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Abstract
Increasing evidence of women’s under-representation in some scientific disciplines is 
prompting researchers to expand our understanding of this social phenomenon. Moreover, 
any countermeasures proposed to eliminate this under-representation should be tailored 
to the actual reasons for this different participation. Here, we take a multi-dimensional 
approach to assessing gender differences in science by representing scientific communities 
as social networks, and using data analytics, complexity science methods, and semantic 
methods to measure gender differences in the context, the attitude and the success of sci-
entists. We apply this approach to four scientific communities in the two fields of computer 
science and information systems using the network of authors at four different conferences. 
For each discipline, one conference is based in Italy and attracts mostly Italians, while one 
conference is international in both location and participants. The present paper provides 
evidence against common narratives that women’s under-representation is due to women’s 
limited skills and/or less social centrality.

Keywords Gender · Social networks · Semantics · Complex networks

Introduction

Low participation of women in some of the STEM (Science, Technology, Engineering, and 
Mathematics) disciplines, such as computer science (CS) and information systems (IS), is 
a social phenomenon that is gaining the attention of the scientific community (EIGE 2019; 
Fatourou et al. 2019; Kersey et al. 2018; Leslie et al. 2015; Payton and Berki 2019; Reilly 
et al. 2019; UNESCO 2017). There are several reasons why public institutions such as the 
European Commission want to increase the participation of women in STEM disciplines: 
first of all in order to achieve gender equality and combat gender discrimination (Fatourou 
et  al. 2019); secondly in order to meet a growing global demand for STEM profession-
als (especially in the digital sector); and finally, as revealed by a study by the European 
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Institute of Gender Equality (EIGE), because reducing the gender gap in STEM education 
would lead to more jobs and an increase in gross domestic product (EIGE 2019).

Although there are some attempts to explain this phenomenon, the reasons for male 
over-representation are still unclear and controversial (O’Dea et al. 2018). Currently, most 
of the studies on gender diversity mainly address differences of gender ratios of scientists 
writing papers or being the first authors (Mattauch et al. 2020; Holman et al. 2018; Lariv-
ière et al. 2013), who graduate in these fields, who have speaking opportunities at scientific 
events (Ford et al. 2018), who have been awarded the Nobel Prize (Lunnemann et al. 2019) 
or who hold relevant positions (e.g., Full Professor or manager of an IT company). For 
instance, the 2017 Taulbee survey (Zweben and Bizot 2018) of the Computing Research 
Association focuses on students of academic units in the United States and Canada in the 
information, computer science and computer engineering disciplines. According to it, 
women’s bachelor’s degrees in 2016/2017 were 19.2%, master’s degrees were 29.6% and 
PhDs were 19.3%. However, the contribution of these reports based on gender ratios is lim-
ited as they do not take into account the nuances of reality, which embeds the specificity of 
the scientific field, the social relationships between people and the individual psychologi-
cal features of the community members. Furthermore, (Huang et al. 2020) found that the 
increase in the rate of women over the last 60 years has gone hand in hand with an increase 
of gender divide in terms of productivity and impact.

The recent public debate on the reasons for the under-representation of women in 
STEM has suggested that they are due to intrinsic differences in aptitude rather than socio-
cultural differences (Damore 2017). However, a study of Kersey et  al. (2018) on math-
ematical skills of children revealed that males and females are equally equipped for math-
ematics during childhood. Then, a study of Reilly et al. (2019) showed small-to-medium 
gender differences for most individual countries but not globally. Moreover, (Leslie et al. 
2015 and Payton and Berki 2019) presented the results of studies that provide evidence 
that under-representation of women in STEM is due to negative stereotypes claiming that 
success depends on raw and innate talent and that women do not possess it. All the aspects 
mentioned above reinforce the idea that gender differences in representation are mainly due 
to socio-cultural motivations rather than intrinsic differences.

A more in depth-analysis of gender diversity that goes beyond differences in gender 
ratios is needed. To this end, the scientific community is very active in presenting stud-
ies to assess the gender gap. By harnessing the power of available data on research pub-
lications, new insights on gender differences can be produced. For instance, (Duch et al. 
2012) provided evidence that gender disparities in publication rate and impact are disci-
pline-specific. According to the Elsevier report (Elsevier 2017) focusing on gender in the 
global research landscape, women are slightly more involved in interdisciplinary research 
and are generally less internationally mobile than men. Bendels et al. (2018) analyzed the 
proportion of female authorships as well as the proportion of female first and last author-
ships to get insights on gender disparities in high-quality research. The conclusion of their 
research shows that, compared to men, women are under-represented as authors of pres-
tigious papers, especially in those attracting the highest citation rates. Based on a study on 
more than one million of computer scientists, (Jadidi et al. 2018) found that the success 
of a computer scientist is mainly due to specific collaboration patterns (e.g., tendency in 
collaborating with more colleagues, longer-lasting collaborations) and that women are less 
likely to adopt them.

Another approach to address gender diversity is to propose indices or frameworks to 
assess the gender gap. For instance, the gender diversity index proposed by the European 
project GEnder Diversity Impact - Improving research and innovation through gender 
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diversity (GEDII) aims at measuring gender diversity in research teams (Humbert and 
Guenther 2018) by focusing on the representation of women and men in the category 
that is either most desirable (e.g. a senior role in the team) or inclusive (e.g. people with 
care responsibilities) and the extent to which women and men can equally progress within 
functional levels. This index mainly relies on demographic indicators, such as age, mari-
tal status and education, and functional indicators, such as team role and contract. How-
ever, this approach requires surveying individual teams, does not address cognitive aspects 
such as influence, creativity, and authority and is not based on an accurate analysis of the 
social context and the discipline. Among the existing periodic reports, the global gender 
gap report by the World Economic Forum is published annually to capture the extent of 
gender-based inequalities and to track their progress over time. It proposes an index that 
examines the gender gap across four subindices: economic participation and opportunity, 
educational attainment, health and survival, and political empowerment. The global gender 
gap report of 2018 (WEF 2018) identifies Artificial Intelligence (AI) as a driver for innova-
tion in the near future and presents an analysis of AI skills of LinkedIn users based on gen-
ders and geography. However, according to it, only 22% of the global professionals in AI 
are females. This undermines females’ ability to be key players in developing AI methods 
and technology. Recently, the EU Commission published another report to assess gender 
disparities in the society (EC: Directorate-General for Justice and Consumers 2018). This 
examined female labour market participation and gender pay, earnings and pension gaps in 
Europe.

In this paper, we define gender divide as any gender difference in the careers of scien-
tists, whether female scientists are disadvantaged or advantaged. The research questions 
in this paper concern gender divide and are the following: ( RQ1 ) Can we assess gender 
divide in a scientific community? As a group, are women and men ( RQ2 ) equally suc-
cessful, ( RQ3 ) equally creative, ( RQ4 ) equally key to the larger community, ( RQ5 ) equally 
important in determining the future direction of research? As a group, do women and men 
( RQ6 ) study different topics, ( RQ7 ) work with each other, ( RQ8 ) have different sources of 
inspiration? ( RQ9 ) Does the gender divide depend on discipline? ( RQ10 ) Within a disci-
pline, does the gender divide vary on a geographical basis?

