sets of data. Similar 
remarks can be drawn by looking at the ranked-based correlation analysis.

As a last takeaway, we draw a comparison with the results about the pairwise 
mutual information between the articulation of innovation and the gender compo-
nent over the years 2013 and 2019 reported in [35]. Results therein presented show 
an increase of the mutual information over the investigated years, and this trend 
appears to hold true for 2021 as well. In particular, Eclipse shows the highest Mutual 
Information value (0.53 in 2021, while it was 0.32 in 2013 and 0.34 in 2019), while 
the highest incremental change over years is observed for FTSE which goes from 
0.05 in 2013 to 0.41 in 2021.

We conclude this analysis by remarking that the gender component and the artic-
ulation of innovation do not show any linear or rank-based correlation. On the other 
side, the Mutual Information between the two variables is significant ( ≥ 0.5 ) over 
three sets of data out of five: since the Mutual Information helps in reducing the 
uncertainty for a given random variable (in our case, the articulation of innovation) 
when another variable (in our case, the ratio women to total Board) is known, this 
could be a good signal suggesting us that the use of the gender component may be 
used to predict the articulation of innovation. The next Sections will aim to investi-
gate if this holds true.

Neural network approach

Artificial Neural Networks (ANN) are high-level algorithms inspired by the behav-
ior of the brain, of which they represent a simplification [49]: they have been used 
to perform a wide range of computational tasks in many fields in which there is no 
assumption about the relations amongst input and output variables. They are com-
posed of elementary units (i.e., neurons), which are connected through weighted 
edges (i.e., synapses) in a given topology.

Table 4   Pearson, Rank Based 
and Mutual Information (MI) 
dependence coefficients between 
the gender component and the 
articulation of innovation 

Pearson Rank-based MI

Eclipse 0.02 0.10 0.53
NASDAQ 0.01 0.01 0.44
FTSE 0.23 0.03 0.41
DAX − 0.06 − 0.10 0.24
CAC​ 0.09 0.07 0.33
Overall 0.03 − 0.003 0.37
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Synapses are associated with a value, which determines the magnitude of 
transmission. A neuron receives inputs from the neurons that are connected to it, 
which are aggregated as the weighted sum of inputs and synapses’ values; then 
an activation value is computed by applying a given activation function to the 
weighted sum of inputs. This value is sent, through synapses, to the connected 
neurons. We can devise three main categories of neurons:

•	 Input neurons, whose activations represent the inputs of the task to be per-
formed by the network;

•	 Output neurons, whose activations represent the output of the network;
•	 Hidden neurons, the remaining neurons, so called because they are not visible 

from the external environment.

As for the topologies, the most common are the layered one (in which neurons are 
subdivided in layers) and the completely connected (in which all neurons are all 
connected with each other). Each neuron in the layered topology is connected to 
all neurons in adjacent layers, whilst there are no connections between neurons in 
the same layer: in this topology the information flow of the network is unidirec-
tional, and the resulting network is referred to as a  feed-forward architecture.

To use the neural networks, the user needs first to set the values of synapses: 
this is done by the learning algorithm, which can be seen as the ability of the 
network to modify its behavior in order to obtain the right output given some 
input through the modification of synaptic connections (weights). This happens 
by modifying these weights until a stopping criterion is met (usually, when the 
difference between the desired and the actual output produced by the network is 
smaller than a given threshold).

Several algorithms have been proposed to train neural networks, e.g., genetic 
algorithms [79], simulated annealing [62], and backpropagation [113]. This last 
algorithm is still the most used, and it is based on the back-propagation of the 
error from the output units to the input ones: in a first phase, the activation of the 
input units is propagated through the activation functions; then, the weights of the 
synapses are modified through the technique of the descendent gradient.