These research questions are addressed by proposing a methodological framework for 
gender divide assessment. This science of science approach (Fortunato et al. 2018) aims 
to be a multi-perspective tool to assess gender divide in research communities based on 
real data and leveraging techniques from complex network analysis (Newman 2010) and 
semantic analysis (Mika 2007). The present paper shares with (Tommaso et al. 2017; Di 
Tommaso et al. 2020) an analysis of gender diversity by means of social network analysis, 
but proposes different metrics. We apply these metrics to case studies of the conferences 
of four different scientific communities. Two of the communities research information sys-
tems, while the other two research computer science. For each discipline, both an Italian 
community and an international one were analyzed. The Italian conferences are ITAIS1 and 
SEBD2, while the international ones are ICIS3 and VLDB4. The difference between ITAIS 
and ICIS, as well as that between SEBD and VLDB, is related to the attendants: there are 

1 Web site of the conference of the Italian Chapter of AIS (Association for Information Systems): http://
www.itais .org.
2 Web site of the Italian Symposium on Advanced Database Systems: http://www.sebd.org.
3 Web site of the international Conference for Information systems: https ://aisne t.org/page/ICISP age.
4 Web site of the International Conference on Very Large Data Bases: http://www.vldb.org.

http://www.itais.org
http://www.itais.org
http://www.sebd.org
https://aisnet.org/page/ICISPage
http://www.vldb.org
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mainly Italian scientists participating to ITAIS and SEBD, whereas scientists from all over 
the world attend ICIS and VLDB. While ITAIS and ICIS deal with topics related to the 
information systems discipline, SEBD and VLDB are concerned with computer science. 
Finally, it is noteworthy that the participants in these conferences are mainly professors and 
researchers. However, the ITAIS and ICIS participants mainly come from business schools 
and engineering universities in contrast to the SEBD and VLDB participants exclusively 
coming from engineering universities. Preliminary results concerning only the ITAIS com-
munity and an early version of the methodological framework for gender divide assessment 
were discussed in D’Agostino and De Nicola (2019). That study revealed that, despite the 
observed diversity, females play a significant role in this community. The results of the 
statistical analysis underlying this paper are presented in the Supplementary Information.

Methodological framework for gender divide assessment

Our methodological framework (Fig. 1) addresses gender divide along three dimensions. 
Each dimension is associated with a set of metrics and corresponding indices, which are 
described in Table  1. Data availability is likely to limit which of these indices can be 
measured.

The first dimension is the context, the environment within which the members of the 
community operate. The corresponding metrics are the discipline (Nielsen et  al. 2018), 
describing the domain of interest under analysis, and the community, describing the 

Fig. 1  Framework for gender divide assessment
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Table 1  Summary of the indices

Index Description

Authority Authority measures to what extent the topics in an author’s papers influence 
the topics in his/her coauthors’ papers.

Betweennes Betweenness (B) (Freeman 1978) measures how important were a node if all 
of them would try to communicate along the network by the shortest path. 
That is, supposing anyone sends a message to anyone, how many of such 
messages pass through a node.

Charges Number of positions of responsibility for controlling or caring for some-
thing. Examples could be the role of a scientist inside an organization 
(e.g., Full Professor) or a community.

Citations Bibliographic index that measures the overall number of times a researcher 
has been cited by other scientists.

Clan segregation Clan segregation indicates the presence in a community of prominent 
clusters of researchers (i.e. clans) consisting of either only males or only 
females.

Closeness Closeness measures the average harmonic distance for a member to reach 
any other member of the community (Bavelas 1950).

Combinational creativity Combinational creativity measures the ability of a researcher to combine 
different topics (Gero 2000). It is given by the number of times he/she has 
been the one that combined two topics for the first time.

Degree Number of coauthors of a member the community.
Degree centrality  Degree centrality ( Dcen ) for a node is the fraction of nodes it is connected 

to. It is normalized by dividing by the maximum possible degree in a 
simple graph (n-1) where n is the number of nodes.

EigenCentrality EigenCentrality (Bonacich 1987) can be interpreted as the probability of 
news to reach a node upon spreading on the network.

Gender ratio Gender ratio allows to measure the female to male ratio.
H-index H-index is defined as the maximum value of h such that the given researcher 

has published h papers that have each been cited at least h times (Hirsch 
2005).

Keynotes Number of keynotes held by a researcher.
Neighbour susceptibility This index measures to what extent the topics in an author’s papers are 

influenced by the topics in his/her coauthors’ papers.
Novelty Novelty measures the ability of a researcher to produce work that is both 

novel (i.e., original, unexpected) and appropriate (i.e., useful, adaptive 
concerning task constraints)” (Sternberg and Lubart 1999). It is given by 
the number of times he/she has been the one that introduced a topic for the 
first time.

Numbers of papers Number of papers written by a researcher.
Polarity Polarity captures the difference of attention paid by females and 

males to the topics. Polarity of a topic ck is computed as following: 
P(ck) = Pm(ck) − Pf (ck) where Pm(ck) and Pf (ck) are the average semantic 
profiles concerning the topic ck , respectively, of males and of females. 
Negative values of polarity correspond to the topics used mainly by 
females whereas positive values to those used mainly by males.

Prizes & awards Number of prizes and awards won by a member of a community.
Salary The salary received by a member of a community.
Semantic centrality Semantic centrality measures to what extent the topics in an author’s papers 

concern the key topics (i.e. the most popular ones) in the conference 
papers as a whole.

Semantic distance of genders Semantic distance of genders allows to assess the diversity of semantic 
profiles relative to females and males.
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features that emerge from existing social relationships and collaborations (Zeng et al. 2016) 
and the female to male ratio. The indices that were considered for the discipline metrics are 
based on semantic analysis. They are: topics segregation (Zeng et al. 2016), spread of gen-
der trends, polarity, semantic distance and semantic centrality. The basic idea is that 
semantics, as well as natural language processing, can benefit quantitative social science 
(Garg et al. 2018). Topics segregation measures whether there are clusters of topics that are 
only covered by females or only by males. Spread of gender trends can be used to assess 
how focused the interests of each gender are. Polarity captures the difference in the atten-
tion paid by females and males to the topics. A semantic profile is the set of interests of a 
member of the social network together with the corresponding weights. A weight repre-
sents both the degree of interest in a topic and the estimation of the Li(ck, t) likelihood of 
the hi member to be interested in a ck topic in year t (D’Agostino et al. 2015), which is com-
puted as the relative frequency of the publications (these can be considered as “expressions 
of interest”) of hi in ck . Thus, Li(ck, t) =

�hi
(ck ,t)

∑
ck
�hi

(ck ,t)
 , where �hi (ck, t) represents how many 

papers, written by the member hi before the considered year t, are indexed by the ck topic. 
This function, by definition, spans the [0,  1] range; the unitary value represents a total 
interest in the subject, while a null value means no interest at all. Semantic distance of gen-
ders allows to assess the diversity of semantic profiles related to females and males. 
Semantic centrality measures to what extent the topics characterizing an author’s profile 
belong to the main-stream or to some minor subjects. This index therefore measures how 
key the topics treated by her or him are and to what extent the topics in an author’s papers 
concern the key topics (i.e. the most popular ones) in the conference papers as a whole. 
The semantic analysis proposed for this metrics could be used to study the benefits of a 
greater involvement of females for scientific progress as done by Nielsen et  al. (2017). 
Then, seven indices were considered for the community metrics. Gender ratio allows to 
measure the ratio between females and males whereas clan segregation, degree centrality, 
betweenness, closeness, degree and eigencentrality allow to measure the topological prop-
erties (Boccaletti et al. 2006) of the social network relating to the social inclusion of its 
members. Note that each scientific community was considered as a social network and, 
hence, as a graph where the nodes represent the authors and the edges the co-authorship 
relationships. Yang et al. (2019) presented evidence that network centrality indices are rel-
evant for gender divide assessment as they can also be used to predict the success of an 
individual.

The second dimension of the framework is the attitude. This concerns the psychological 
tendencies of the members of the community. One of its possible metrics is susceptibility, 
distinguished in neighbour susceptibility and trend susceptibility indices (D’Agostino et al. 
2015). The former measures to what extent the topics in an author’s papers are influenced 

Table 1  (continued)

Index Description

Spread of gender trends Spread of gender trends can be used to assess how focused the interests of 
each gender are.

Topics segregation Topics segregation measures whether there are clusters of topics covered 
only by females or only by males.

Trend susceptibility Trend susceptibility measures to what extent the topics in an author’s papers 
are influenced by the topics in the conference papers as a whole.



Scientometrics 

1 3

by the topics in his/her coauthors’ papers, while the latter to what extent the same topics 
are influenced by those in the conference papers as a whole. Another possible metrics is 
creativity, defined as “the ability to produce work that is both novel (i.e., original, unex-
pected) and appropriate (i.e., useful, adaptive concerning task constraints)” (Sternberg and 
Lubart 1999). This can be assessed by the novelty and the combinational creativity indices 
(Gero 2000). Even if assessing gender differences in creativity is controversial (Abraham 
2016), these two indices can shed new light on the analysis of creativity of the members of 
a community.