We have performed three different sets of experiment (models): 

1.	 A model to identify a relationship between the articulation of innovation and the 
gender component only, in which the input is given by the gender metric and the 
output by the articulation of innovation. In what follows this model is referred to 
as GE model;

2.	 A model in which the input set is composed of all co-creation components and the 
output by the articulation of innovation. This model is referred to as CO model;

3.	 A model in which the input set is composed by all the co-creation components 
plus the ratio female to cardinality of Board of Directors of the business taken 
into account: this model combines the co-creation components with the gender 
aspect, and is referred to as CO-GE model.
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In what follows, we will outline the main features of our neural network approach: 
“Data pre-processing” will outline the data pre-propcessing operations; “Training 
and test set” will detail how we have partitioned data into training and test sets; 
“Network topology” will detail the Network topology, while the learning parameter 
and the algorithm’s performances will be outlined in “Learning parameters” and 
“Algorithm performances”, respectively.

Data pre‑processing

The analysis of data at hand represents an important phase in the experimental set-
tings for a neural network approach: this operation aims to explore data features, to 
detect eventual anomalies, and to preserve the most information as possible, avoid-
ing at the same time over-fitting shortcomings. In our approach, we have used the 
pre-processing operations defined by [10, 29], that we outline in what follows:

Removal and replacement
The issue of incurring in missing or wrong values is a key-point in real-world 

applications, and all neural networks approaches resort to procedures to take into 
account this aspect. We have used the approach introduced by [10], that suggests 
to remove the indicators containing more than 30% of missing or wrong values. All 
sets of data introduced in “Our data” do not reach this portion of missing or wrong 
data, hence we are using, in the experimental phase, the whole set of variables. In 
detail, no wrong values have been detected in our sets of data; as for missing data, 
we want to remark that for some businesses it was not possible to collect all data 
referring to the gender components, so we have some missing data referring to the 
number of male and female in the Board of Directors: in this last case, we have fol-
lowed the guidelines indicated by [10, 29] and replaced the missing values by the 
variable’s average over all businesses.

Normalization
When applying neural networks, a widely used rule-of-thumb suggests to per-

form data-normalization in order to feed the neural network with data belonging to 
the same range. Many mathematical formulations have been suggested to this aim 
[61], and we are using the logarithmic transformation used by [36, 37, 39], which is 
defined as follows: let x

i
 be the value before normalisation of input x for business i, 

and x
i
 be its normalised value. The relation between normalised and pre-normalised 

data can be defined as follows:

where u = xmax + 1 , in order to have x
i
∈ [0, 1] . We want to remark that the original 

formulation proposed by [10] was the following:

and this was due to the fact that the authors have tackled a problem arising from the 
use of different variables sets, in which there were observations whose values were 
negative. All values belonging to our sets of data represent weighted occurrences, 
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and they cannot be negative by definition, hence we are not considering the possibil-
ity of encountering negative values, that would hinder the application of a logarith-
mic transformation. Tables 5 , 6 and 7 show the main statistics of data at hand after 
the pre-processing operations.

Training and test set

As for the experimental framework, in all experiments, we have sampled two dis-
joint sets of observations out of the total number of businesses belonging to a set 
of data: the training set (used to estimate the networks’ parameters) and the test set 
(used for assessing their performances). Businesses have been randomly allocated 
to these two sets to have the training set consisting of 75% of the total businesses, 
and the test set consisting of 25% of the total businesses. This sampling has been 
repeated 30 times, each time leading to a different definition of training and test 
set, which was needed to compute a robust weighted error function over the diverse 
train-test partition. The procedure has been performed over the five different sets of 
data at hand.