The last dimension of the framework is the success, which is about achieving objectives. 
This is associated with two metrics: self-realization and empowerment to assess, respec-
tively, fulfillment by oneself of individual possibilities and how much power and authority 
is granted to an individual. The empowerment metrics can be assessed, for instance, by 
means of the number of prizes and awards won, the number of keynotes held by a scientist, 
the salary, the charges, and her or his authority (D’Agostino et al. 2015). Authority meas-
ures to what extent the topics in an author’s papers influence the topics in his/her coau-
thors’ papers. Examples of charges could be the role of a scientist inside an organization 
(e.g., Full Professor) or a community. For instance, Lerback and Hanson (2017) presented 
evidence that females are less invited as referees in peer review for scholarly publications 
than males. Finally, the self-realization metrics can be assessed by means of bibliographic 
indices such as H-index, citations, and number of papers.

A summary of all indices is presented in Table 1.

Data

For each community, we collected data about publications including the titles, the publica-
tion years, and the authors from the web sites of the above-mentioned conferences, from 
the DBLP computer science bibliography5, which provides open bibliographic information 
on major computer science journals and proceedings, and from SCOPUS. Data collection 
was done based on papers availability and with the goal of having datasets with the same 
time-period, at least at geographical level. We analyzed data by means of the methods and 
tools presented in the next Section. Table 2 presents a summary of the characteristics of the 
datasets. The authors were classified according to our ability to infer their gender from the 

Table 2  Summary of the main characteristics of the datasets for each scientific community: commu-
nity (Com.), discipline (Disc.), number of papers (Pap.), period, area, number of males (Mal.), number of 
females (Fem.), number of undetermined (Undet.), total number of authors (Total), and ratio

Com. Disc. Pap. Period Area Mal. Fem. Undet. Total Ratio

ITAIS IS 852 2007–2016 Italy 709 418 – 1127 1:1.70
SEBD CS 495 2007–2016 Italy 578 172 – 750 1:3.36
ICIS IS 4348 1980–2016 World 1163 483 4056 5702 1:2.41
VLDB CS 2590 1980–2016 World 844 160 2928 3932 1:5.28

5 DBLP computer science bibliography: https ://dblp.uni-trier .de.

https://dblp.uni-trier.de
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first name. If no gender could be inferred from the first name of the author, it was consid-
ered undetermined (see the column labelled by Undet. in Table 2).

Data is available at https ://tinyu rl.com/gende rdivi de-datas et.

Methods and tools

The novel method of analysis introduced in this paper regards a community of people as a 
semantic social network (SSN). This consists of an ontology representing the semantics of 
the domain of interest, a social network, and the actual interests of the community of mem-
bers with their weights (D’Agostino et al. 2015; Mika 2007). An ontology is a conceptual 
model of a fragment of an observed reality that consists of interlinking concepts concern-
ing a given domain of interest (De Nicola and Missikoff 2016).

The main steps of the method are the following. First (1) a domain ontology (De Nicola 
and Missikoff 2016) is extracted from a repository of raw data to represent the research 
topics of the discipline. The second step (2) is to identify the members by their names and 
determining the gender of each participant. Then, (3) some expressions of interests of the 
members in topics are inferred from their publications. To the purpose of these three steps, 
we analyzed the titles and the names of the authors of the papers presented at the confer-
ences. We used lists of masculine and feminine names publicly available on the web6 and 
we resorted to some pictures available on the web when the names were ambiguous. The 
third step allows to associate a dynamic (for each year) semantic profile to each member 
of the social network. The fourth step (4) is to make a topological analysis of the social 
network by means of complexity science methods and techniques. The fifth step (5) is to 
estimate susceptibility to trends and to neighbours and authority (Aral and Walker 2012; 
D’Agostino et al. 2015). This can only be done for a subset of community members that 
are here named semantically treatable. In fact, among all the authors, only a part of them 
published in at least two different years. Only those authors who exhibit a change of their 
interests during time are eligible for the analysis. For this purpose, we used a software 
application (namely the “attitude manager”) developed on top of the interest propaga-
tion model and related equations of dynamics presented by D’Agostino et al. (2015). This 
model assumes that, as a person, each member tends to maintain her or his own beliefs; 
is partly influenced by others interacting with them (one-to-one interaction); and is partly 
influenced by trends (one to all interaction). The sixth step (6) is to identify creative mem-
bers of the social network by detecting those that introduced new topics or novel combina-
tions of topics. The last step is to measure success indices depending on data availability 
(e.g., number of papers, citations, ...).

The above-presented method is supported by a tools suite that we developed for the pur-
pose. This takes as input natural language texts from the conference papers and performs 
the analysis of the semantic social network. Figure 2 shows a sketchy representation of the 
architecture of the tool suite that consists of five modules that are presented as follows.

The programming languages adopted to build the software are Java and Python. We 
wrote the code of most of the modules from scratch; however, we used also several existing 
libraries. Among them we cite: Apache Lucene, Colt, CommonsMath, rdf4j, for JAVA, and 
NetworkX and matplotlib, for Python.

6 See, for instance, https ://www.ssa.gov/oact/babyn ames/decad es/centu ry.html.

https://tinyurl.com/genderdivide-dataset
https://www.ssa.gov/oact/babynames/decades/century.html
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The ontology manager takes as input the available titles of the papers. We limited our 
analysis to the titles as it is possible to extract from them the main topics treated in the 
papers. There are other possible choices for the semantic analysis such as the use of the 
keywords. However, it is worth noting that sometimes authors’ keywords do not refer to the 
specific content of the paper, but to the general state of the art in the field and, hence, they 
could include topics not related to the main subject of the paper. The ontology manager 
automatically extracts a set of topics and, by following the incremental ontology engineer-
ing methodology UPON lite (De Nicola and Missikoff 2016), a set of specialization rela-
tionships and a set of generic relationships between them. This module implements the 
following workflow to produce an approximation of the set of basic topics. 

1. Replacing HTML tags with characters (e.g., “&#203;” with “Ë”).
2. Removing titles containing words that clearly indicate that the titles do not refer to 

scientific papers (e.g., editor in chief, poster).
3. Removing not-English titles by means of the language-detection techniques available 

with Apache Lucene7 Java library.
4. Tokenizing titles to split titles in tokens by managing punctuation and function words 

(e.g., is, can, then).
5. Stemming to reduce words to their lexemes. A lexeme is a unit of lexical meaning that 

exists regardless of the number of inflectional endings it may have or the number of 
words it may contain (Hughes 2004). Accordingly, terms such as “innovation” and 
“innovations”, or “topological” and “topology”, correspond to the same lexeme.

6. Computing frequencies of lexemes and multi-words lexemes.

Fig. 2  Tool suite architecture for gender assessment of scientific communities

7 Apache Lucene: https ://lucen e.apach e.org/core.

https://lucene.apache.org/core
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7. Identifying the minimum annotation set of topics. These correspond to the single and 
multi word lexemes that permit to index all the papers of each dataset by means of at 
least one (single or multi word) lexeme.

We manually checked the identified topics to assess their quality. Precision of the ontology 
extraction process is 92%. Specialization relationships were identified by means of linguis-
tic patterns (e.g., project manager IS_A manager) and generic relationships by means of 
co-occurrence of terms. The ontology was automatically saved in RDF (Resource Descrip-
tion Framework) and GML (Graph Modeling Language) for visualization purposes. Then, 
together with the gender manager, this module allowed to perform the gender-based assess-
ment of the semantics of the field.

The gender manager module takes as input a list of masculine and feminine given names 
and determines the gender of the author. Given names of authors that do not belong to the 
above-mentioned lists should be manually checked to identify the gender.

The social network manager extracts the social network by analyzing the authors of the 
publications and builds a graph. If two scientists are co-authors of at least one paper, the 
social network manager builds a connection in the graph. With regard to the homonymy 
issue, data about SEBD, ICIS, and VLDB communities were collected from the DBLP 
computer science bibliography. An existing study (Kim 2018) shows that DBLP assigns 
author names quite accurately to distinct authors, possibly due to its hybrid disambiguation 
approach combining algorithmic disambiguation and manual error correction. Concerning 
ITAIS, we collected data from different sources (i.e., SCOPUS, conference agendas and 
conference proceedings) because not all data were available from DBLP. However, as the 
ITAIS community is not very large, we were able to check all the persons one by one and 
we did not detect any cases of homonymy. Then, the social network manager computes 
some topological features of the network, such as closeness, betweenness, eigencentrality, 
and degree.