Network topology

As for the network topology, we have used a feed-forward architecture trained by 
backpropagation: in this topology, the most important parameter to be set is the 
number of hidden neurons and number of hidden layers. The literature on the topic 
has introduced many approaches to enhance these issues, ranging from recognised 
rules of thumbs to adaptive procedures to change the topology of the neural network 
over time. In this direction, we have performed preliminary experiments by using 
the adaptive procedure proposed by [28], in which hidden neurons are added to the 
network until no improvements on the performances of the system are detected. This 
approach requires a computational time that is about 10 up to 50 times higher than a 
basic feed-forward one, and a comparison of the results based on a Wilcoxon signed 
rank test (tested against a 0.05 significance level) led us to reject the null hypothesis 
of difference between the two approaches. Hence, we have resorted to well-estab-
lished rules of thumb in order to set the number of hidden neurons, as reported by 
[34], and we have used one hidden layer, setting the number of hidden neurons equal 
to the number of parameters (variables). The reason for choosing one layer only is 
due to the small cardinality of some sets of data at hand, that could hinder the learn-
ing algorithm’s ability to learn the higher number of parameters associated to the 
synapses. We want to stress out that two-layers neural networks are formally recog-
nised as universal function approximators [54], but the comparison with the adap-
tive procedure performed in the preliminary experiments suggests that one hidden 
layer is enough for our purposes.
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Table 5   Main statistics of 
the response and explanatory 
variables after pre-processing 
operations, for the sets of data 
Eclipse and Nasdaq. Variables 
C1 − −C24 refer to co-creations 
components; variable I denotes 
the articulation of innovation; 
variable G denotes the ratio 
women to total members of the 
Board

Variable name Average STD Min Max

Eclipse
Number of businesses = 287
C1 0.30 0.24 0 1
C2 0.27 0.25 0 1
C3 0.18 0.18 0 1
C4 0.25 0.25 0 1
C5 0.31 0.27 0 1
C6 0.16 0.25 0 1
C7 0.32 0.24 0 1
C8 0.23 0.24 0 1
C9 0.31 0.31 0 1
C10 0.21 0.20 0 1
C11 0.26 0.26 0 1
C12 0.26 0.27 0 1
C13 0.22 0.20 0 1
C14 0.29 0.24 0 1
C15 0.22 0.24 0 1
C16 0.23 0.24 0 1
C17 0.34 0.28 0 1
C18 0.15 0.19 0 1
C19 0.20 0.24 0 1
C20 0.11 0.18 0 1
C21 0.25 0.25 0 1
C22 0.05 0.11 0 1
C23 0.23 0.24 0 1
C24 0.23 0.25 0 1
I 0.12 0.20 0 1
G 0.23 0.20 0 1
NASDAQ
Number of businesses = 98
C1 0.35 0.29 0 1
C2 0.27 0.26 0 1
C3 0.28 0.26 0 1
C4 0.23 0.24 0 1
C5 0.33 0.25 0 1
C6 0.16 0.23 0 1
C7 0.38 0.25 0 1
C8 0.23 0.24 0 1
C9 0.30 0.27 0 1
C10 0.30 0.28 0 1
C11 0.25 0.26 0 1
C12 0.27 0.27 0 1
C13 0.31 0.32 0 1



108	 Journal of Computational Social Science (2024) 7:87–123

1 3

Learning parameters

As for the neural network learning parameter, the literature on the topic reports that 
the typical values for a neural network with standardized inputs (or inputs mapped to 
the [0,  1] interval, which is our case) has to be smaller than 1 and greater than 10−6
[18]; furthermore, there is no way of determining the learning rate a-priori [98]. For 
these reasons, we have resorted to a parameter tuning procedure to set the learning 
rate: F-Race [19], by whose execution we obtained a learning parameter equal to 
0.12 for the CO model and 0.10 for the CO-GE model. Please notice that for both 
models the momentum value as determined by the F-Race procedure was close to 0, 
hence we have not introduced any momentum parameter into our analysis.

Algorithm performances

As for the neural network learning performances, the basic rule consists of using 
the supervised learning technique on the test set, while, in order to avoid overfitting, 
the goodness of the neural network has to be assessed by computing an error metric 
over the validation set, that can be also used in order to set the termination criterion 
for the algorithm. Several error measures can be used, such as the mean absolute 
error (MAE), the mean absolute percentage error (MAPE), the root mean square 
error (RMSE), etc. In our experiments, we have used the mean square error (MSE), 
defined as:

where n is the number of observations, e is the expected output and a is the actual 
neural network output.