The attitude manager estimates the susceptibility indices of treatable members of the 
social network by means of an algorithm based on information diffusion (D’Agostino et al. 
2015). Then it detects the community members who introduced novel topics or novel com-
binations of them for each year of the time interval considered.

The success analyzer performs the analysis of the success. In particular, it estimates 
authority values for treatable members of the social network. Authority of a member is 
inferred from the susceptibility values of connected treatable members.

Context

As already mentioned, the first dimension is the context. This is associated to the discipline 
and the community metrics.

Discipline

To the purpose of discipline assessment, we considered three indices for the ITAIS and 
SEBD scientific communities: topics segregation, polarity, and semantic centrality. Instead, 
we considered only semantic centrality for the ICIS and VLDB scientific communities, due 
to our limited ability in recognizing gender from international first names.
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Topics segregation measures whether there are topics treated exclusively by females 
or others only by males. This is an accurate means for early detection of ghettoisation 
(Nielsen et al. 2018) in disciplines. We identified 431 topics related to information systems 
for ITAIS. Figure 3 depicts the corresponding ontology concepts as a semantic network 
(Sowa 2006). These are linked together by generic relationships automatically detected by 
means of natural language processing techniques. The assumption here is that two topics 
are related if they co-appear in the whole set of titles more than twice. The left part shows 
the overall ontology, whereas the right part is limited to an excerpt from the most con-
nected part concerning the topic innovation and the other topics directly connected with it. 
There are 127 topics exclusive of males, 62 treated by females only and 242 shared ones. 
While there are gender-specific topics, we did not observe clusters of topics treated only by 
males or only by females. This means that it is not possible to determine a subset of the IS 
domain specific for males or females. Similarly, the analysis of the SEBD community did 
not reveal the topics segregation issue (see Fig. 4).

Polarity allows to assess the gender-based polarity of the topics and, hence, if a topic 
is used more by females than males or viceversa. Polarity of a topic ck is computed as 

Fig. 3  Information systems ontology and an excerpt from its most connected part as resulting from the 
ITAIS dataset

Fig. 4  Computer science ontology and an excerpt from its most connected part as resulting from the SEBD 
dataset



 Scientometrics

1 3

following: P(ck) = Pm(ck) − Pf (ck) where Pm(ck) and Pf (ck) are the average semantic pro-
files concerning the topic ck , respectively, of males and of females. Negative values cor-
respond to the topics used mainly by females, whereas positive values to those used mainly 
by males. The left part of Fig. 5 shows the gender-based polarity of the topics for the ITAIS 
community. Yellow rectangles correspond to topics used by both genders; blue to those 
used only by males; and purple to those used only by females. Most topics have polarity 
close to 0. Thus, they are indiscriminately used by both males and females. Conversely, in 
the case of the SEBD community, there is a clear evidence from the right part of Fig. 5 that 
there are several topics with polarity higher than 0. This means that these concepts are used 
more by males than by females. Hence, this analysis reveals that there is a polarity issue in 
the SEBD community but not in the ITAIS one.

Semantic centrality measures to what extent the topics in an author’s papers belong 
to the main-stream or to some minor subjects. The semantic centrality of the hi author is 
defined as following:

where Lhi (ck) is her or his (their hereafter) degree of interest in the ck topic and Ls(ck) is 
the likelihood for the environment to provide some information on the ck topic (D’Agostino 
et  al. 2015). This index spans the [0,1] range. According to the analyzed data (see the 
Supplementary Information), ITAIS is the only community where the female role is 
more central. In fact, 𝛥S̄CITAIS

= S̄CM-S̄CF = −0.00015 . Conversely, the role of males 
is more central in the SEBD ( 𝛥S̄CSEBD

= +0.0004 ), ICIS ( 𝛥S̄CICIS
= +0.0004 ), and VLDB 

( 𝛥S̄CVLDB
= +0.00019 ) communities.

Community

The first index that we considered to the purpose of community assessment is gender ratio. 
The ITAIS and SEBD scientific communities consist, respectively, of 1127 authors and 
750 authors. In both cases, female representation is less than the average as only 37.09% 
of authors are females in ITAIS (418 people) and 22.93% (172 people) in SEBD. Hence, 
males are 62.91% (709 people) in ITAIS and 77.07% (578 people) in SEBD. This means 

(1)SChi
=
∑

ck

Lhi (ck) ⋅ Ls(ck);

Fig. 5  Polarity distribution of topics. (Color figure online)
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that, in line with the trend for science in Italy, the involvement of women in this sector is 
certainly incomplete. The question is whether the role played by women is as significant 
as that of males. Concerning the ICIS and VLDB communities, we recognized the gender 
from the first names only of a limited number of authors. In particular, in ICIS, we recog-
nized 483 females and 1163 males, while the gender was undetermined for 5702 authors. 
Among recognized authors, here, females are 29.34% and males 70.66%. Similarly, in 
VLDB, we recognized 160 females and 844 males, while the gender was undetermined for 
3992 authors. Among the recognized authors, here, females are 15.94% and males 84.06%. 
For both the information systems and computer science disciplines, we observed that the 
percentage of female authors is higher in the Italian scientific communities (ITAIS and 
SEBD) than in the international ones (ICIS and VLDB). Moreover, we observed that the 
percentage of female authors is lower in computer science than in information systems.

As mentioned in the ‘’Methodological Framework for Gender Divide Assessment” sec-
tion, for the following community assessment indices, each scientific community was con-
sidered as a graph where the nodes represent the authors and the edges the co-authorship 
relationships. It is noteworthy that the identified scientists and the connections between 
them are not all those that exist. Taking into account other data would require a multiplex 
structure (D’Agostino and De Nicola 2016) where each layer represents the social network 
resulting, for instance, from a different conference or journal. Such analysis would prob-
ably provide better results but there are some issues that need to be further investigated 
(e.g., different conferences could concern slightly different disciplines). However, we kept 
them out-of-scope in this paper. Figure  6 provides a graph representation of the overall 
communities: authors are represented by balls, which sizes are proportional to the degree 
(i.e. number of coauthors) and colors depend on gender: females dress purple, while males 
dress blue, undetermined ones in ICIS and VLDB dress grey.

Another relevant feature of a community is its connectivity. For instance, 213 clusters 
are observed in ITAIS, which are here shortly referred to as “clans”. A clan is a set of 
authors where each pair shares at least one publication. From the mathematical point of 
view, co-authorship represents an equivalence relation and clans are the resulting classes. It 
is possible to observe 7 prominent clans (with clan size cs > 19 ) in ITAIS, linking together 
several members, and several smaller ones, linking together smaller groups. The former 
represent well-connected members of the community; while the latter gather authors that 
wrote either few papers or with a restricted group of colleagues. Even if the gender ratio 
is lower than 1 (see Table 2), the above-mentioned prominent clans do not consist of only 
males or females (see Fig.  6 and Supplementary Information). ITAIS is the only com-
munity where the number of prominent clans is relevant. Table 3 presents some statistics 
about the identified clans in all the communities. In details, in the table, we included the 
number of researchers in the community (Persons), the number of clans (Clans), the num-
ber of clans with clan size (cs) higher than 19, the size of the largest clan ( csMAX ), the aver-
age clan size ( c̄s ), the standard deviation ( �cs ), and the normalized community entropy Ĥc . 
We define Ĥc as

where Hc = −
∑

i (pcli ⋅ ln pcli ) is the community entropy; pcli is the probability of a 
researcher to belong to the clan i; and Hc,max is the maximum entropy of the community. 
The latter is the entropy of a completely disconnected community where every clan con-
sists of only one researcher. The normalized community entropy spans the [0,1] range and 

(2)Ĥc =
Hc

Hc,max

,
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Fig. 6  Graph representation of the ITAIS, SEBD, ICIS, and VLDB social networks

Table 3  Summary of data concerning clans for each scientific community: community, overall number of 
persons (Persons), number of clans (Clans), number of clans with clan size (cs) higher than 19, maximum 
clan size, average clan size ( c̄s ), standard deviation ( �cs ) of clan size, and normalized community entropy 
( Ĥc)

Community Persons Clans Clans 
( cs > 19)

csMAX c̄s �cs  Ĥc

ITAIS 1127 213 7 175 (15.53%) 5.29 13.29 0.64
SEBD 750 62 1 576 (76.80%) 12.10 72.25 0.21
ICIS 5702 699 3 3986 (69.90%) 8.16 150.58 0.29
VLDB 3932 407 4 2833 (72.05%) 9.66 140.15 0.26
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measures the “state of disorder” of the community: 0 if all the researchers belong to only 
one clan and 1 if all the researchers belong to different clans. The number of clans with 
size higher than 19, c̄s , and Ĥc in Table  3 reveal that ITAIS is the “less ordered” com-
munity where the largest clans have a similar size. Instead, SEBD, ICIS, and VLDB are 
characterized by a large clan and several other ones with negligible size. Furthermore, we 
analyzed the number of females in the largest clan of all the communities and we observed 
a significant clan segregation against females only in SEBD and a weakly significant one 
in VLDB. We did not observe any clan segregation in ICIS whereas, from a statistical per-
spective, females are better positioned than males in ITAIS with respect to this index.