(3)
1

n

n∑

i=1

(e
i
− a

i
)2,

Table 5   (continued) Variable name Average STD Min Max

C14 0.21 0.19 0 1
C15 0.19 0.22 0 1
C16 0.22 0.24 0 1
C17 0.37 0.26 0 1
C18 0.12 0.17 0 1
C19 0.23 0.25 0 1
C20 0.18 0.26 0 1
C21 0.25 0.27 0 1
C22 0.25 0.27 0 1
C23 0.12 0.19 0 1
C24 0.23 0.26 0 1
I 0.12 0.20 0 1
G 0.55 0.21 0 1
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Table 6   Main statistics of 
the response and explanatory 
variables after pre-processing 
operations, for the sets of data 
FTSE and DAX. Variables 
C1 − −C24 refer to co-creations 
components; variable I denotes 
the articulation of innovation; 
variable G denotes the ratio 
women to total members of the 
Board

Variable name Average STD Min Max

FTSE
Number of businesses = 95
C1 0.48 0.30 0 1
C2 0.30 0.30 0 1
C3 0.24 0.25 0 1
C4 0.24 0.26 0 1
C5 0.33 0.28 0 1
C6 0.13 0.22 0 1
C7 0.48 0.28 0 1
C8 0.19 0.25 0 1
C9 0.24 0.24 0 1
C10 0.33 0.30 0 1
C11 0.26 0.26 0 1
C12 0.19 0.25 0 1
C13 0.30 0.26 0 1
C14 0.32 0.25 0 1
C15 0.24 0.27 0 1
C16 0.19 0.24 0 1
C17 0.34 0.26 0 1
C18 0.18 0.21 0 1
C19 0.25 0.27 0 1
C20 0.14 0.18 0 1
C21 0.20 0.21 0 1
C22 0.13 0.19 0 1
C23 0.18 0.24 0 1
C24 0.18 0.25 0 1
I 0.10 0.18 0 1
G 0.59 0.19 0 1
DAX
Number of businesses = 30
C1 0.53 0.23 0 1
C2 0.41 0.24 0.04 1
C3 0.42 0.25 0 1
C4 0.45 0.28 0 1
C5 0.43 0.26 0.01 1
C6 0.33 0.30 0 1
C7 0.64 0.22 0 1
C8 0.36 0.27 0 1
C9 0.35 0.26 0 1
C10 0.56 0.28 0 1
C11 0.42 0.29 0 1
C12 0.38 0.29 0 1
C13 0.51 0.25 0 1
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Neural Networks have been implemented in Python. Experiments have been run 
on a cluster with AMD Opteron 2216 dual core CPUs running at 2.4 GHz with 2x1 
MB L2 cache and 4 GB of RAM under Cluster Rocks distribution built on top of 
CentOS 5.3 Linux. We have run the neural network on all the obtained train–test 
partitions. For each partition, the algorithm has been run 100 times, and the best 
run (with respect to the MSE) has been recorded. In order to test the neural network 
performances and the robustness of the approach, we report in Table 8 the statistics 
of the best runs obtained over the 30 partitions and with respect to the GE, CO, and 
CO-GE models.

By looking at the results, we can say that the neural network is not able to gener-
alize the GE model, hence we conclude that a general relationship between the gen-
der component alone and the articulation of innovation cannot be explained. On the 
contrary, good results were obtained from the application of the neural network to 
the CO and the CO-GE models: the average of the total error on the single test sets 
varies between 0.035 and 0.120 in with respect to the CO-GE model and between 
0.041 and 0.171 for the CO model; furthermore, the overall instances show the aver-
age of the total error between the minimum and maximum provided by the single 
test sets, but features a lower standard variation, due to better performances obtained 
on bigger sets of data. As for the single sets of data, the lowest MSE (on both mod-
els) is found for the FTSE set of data and the highest error is found for the CAC set 
of data, which may be due to the low number of observations. The standard devia-
tion of both models is comparable, meaning that the better performances on the CO-
GE model do not come at the cost of an higher variability of the results. In all cases, 
we can say that the introduction of the gender component improves the skills of the 
neural approach to predict the articulation of innovation.

Table 6   (continued) Variable name Average STD Min Max

C14 0.51 0.30 0 1
C15 0.47 0.32 0 1
C16 0.37 0.28 0 1
C17 0.48 0.20 0.02 1
C18 0.37 0.30 0 1
C19 0.40 0.30 0 1
C20 0.37 0.29 0 1
C21 0.47 0.25 0 1
C22 0.22 0.28 0 1
C23 0.37 0.27 0 1
C24 0.38 0.29 0 1
I 0.15 0.19 0 1
G 0.46 0.26 0 1
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Table 7   Main statistics of 
the response and explanatory 
variables after pre-processing 
operations, for the sets of data 
CAC​ and Overall. Variables 
C1 − −C24 refer to co-creations 
components; variable I denotes 
the articulation of innovation; 
variable G denotes the ratio 
women to total members of the 
Board

Variable name Average STD Min Max

CAC​
Number of businesses = 40
C1 0.54 0.26 0 1
C2 0.36 0.32 0 1
C3 0.31 0.32 0 1
C4 0.28 0.28 0 1
C5 0.35 0.33 0 1
C6 0.21 0.24 0 1
C7 0.46 0.23 0 1
C8 0.26 0.30 0 1
C9 0.31 0.31 0 1
C10 0.26 0.25 0 1
C11 0.28 0.30 0 1
C12 0.27 0.32 0 1
C13 0.35 0.30 0 1
C14 0.37 0.31 0 1
C15 0.17 0.24 0 1
C16 0.26 0.31 0 1
C17 0.44 0.25 0 1
C18 0.24 0.29 0 1
C19 0.37 0.32 0 1
C20 0.23 0.28 0 1
C21 0.34 0.31 0 1
C22 0.19 0.28 0 1
C23 0.26 0.31 0 1
C24 0.26 0.30 0 1
I 0.13 0.24 0 1
G 0.66 0.22 0 1
Overall
Number of businesses = 550
C1 0.45 0.28 0 1
C2 0.35 0.25 0 1
C3 0.34 0.25 0 1
C4 0.35 0.27 0 1
C5 0.39 0.27 0 1
C6 0.25 0.26 0 1
C7 0.43 0.25 0 1
C8 0.33 0.27 0 1
C9 0.36 0.26 0 1
C10 0.35 0.25 0 1
C11 0.36 0.27 0 1
C12 0.34 0.26 0 1
C13 0.36 0.25 0 1
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Table 7   (continued) Variable name Average STD Min Max

C14 0.40 0.26 0 1
C15 0.30 0.26 0 1
C16 0.33 0.27 0 1
C17 0.42 0.26 0 1
C18 0.28 0.25 0 1
C19 0.32 0.27 0 1
C20 0.25 0.26 0 1
C21 0.32 0.25 0 1
C22 0.18 0.23 0 1
C23 0.33 0.27 0 1
C24 0.33 0.27 0 1
I 0.17 0.22 0 1
G 0.28 0.12 0 1

Table 8   Neural Network’s overall errors (MSE) on the GE, CO-GE, and CO models. We report the sta-
tistics on the best runs obtained on the 30 different partitions of overall error