Given the social network, several indices can be calculated to quantify the centrality 
of researchers in the considered scientific communities (Boccaletti et  al. 2006). Table  4 
reports some of those topological indices for the communities and the gender subsets.

Each of the reported indices carries information on the role played by females (or males) 
in a specific respect. Most of such indices make an appropriate sense for fully connected 
networks. Here, the general indices were evaluated by performing an average over all clans.

Betweenness (B) (Freeman 1978) measures how important were a node if all of them 
would try to communicate along the network by the shortest path. That is, supposing any-
one sends a message to anyone, how many of such messages pass through a node. Even if 
males are more central than females in all the addressed scientific communities, this dif-
ference is not statistically significant in ITAIS and SEBD (see the Supplementary Infor-
mation). Therefore, some gender divide in favor of males concerning betweenness was 
observed only in the international conferences.

Degree centrality ( Dcen ) for a node is the fraction of nodes it is connected to. It is nor-
malized by dividing by the maximum possible degree in a simple graph (n-1) where n is 
the number of nodes8. Even if males are more central than females with respect to degree 
centrality in all the addressed scientific communities, this difference is not statistically sig-
nificant in SEBD that, hence, is the only community where such type of gender divide in 
favor of males was not observed.

On the other side females exhibit an average higher closeness centrality (Cl) (Bave-
las 1950) in ITAIS and ICIS. This means that the average harmonic distance for females 
to reach any other member of the community is longer than the same quantity for males. 

Table 4  Comparison of the average values of the main centrality indices

Community Gender B̄ D̄cen C̄l D̄all Ē

ITAIS Females 0.000089 0.0029 0.0107 3.25 0.0012
Males 0.000095 0.0035 0.0093 3.91 0.0061

SEBD Females 0.0033 0.0081 0.102 6.10 0.0075
Males 0.0037 0.0082 0.113 6.17 0.0061

ICIS Females 0.00031 0.00062 0.085 3.56 0.0039
Males 0.00044 0.00068 0.083 3.90 0.0042

VLDB Females 0.00031 0.00114 0.098 4.48 0.000003
Males 0.00063 0.00143 0.104 5.62 0.000916

8 Degree centrality description was retrieved from NetworkX online reference documentation: https ://
netwo rkx.githu b.io/docum entat ion/netwo rkx-1.9/refer ence/gener ated/netwo rkx.algor ithms .centr ality .degre 
e_centr ality .html.

https://networkx.github.io/documentation/networkx-1.9/reference/generated/networkx.algorithms.centrality.degree_centrality.html
https://networkx.github.io/documentation/networkx-1.9/reference/generated/networkx.algorithms.centrality.degree_centrality.html
https://networkx.github.io/documentation/networkx-1.9/reference/generated/networkx.algorithms.centrality.degree_centrality.html
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Closeness of males is higher in the other communities. Hence, such type of gender divide 
in favor of males was observed only in the computer science communities.

As can be seen at glance looking at the balls in Fig. 6, the average size for females is 
similar to the one for males in ITAIS. Actually, average degree ( Dall ) for females is 3.25, 
while for males it is 3.91. On average, females have about half collaborator less than males. 
This means that, within the ITAIS community, females tend to publish with about 20% 
fewer co-authors than males. Degree is higher for males in the other communities as well, 
but such gender divide in favor of males is not statistically significant in SEBD.

Eigencentrality (E) (Bonacich 1987) can be interpreted as the probability of news to 
reach a node upon spreading on the network. The results for the four case studies are a bit 
controversial as gender divide in favor of males was observed in the Italian community 
of information systems (ITAIS) and in the international one of computer science (VLDB) 
whereas it was not observed in the others (SEBD and ICIS).

Some community indicators are dependent as revealed by Martin-Hernandez (2013).

Attitude

The analysis of the attitude dimension addressed some individual characteristics of the 
members of the community, such as susceptibility to neighbours and trends, and creativity.

Susceptibility

Susceptibility indices are based on the idea that some psychological attitudes of members 
can be assessed by studying how the level of interest of authors in topics over time tracks 
the scientific discourse of the communities (Gerow et al. 2018). To this purpose, we con-
sidered a community as a semantic social network and we analyzed the diffusion of inter-
ests among the members by means of the approach presented by D’Agostino et al. (2015), 
which allows to estimate neighbour susceptibility ( xi ) and trend susceptibility ( xis ) for each 
member hi.

Neighbour susceptibility measures the extent that topics in an author’s papers are 
influenced by topics in coauthors’ papers. Specifically, it measures how strongly cor-
related changes in an author’s semantic profile are with changes in their co-authors 
semantic profiles. In contrast, trend susceptibility measures the impacts of the entire 
community. Specifically, it measures how correlated changes in an author’s semantic 
profile are with the average changes in the semantic profiles of all conference papers. 
The formulas to calculate these indices are presented in the appendix.

As already mentioned in the “Data” section, these indices were estimated only for 
semantically treatable authors ( hi ) that have written at least two papers in two different 
years. There are 347 (30.79%) semantically treatable authors in ITAIS, 280 (37.33%) in 
SEBD, 1771 (31.06%) in ICIS, and 1173 (29.83%) in VLDB. The general tendency for 
authors in all the communities is to be more influenced by trends than by coauthors. In 
fact, the average susceptibility to neighbours and to trends are, respectively, 4.1%, and 
18.8% in ITAIS; 9.1%, and 14.1% in SEBD; and 9.8%, and 11.5% in ICIS. The average 
susceptibility to neighbours is higher than that to trends (7.1%, against 6.1%) only in 
VLDB. As can be seen in Table  5 and in the Supplementary Information, the differ-
ence between the average susceptibility to neighbours ( ̄x ) for males and that for females 
is significant only in SEBD where it is 7.1% for males and 16.2% for females. Hence, 
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there is not gender divide concerning this index in the other communities. The differ-
ence between the average susceptibility to trends ( x̄s ) for males and that for females is 
not significant only in ITAIS. In the other communities, there is gender divide as the 
average susceptibility to trends for males is higher than that for females: 14.5% against 
12.4% in SEBD, 12.9% against 9.5% in ICIS, and 5.9% against 5.2% in VLDB (see 
Table  5). Figures  7 and 8 depict, respectively, the histograms of neighbour and trend 
susceptibility concerning, respectively, the ITAIS, the SEBD, the ICIS, and the VLDB 
communities. Both the figures highlight the above mentioned differences of susceptibil-
ity indices between genders.