Training set Validation set

Average STD Min Max Average STD Min Max

GE model
Eclipse 0.073 0.034 0.012 0.085 0.081 0.054 0.023 0.099
Nasdaq 0.052 0.012 0.040 0.065 0.058 0.012 0.048 0.075
Ftse 0.052 0.012 0.038 0.069 0.042 0.013 0.035 0.049
Dax 0.054 0.019 0.034 0.079 0.066 0.018 0.043 0.076
Cac 0.127 0.013 0.112 0.152 0.076 0.019 0.053 0.098
Overall 0.084 0.041 0.021 0.137 0.095 0.052 0.032 0.215
CO-GE model
Eclipse 0.042 0.005 0.037 0.058 0.045 0.011 0.022 0.084
Nasdaq 0.044 0.015 0.024 0.068 0.043 0.017 0.015 0.088
Ftse 0.032 0.014 0.013 0.044 0.035 0.011 0.014 0.081
Dax 0.047 0.022 0.021 0.096 0.058 0.036 0.012 0.114
Cac 0.112 0.031 0.042 0.148 0.120 0.056 0.025 0.237
Overall 0.043 0.007 0.022 0.153 0.053 0.009 0.031 0.173
CO model
Eclipse 0.047 0.006 0.028 0.060 0.048 0.010 0.026 0.079
Nasdaq 0.042 0.014 0.015 0.068 0.048 0.021 0.014 0.086
Ftse 0.037 0.012 0.019 0.049 0.041 0.028 0.011 0.084
Dax 0.044 0.022 0.017 0.089 0.046 0.034 0.010 0.119
Cac 0.171 0.120 0.128 0.190 0.171 0.123 0.118 0.201
Overall 0.045 0.013 0.025 0.170 0.059 0.016 0.039 0.201
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Comparison with linear regression

From the observation of the Table 8, it is possible to detect the strength and the abil-
ity of generalization of the neural network: results have been validated with respect 
to the test set, hence on different sets of data than those used for the training of the 
network. We want to stress the importance of this conclusion by performing a linear 
regression on the same sets of data, in order to test the over-fitting of the result-
ing model. We have performed linear regressions for the three models, but we are 
reporting only results of the CO and CO-GE models, since the GE model do not lead 
to satisfactory performances. Please notice that in literature there are contributions 
that introduce linear regression to predict the articulation of innovation, in which 
the predictor set is given by the same co-creation components used in our analysis 
(see “Co-creation, gender aspects and innovation”): we want to stress out that these 
contributions also introduce a pre-processing phase in which Principal Component 
Analysis [37] is used to reduce the input space. In our contribution instead, we do 
not apply such data reduction techniques, since they may lead to biased or mislead-
ing conclusions. We used all the indicators shown in Table 2 to form the predictors 
set, resulting in a procedure that is highly reliable and that does not require the inter-
vention of an external user.

Please notice that we are not interested in assessing the goodness of the predic-
tors, so that we do not report their estimates along with the corresponding p-values, 
and we just report the following performance measures:

•	 The coefficient of determination R2 , along with its variants: the Adjusted R2 , that 
is used to adjust this performance measure to take into account the number of 
predictors (i.e., it decreases when the cardinality of predictors does not improve 
the goodness of the fit by a sufficient amount), and the Predicted R2 , that takes 
into account a sampling procedure to assess overfitting (i.e., lower values are an 
indicator of overfit);

•	 The p-value of the F-test, that represents the probability to obtain an F-statistic 
value greater than the F-value of the model, under the null hypothesis that the 
regression is not significant [14];

•	 The Akaike’s Information Criteria (AIC), that measures the goodness of a sta-
tistical model by assessing the relative amount of information loss (lower values 
identify better models with regards to the specific set of data).

We have performed two linear-regression analyses based on two different sets of 
experiments: first, we have performed the analysis on the whole set of data, without 
partitioning into training and test sets; then, we have adopted the same subsampling 
procedure to identify thirty different partitions of training and test sets as defined 
in “Training and test set”, and then we have computed the aggregated performance 
indicators.

As for the experiments performed without partitioning the data into training and 
test set, we obtain the results listed in Table 9. We can notice that adding the gender 
component (to the predictor set composed by the co-creation indicators) does not 
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always lead to an improvement in the goodness of the fit when the regression perfor-
mance is assessed by the R2 . On the contrary, it worsen the performances over three 
(NASDAQ, DAX, CAC) out of five sets of data. Anyhow, the regression is always 
significant, as confirmed by the p-value of the F-test (values smaller than 0.025 indi-
cate that the regression is significant, and they are highlighted in bold in the table).

Once more, we could conclude that the operation of adding the gender com-
ponent not only does not lead to a significant adjuvant effect but it worsen the 
regression performance in the case of the DAX set of data. Anyhow, the goodness 
of the fit assessed by the R2 seems to indicate that linear regression is appropriate, 
with the exception of the sets of data DAX and CAC​ for the CO-GE model, and 
of the set of data Eclipse with respect to the CO model. We also notice that add-
ing the gender component improves the linear regression performance over the 
Eclipse set of data.

Although this result may sound promising, this is a situation affected by over-
fitting, as witnessed by low values of the predicted R2 over the five sets of data. In 
order to demonstrate this, we have introduced the same sampling procedure defined 
in “Training and test set” and computed the MSE, by using Eq. 3, as for the neu-
ral networks. Results are reported in Table  10. We can see that linear regression 
achieves better performances over the train set with respect to four sets of data out 
of five for both CO-GE and CO models, whilst when dealing with the test set, neural 
networks show the best performances over the CO-GE model for all sets of data, and 
on three out of five of them with respect to the CO model. In this case, we see that 
the addition of the gender component plays a significant role when comparing these 
two different approaches.

Table 10   Linear regression errors (MSE) on both CO and CO-GE models. We report the statistics on the 
best runs obtained on the 30 different partitions of training-validation set

Training set Validation set

Average STD Min Max Average STD Min Max

CO model
Eclipse 0.029 0.012 0 0.52 0.115 0.093 0 0.719
Nasdaq 0.025 0.019 0.001 0.57 0.061 0.052 0.014 0.312
Ftse 0.041 0.017 0.001 0.072 0.081 0.061 0.035 0.102
Dax 0.002 0.002 0.001 0.004 0.022 0.014 0.001 0.059
Cac 0.004 0.003 0.001 0.007 0.149 0.192 0.046 0.512
Overall 0.015 0.001 0.014 0.017 0.013 0.002 0.008 0.018
CO-GE model
Eclipse 0.026 0.0138 0.0005 0.066 0.109 0.142 0 0.827
Nasdaq 0.0312 0.016 0.0009 0.101 0.073 0.081 0.015 0.351
Ftse 0.038 0.013 0.0007 0.065 0.078 0.038 0.046 0.172
Dax 0.021 0.012 0.009 0.036 0.075 0.057 0.009 0.137
Cac 0.082 0.058 0.007 0.157 0.274 0.251 0.241 0.325
Overall 0.016 0.001 0.014 0.017 0.012 0.002 0.008 0.015
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In a nutshell, the introduction of the gender component into the predictor set leads 
to better neural network’s performances in the validation set in three sets of data out 
of five (Eclipse, Nasdaq, Ftse); on the remaining two (Dax, Cac), its introduction 
worsen the neural network performances. Overall, we can state that the introduc-
tion of the gender component may help to improve the performances of a neural 
network approach. As for the linear models, the introduction of the gender compo-
nent may help to improve the performances, but it is highly affected by over-fitting 
on small-sized instances, which makes the approach not reliable. On bigger sized 
instances (i.e., the overall set of data) instead, the linear regression analysis show 
performances that are better than the neural network approach, suggesting that the 
two approaches have to be used jointly.

Conclusions and future works

In this contribution, we have proposed a framework to predict the articulation of 
innovation, and to understand whether the gender component of businesses (coming 
from different scenarios) can be used to this extent: since innovation activities are 
managed by Board of Directors that include both men and women, we have tried to 
understand whether the gender component can be embedded in (and whether it can 
be used to explain) the innovation processes, such as, in our case, the articulation of 
innovation. Our results confirm previous findings [35] and reveal that it is not pos-
sible to detect a universal relationship between innovation perception and gender 
diversity on the Board of Directors, and demonstrate that neural networks may be 
used to approximate this relationship. The increasing relationships between articula-
tion of innovation and gender component over time is also confirmed by more recent 
observations.