Table 5  Comparison of the average values of the susceptibility indices and authority for semantically 
treatable values. Average susceptibility to neighbours: x̄ ; average susceptibility to trends: x̄s ; average 
authority:  ̄a

Community Gender x̄ x̄s ā

ITAIS Females 0.045 0.184 0.078
Males 0.039 0.192 0.092

SEBD Females 0.162 0.124 0.215
Males 0.071 0.145 0.225

ICIS Females 0.102 0.095 0.173
Males 0.103 0.129 0.217

VLDB Females 0.066 0.052 0.119
Males 0.060 0.059 0.147

Fig. 7  Histograms of neighbour susceptibility
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Creativity

Creativity in conceiving new ideas and technology is one of the elements required to 
disrupt science and technology. While Wu et al. (2019) assessed the role of the size of 
research teams in disrupting them, this study focuses on individual creativity by propos-
ing two novel indices: novelty and combinational creativity. These permit to consider 
also the original work of scientists even if its importance is not recognized for several 
years after its publication, as happens with the so called sleeping beauties (Ke et  al. 
2015). As a preliminary step towards the definition of these two indices, for each year 
of the studied period, we identified the authors who first introduced a new topic in the 
community. Then, we considered combinational creativity, which is the ability to com-
bine different topics (Gero 2000). Indeed, according to Uzzi et  al. (2013), the highest 
impact in science is primarily due to conventional and unusual combinations of prior 
work. Along this line, we identified the authors that combined different existing top-
ics first. Then, we compared the ratios of creative authors by gender with the general 
gender distribution of authors. Table 6 presents the results of this preliminary analysis. 
According to them, it was observed that there are more creative females in ITAIS and 
VLDB and less creative females in SEBD. In ICIS, females are more creative, from the 
novelty perspective, and less from the combinational creativity one. However, as such 
deviations are small and counting the number of creative authors does not take into 
account to what an extent an author is creative, we defined two new indices as it follows.

The novelty index N  measures to what extent an author contributes to the forma-
tion of the discipline by introducing novel topics. The novelty index of the author hi is 
defined as following:

Fig. 8  Histograms of trend susceptibility
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where �k,i = 1 if the author hi was one of the first authors to propose the topic ck ; �k,i = 0 if 
the author hi was not one of the first authors to propose the topic ck ; nck is the number of the 
authors that first proposed the topic ck ; and Nck

 is the overall number of topics. This index 
spans the [0,1] range.

Similarly, the combinational creativity index C measures to what extent an author con-
tributes to the formation of the discipline by introducing novel combinations of topics. The 
combinational creativity index of the author hi is defined as following:

where pkl is the pair of topics (ck, cl) ; �pkl,i = 1 if the author hi was one of the first authors to 
propose pkl ; �pkl,i = 0 if the author hi was not one of the first authors to propose pkl ; npkl is 
the number of the authors that first proposed pkl ; and Npkl

 is the overall number of detected 
pairs of topics. Also this index spans the [0,1] range.

According to the N̄  and C̄ indices (see Table 6, Fig. 9, and the Supplementary Informa-
tion for the detailed statistical analysis), females are more creative in the ITAIS community 
and less in the VLDB community from both the novelty and combinational creativity per-
spectives. Figure 9 depicts the scatter plots, concerning the ITAIS, the SEBD, the ICIS, 
and the VLDB communities, with the relationship between the novelty and the combina-
tional creativity values. Several purple dots representing females are either on the right or 
on the top of the populated areas of the ITAIS scatter plot as well as they are almost absent 
in the same areas of the VLDB scatter plot. Moreover, it was observed some gender divide 
in favor of males from the combinational creativity perspective but not from the novelty 
perspective in the SEBD and ICIS communities. This is also revealed by observing that a 
limited number of purple dots are on the top of the populated areas of the SEBD and ICIS 
scatter plots of Fig. 9, while more purple dots are on the right of the populated areas.

(3)Nhi
=

1

Nck

⋅

∑

ck

�k,i

nck

,

(4)Chi
=

1

Npkl

⋅

∑

pkl

�pkl,i

npkl

,

Table 6  Results of the creativity analysis and average number of papers for the ITAIS, SEBD, ICIS, and 
VLDB communities. N  authors are the authors introducing novel topics. C authors are the authors introduc-
ing novel combinations of topics. N̄  is the average novelty index. C̄ is the average combinational creativity 
index. p̄ is the average number of papers

Community Gender Ratio (%) N  authors (%) C authors (%) N̄ C̄  p̄

ITAIS Female 37.09 37.88 37.38 0.00099 0.0010 2.04
Male 62.91 62.12 62.62 0.00082 0.0008 1.90

SEBD Female 22.93 21.78 22.22 0.00128 0.00123 2.27
Male 77.07 78.22 77.78 0.00135 0.00136 2.34

ICIS Female 29.34 31.20 29.19 0.000170 0.000153 1.89
Male 70.66 68.80 70.81 0.000163 0.000162 2.07

VLDB Female 15.94 16.17 16.46 0.00021 0.000208 1.68
Male 84.06 83.83 83.54 0.00030 0.000282 2.16
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Success

The analysis of the success dimension addressed the accomplishment of the scientist 
objectives.

Empowerment

Following the analytical approach presented by D’Agostino et al. (2015), we estimated the 
authority of semantically treatable authors ( hi ) in the four communities by adding the 
neighbour susceptibility values ( xi ) of their neighbours (i.e. coauthors) hj : ai

def
=
∑

hj∈Nhi

xj , 
where Nhi

 is the overall set of the coauthors of the author hi . Table 5 presents the average 
values ( ̄a ) for females and males. The general tendency for authors in all the communities 
is that the average authority of males is higher than that of females. However, the observed 
differences of average values in the SEBD community are not significant from a statistical 
point of view (see Table 5 and the Supplementary Information). Figure 10 presents the his-
tograms of authority distributions concerning the four communities. Again blue bins repre-
sent males, while purple ones represent females. This shows that the SEBD community is 
the only one where females are characterized by authority values that tend to be uniformly 
distributed in the whole range with respect to the other communities, where females are 
characterized mainly by low values. Figure 11 presents the relationship between the author-
ity of authors and the number of published papers. Balls are proportional to the degree (i.e. 
number of coauthors). Again, blue balls represent males and purple ones represent females. 

Fig. 9  Relationship between novelty and combinational creativity
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The scatter plots in Fig. 11 reveal that, even if there is not a clear evidence of relationship 
between the authority and the number of papers as well as with the degree, the trend is that 
the degree affects the authority more than the number of papers. This can be noted, in par-
ticular, in the ICIS scatter plot. Hence, a suggestion to improve the authority values for 
females is to increase the number of their peers rather than their scientific production. 
Finally, Fig. 12 presents the scatter plots with the relationship between the trend suscepti-
bility and the neighbour susceptibility for authors having authority greater than the average 
authority. Here, the size of the balls representing the authors is proportional to the author-
ity. There is not a clear-cut evidence of any relationship between authority and one of the 
two susceptibility indices. 

Self‑realization

The last index that was considered for the analysis of the four communities is the average 
number of papers p̄ . ITAIS is the only community where the average value of this index for 
females is higher than that of males, while in the others males tend to publish more than 
females. All these results are statistically significant (see the Supplementary Information).

Statistical analysis for gender divide assessment

This section describes the statistical analysis that we performed to decide if there is gen-
der divide related to an indicator. The statistical analysis may be regarded as testing the 
hypothesis of genuine gender divide against the “null hypothesis” that no gender divide is 
found. In some cases it provides evidence for a gender divide, while in other cases the set 
of females appears close similar to a random selected one.

Fig. 10  Histograms of authority
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For each indicator, we present a figure showing the distributions of the average value 
of random samples of the same size of the female group (see Supplementary Informa-
tion). Figure 13, for instance, presents the distributions of the sample averages of the 
combinational creativity index for the four scientific communities. This allows to esti-
mate the degree of belief that the observed deviations for the female group are not acci-
dental. The average values of combinational creativity index characterizing females and 
males are also outlined. We generated 100,000 samples by randomly selecting authors 
from the population of each available community. To this purpose, we implemented 
an algorithm in Python, which is presented in the following in pseudocode. The core 
of this algorithm is the randrange function of the Python module named random. 
randrange uses the Mersenne Twister algorithm (Matsumoto and Nishimura 1998) 
as core generator of pseudo-random numbers. In general, the vertical pink line, marked 
by an F, represents the average value of the indicator for females ( ̄indF ); the blue line, 
marked by an M, represents the average value for males ( ̄indM ); the grey line, marked 
by U, represents the average value for authors (in the ICIS and VLDB communities 
only) with undetermined gender ( ̄indU ); finally, the black line marked by R represents 
the average value for the above mentioned random samples ( ̄indR ). The former average 
values for the different groups are also reported in tables for all the considered com-
munities (see, for instance, Table 7 for the combinational creativity and Supplementary 
Information for the other indicators).