Our findings corroborate the idea that female Board representation is positively 
associated with more innovative and creative firms, but we have seen that this state-
ment can also be applied to some more traditional business. We have introduced 
a novel support tool based on a neural network approach that is able to grasp the 
relationship between gender and communication of innovation on both innovation-
related and more traditional companies. To this end, we have taken into account 
other features related to the innovation attitude of a business (such as the value 
co-creation) since we have shown that it is not possible to grasp such relationship 
when the gender component is used as a stand-alone predictor: this suggests that 
female Board representation is positively associated with innovation performances 
only when it is integrated into the business culture and vision, and our approach has 
shown that it is computationally pointless to advocate a direct relation between these 
two aggregates taken as stand-alone. At the current stage, we can assert that the 
gender component may be useful to predict the innovation articulation of a business 
under several scenarios.

Our findings seem to suggest that the relation between gender and innovation is 
strong in innovation-driven businesses, but it does not mean that it does not hold 
also for more traditional businesses: our approach offers satisfactory performances 
to this regard over traditional sets of data, but it fails on two benchmarks: this could 
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due to some features of the benchmarks themselves that lead to over-fitting, and fur-
ther research has to be devoted to investigate this aspect. For the same reason, we 
can state that the gender metric might be helpful in predicting the articulation of 
innovation, but this statement has to be read in the light of what previously remarked 
about the evidence that the gender metrics cannot be used alone.

It has been argued that women are either absent or made absent in innovation 
processes, even if they work in a R &D role and are responsible of innovation 
activities [93]. In this contribution, we have shown the opposite, by devising an 
approach based on the ideas from [25]: we focussed on how gender is embedded 
in business processes, by the counting of women and men involved in innovation 
processes, and we have defined a metric able to quantify the level of openness of 
a company to innovation.

Our contribution spreads light on the ongoing discussion about the conditions 
under which gender diversity is an asset and a stimuli for creativity and innova-
tion: we have investigated businesses with different gender composition and dif-
ferent attitude to creativity and innovation. In a way, this is a first step in the 
definition of a gender neutral concepts to be used when examining innovation and 
related issues, in order to develop methods to examine what people do, rather than 
how they talk about it. At the current step, it seems that the presence of women 
has a relation with the business’ innovation claims: we cannot identify a causal 
link, but this indicates a direction for future research on what makes women more 
influential in the Boards, and on the extent to which women ideas about innova-
tion are considered and implemented in companies (and comparing these findings 
with those relative to the male counterpart). Furthermore, we want to examine the 
extent to which women and men intervene in the innovation discourses: for this 
goal, we have to define different keywords and regular expressions to be associ-
ated to innovation and gender analysis.

Further research will be also devoted to replicating this approach to other geo-
graphical contexts: the first step will consist in analysing emerging markets, in 
which gender and innovations appear to be more intertwined. The tools we have 
introduced are apt to work in English, hence the first attempts will be concerned 
with English-speaking countries. A further analysis will be carried out after hav-
ing defined the new keywords to be used in other languages.

Furthermore, we want to extend our approach by considering the role that time 
plays in the innovation process and in making claims on companies websites. In 
this direction, it would be interesting to investigate on the effects induced by time 
lags between the moment when a woman joins the Board of Directors and the 
time she can exert an influence on firms’ innovativeness. Such analysis would 
need high frequency input data to continuously monitor changes in the Boards 
of Directors and in the regular expressions occurrences on the firms’ websites. 
It will be will valuable for future studies to include more traditional ways of 
measuring innovation (number of new products, number of new product features, 
number of new services, number of patents, etc.) as covariates in models similar 
to the one presented here. This analysis was left out of the scope of the present 
study since it requires a completely different data collection approach.
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