Fig. 11  Relationship between authority, number of published papers, and coauthors (ball size)
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Fig. 12  Relationship between trend susceptibility, neighbour susceptibility and authority (ball size) for 
authors having authority greater than average

(a) (b)

(c) (d)

Fig. 13  Distributions of sample averages of the combinational creativity index. They refer, respectively, to a 
ITAIS, b SEBD, c ICIS, and d VLDB communities
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Algorithm Algorithm for generation of random samples in pseudo-code.
1: k = 100000
2: m = sampleSize
3: n = numberOfAuthors
4: for all j ∈ [0,k) do
5: randomSampleElements = Set()
6: i = 0
7: while i < m do
8: randomNumber = randrange(n)
9: if (randomNumber �∈ randomSampleElements) then
10: randomSampleElements.add(randomNumber)
11: i = i +1
12: end if
13: end while
14: end for

To improve readability, dashed black lines at multiples of the standard deviation ( � ) of 
the distributions are also shown in the figures and reported in the tables. Then, for each 
indicator, the Z-scores ( zF ) (Bluman 2009; Stuart and Ord 1987) of the female groups in 
the different communities are reported. These are the normalized deviations with respect 
to the distribution of the random samples. It is noteworthy that the Z-score is the effect 
size (see Coe 2002), where the mean of the experimental group is the average of the val-
ues for the members belonging to the group of females; the mean of the control group is 
the average value (for that indicator) of the 100,000 randomly generated samples of the 
same dimension of the female group. In details, we computed the average of the values 
for each sample and, hence, the mean of the control group results from the average of all 
these 100,000 average values; and the standard deviation ( � ) is the standard deviation of 
the distribution of the samples. The p-value (i.e. the complementary cumulative distribu-
tion function) represents the likelihood of having either a higher average indicator value, 
if ̄indF > ̄indR , or a lower one, if ̄indF < ̄indR . Therefore, it measures how significant the 
observed average value of the indicator for the female groups (or its estimate for the ICIS 
and VLDB communities) is. The lower are the p’s, the more significant are the deviations.

In this work, the hypothesis of gender divide for an indicator was generally accepted 
against the null hypothesis if the effect size had been higher than �∕2 . However, such 
hypothesis was considered highly significant if the effect size had been higher than 5∕2 ⋅ � , 

Table 7  For each scientific community: C̄F is the average combinational creativity index value for females; 
C̄M is the average combinational creativity index value for males; C̄U is the average combinational creativity 
index value for undetermined authors; C̄R is the average combinational creativity index value for the random 
samples; � is the standard deviation of the different averages of the random samples; zF is the Z-score of the 
standard normal distribution corresponding to the average combinational creativity index values for each 
female group; the p-value is the likelihood given by the complementary cumulative distribution function

Community C̄F C̄M C̄U C̄R � zF p-value

ITAIS 0.0010 0.0008 – 0.0009 6.27e−05 2.41 0.80%
SEBD 0.00123 0.00136 – 0.00133 0.000150 − 0.68 24.83%
ICIS 0.000153 0.000162 0.000182 0.000175 1.25e−05 − 1.75 4.01%
VLDB 0.000208 0.000282 0.000249 0.000254 3.57e−05 − 1.30 9.68%
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significant if the effect size had been between 3∕2 ⋅ � and 5∕2 ⋅ � and weakly significant 
if the effect size had been between �∕2 and 3∕2 ⋅ � . It was rejected if the effect size had 
been lower than �∕2 . All such values are presented in Supplementary Information to the 
aim of full-reporting and transparency. Figure 14 provides a pictorial representation of the 
assessment framework (see also Fig. 1) that shows at glance the emerging gender divide in 
a community. In Fig. 14, shades of yellow color indicate gender equity, i.e. the observed 
gender divide is not significant from a statistical point of view (see the Supplementary 
Information), whereas shades of blue or pink colors indicate gender divide in case the men-
tioned hypothesis is considered, at least, weakly significant. Blue corresponds to the case 
the indicator value is higher for males and pink if it is higher for females. Table 8 pre-
sents a summary of the p-values for most of the indicators included in the gender diversity 

Fig. 14  Results of the assessment of the ITAIS, SEBD, ICIS, and VLDB communities by means of the gen-
der divide framework
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framework for all the communities9. Finally, Table 9 contains a summary of gender divide 
direction (GD↗ ) for the other indicators where it was not possible to compute the p-value.

Discussion

In the following we answer to the 10 research questions presented in the “Introduction” 
section. We show how the gender divide framework can add something to the current dis-
course about gender and STEM. Since the answers to most of the research questions (from 

Table 8  Summary table of p-values. Text formatted in bold or italics represents the case there is either an 
highly significant or a significant gender divide; the bold text represents the case the value of the indicator 
is higher for males, while the italic text when it is higher for females; and the normal text represents the 
case there is either a weakly significant or a not significant gender divide

indi Description p-value  p-value  p-value  p-value
ITAIS (%) SEBD (%) ICIS (%) VLDB (%)

SC Semantic Centrality 20.34 15.87 15.15 10.20
B Betweenness 42.86 37.45 7.21 11.9
D̄cen

Degree Centrality 0.16 43.64 14.46 4.27
C̄l Closeness 2.02 1.92 30.15 11.51
Ē EigenCentrality 0.36 32.64 33.72 14.23
CS Clan Segregation 2.00 1.11 40.50 12.36
N̄ Novelty 4.09 36.32 37.07 17.11
C̄ Combinational Creativity 0.80 24.83 4.01 9.68
p̄all Number of papers 13.79 38.59 9.01 6.43
D̄all

Degree 0.16 43.64 14.46 4.17
x̄ Neighbour susceptibility 33.72 1.11 38.59 39.36
x̄s Trend susceptibility 31.56 11.51 3.22 20.32
ā Authority 18.94 41.29 6.18 14.69

Table 9  Summary table of gender divide direction ( GD↗ ) for polarity, topics segregation, and gender ratio. 
M represents the case there is gender divide and the indicator value is higher for males; EQ represents the 
case of gender equity; and - represents the case the indicator value is not available

indi Description GD↗ GD↗ GD↗ GD↗

ITAIS SEBD ICIS VLDB

P Polarity EQ M – –
TS Topics segregation EQ EQ – –
GR Gender Ratio M M M M

9 The presented analysis is not adjusted for multiple measures (e.g., see Bonferroni correction Bonferroni 
1936).
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RQ2 to RQ10 ) derive from the analysis of the four mentioned scientific communities, the 
validity of these conclusions is limited only to them.

(RQ1 ) Can we assess gender divide in a scientific community?
Existing reports on gender diversity in STEM disciplines show that there are some 

differences in data related to males and females. Here, we considered communities 
of scientists as complex systems where the members interact each other and with the 
environment. Then, we proposed a framework to assess emergent gender diversity that 
addresses it from a multi-dimensional perspective including the context, the attitudes of 
the community members, and the achievements in terms of self-realization and empow-
erment. The objective of this framework is to be a tool to assess gender divide. The 
framework does not deal with the problem of determining if gender divide is due to 
individual features or to the surrounding environment. For this purpose, existing works 
suggest that such differences are mainly due to the latter. For instance, a recent study 
on gender gaps using data from third through eighth grade students in U.S. found that 
males are better than females in maths in socioeconomically advantaged school districts 
and in districts with larger gender disparities in adult socioeconomic status (Reardon 
et al. 2018).

We assessed four scientific communities arising from four conferences to test the gender 
divide framework. Two of them are based in Italy, while the other two are international. 
For both the Italian and the international communities, one community is related to the 
information system discipline, whereas the other one is related to computer science. From 
a general perspective, the cumulative analysis of the case studies provides evidence that the 
observed gender divide deals mainly with the indicators related to the context (23 out of 36 
indicator values) and the success (5 out of 8 indicators) and less with the attitude (7 out of 
16 indicator values).

(RQ2 ) As a group, are women and men equally successful?
Considering the indicators related to the success dimension of the framework and, more 

in details, the number of papers and the authority, we observed that women and men are 
equally successful in the Italian communities, whereas men are more successful in the 
international ones.

(RQ3 ) As a group, are women and men equally creative?
Considering the indicators related to the creativity metrics and, hence, the novelty and 

the combinational creativity, women are more creative than men in ITAIS, whereas men 
are more creative than women in VLDB. Finally, men tend to combine more existing con-
cepts than women, whereas both the genders are equally capable in proposing novel con-
cepts in SEBD and ICIS.

(RQ4 ) As a group, are women and men equally key to the larger community?
Degree and degree centrality are two different indicators to measure the number of con-

nections of a member of a community. Instead, betweenness, eigencentrality and closeness 
concern the probability that a new topic, for instance, reaches a member of a community by 
considering only the topological structure of the network. Hence, they also measure how 
key is the position of a member in the network in order to allow the diffusion of topics. 
The study reveals that there is a clear cut evidence that men are more key than women only 
in the VLDB community, whereas in the other communities there is more equity in that 
sense. Moreover, it is noteworthy that, even if men have more connections than women in 
ITAIS and ICIS (see degree and degree centrality), women have similar values of between-
ness, eigencentrality and closeness and, hence, similar probability to diffuse topics. This 
means that women tend to connect more with key members with respect to what men do.
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Semantic centrality measures to what extent the topics of a member belong to the main-
stream and, hence, how key are the topics treated by her or him. Our study reveals that 
ITAIS is the only community where women treat more central topics, while men treat more 
central topics in the other ones. In general, men tend to be more central in the subject of 
their communities and, hence, more influenced by trends. They address popular topics, for 
instance, by combining existing ones.

(RQ5 ) As a group, are women and men equally important in determining the future 
direction of research?

This question involves all the three dimensions of the framework since, to determine 
the future direction of research, a scientist should be capable of proposing novel ideas, 
be in a position of the social network that facilitates their sharing, and authoritative. In 
fact, her or his ideas should be accepted and, in case, re-elaborated by other scientists. 
The novelty index measures how much a scientist is proposing novel ideas, while, as men-
tioned, betweenness, eigencentrality and closeness measure the topological centrality of 
the scientist in the community and authority measures how much the ideas of an author are 
spread among her or his neighbours. Considering all these indices, men tend to determine 
the future direction of research more than women in VLDB. Indeed, this is the only com-
munity where all these indices are in favor of men. Then, our study reveals that, in ITAIS, 
even if women tend to be more creative than men and there is a substantial equity with 
respect to the topological indices, authority is in favor of men. In this regard, it seems that 
even if women have all the credentials to determine the future direction of research they 
still have to be recognized in that sense by the community. A similar phenomenon was 
observed also by a study on US PhD recipients by Hofstra et al. (2020) that revealed that 
women tend to introduce more novelty but have less impact. We observed gender equity 
for almost all these indices in SEBD and, hence, both the genders are equally important 
in determining the future direction of research in this community. Finally, authority and 
centrality indices are slightly in favor of men in ICIS whereas there is gender equity with 
respect to novelty. Again, also for this community, women have the potential to be impor-
tant in determining the future direction of research.

(RQ6 ) As a group, do women and men study different topics?
This question concerns the indices related to the discipline metrics and, hence, seman-

tic centrality, polarity, and topics segregation. As mentioned, ITAIS is the only commu-
nity where women study more central topics with respect to what men do. However, as 
shown by the values related to polarity of topics and topics segregation, our study did not 
reveal extreme cases of gender divide. Instead, even if the topics segregation issue was not 
observed in SEBD, women and men tend to address different topics. In particular, men 
tend to address more central topics in this community. Finally, we observed that men treat 
more central topics with respect to women also in the ICIS and VLDB communities.

(RQ7 ) As a group, do women and men work with each other?
This question concerns three different indicators: clan segregation, neighbour suscep-

tibility, and authority. Clan segregation indicates the presence in a community of promi-
nent clusters of researchers consisting of either men or women. This indicator provides 
the analyst with a direct way based on the connections of the members to answer this 
question. Another less direct way to measure how effective is such collaboration is to 
look at the neighbour susceptibility and authority indices. In fact, they measure, respec-
tively, how much a member of a community is influenced by her or his connections and 
how much a member influences the others.

Concerning clan segregation, ITAIS is the only community where this index is in 
favor of women. This means that women are more represented in the largest clans than 
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expected considering the gender ratio in the whole community. Clan segregation is in 
favor of men in ICIS and VLDB and there is equity in SEBD. Concerning neighbour 
susceptibility, there is equity in ITAIS, ICIS, and VLDB. Instead, in SEBD, women tend 
to be influenced by others more than men. In a certain sense, this is a positive aspect as 
it means that women “exploit” somehow their connections in the social network. Simi-
larly, in SEBD all the authors have a similar capability of influencing the others, while 
men tend to influence more the others in ITAIS, ICIS, and VLDB. To conclude, even if 
from a topological perspective we observed that women in SEBD are less present in the 
largest clan, they are more likely to be influenced by others and are equally authoritative 
with respect to men. Hence, women of SEBD exploit their relationships more effec-
tively than those of the other communities.

(RQ8 ) As a group, do women and men have different sources of inspiration?
As mentioned above, SEBD is the only community where women are more influ-

enced and, hence, inspired by others with respect to what happens to men. Men and 
women are equally influenced by their connections, even if neighbour susceptibility is 
slightly higher for women, in the other communities. This means that women tend to be 
influenced by their colleagues more than men. Both this tendency, the above-mentioned 
subject centrality of men and differences in gender ratios could be due, for instance, 
to the limited attendance of women to conferences where most of the novel ideas are 
spread in the community. This suggests the need of policies to increase such participa-
tion. Men are more influenced by trends in SEBD, ICIS, and VLDB. Instead, men and 
women are equally influenced by trends in ITAIS.

(RQ9 ) Does the gender divide depend on discipline?
The assessment provides evidence that there are indicators that measure gender 

divide (21 out 30 in both the disciplines) in both CS and IS. However, while there are 
some indices (i.e. semantic centrality, closeness, clan segregation, novelty, combina-
tional creativity, number of papers) that are in favor of women in IS, there are not indi-
ces in favor of women in CS, as the neighbour susceptibility index can not be catego-
rized as in favor of one gender. Hence, gender divide in favor of men in CS is higher 
with respect to that in the IS discipline.

(RQ10 ) Within a discipline, does the gender divide vary on a geographical basis?
Finally, the assessment of indicator values reveals that there is less gender divide in 

Italy with respect to the international communities. In fact, we observed gender divide 
in 19 out of 32 indicators in the Italian communities, whereas we observed gender 
divide in 22 out 28 indicators in the international ones. Moreover, there are 5 indicators 
that show gender divide in favor of women in the Italian communities, while only one 
indicator shows gender divide in favor of women in the international ones. Such results 
are in accordance with those presented for a related discipline in the global gender gap 
report (WEF 2018). In fact, such report reveals the outcome of an analysis of LinkedIn 
data showing that the gender gap concerning share of professionals with artificial intel-
ligence skills in Italy is among the lowest. The presented data analysis does not motivate 
why the Italian case is different. This could be due to existing research policies or to the 
role of women in Italy. Differences from the international communities were observed 
but motivating them needs a deeper analysis of the Italian society.
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Conclusions

The gender divide framework is a tool that allows to recognize gender divide in scientific com-
munities and suggests some possible directions to intervene to reduce such issue. The above-
described results provide insights on the assessed communities. For instance, the study reveals 
that females are more creative, write more papers than males and treat more central topics in 
ITAIS. However, in general, novelty is not always in favor of males or females. This demon-
strates that the conjectures that females are not suited to these subjects are unfounded. The 
only indicator always in favor of males is gender ratio. This means that for both the informa-
tion systems and computer science subjects, whatever the geographic context is, initiatives to 
increase the number of females should be taken. Other indicators, as centrality indicators, are 
less clear probably because there are not intrinsic differences in genders but the socio-cultural 
motivations play a relevant role.

The substantial conclusions are that research policy can do a lot in promoting effective 
female participation as females can provide a valuable support in the scientific advancement 
of computer science and information system disciplines. Then, the results suggest that gen-
der divide depends on the discipline but the socio-cultural context plays a relevant role. Cur-
rently, there are several initiatives to this purpose that mainly aspire to increase participation 
of women. For instance, increasing participation of women in computer science is currently 
an objective of several prominent institutions as Carnegie Mellon University, Rice Univer-
sity, and of other initiatives as the AIS Women’s Network (AISWN), the Anita Borg Institute, 
and the Women in Computational Intelligence sub-committee of the Computational Intelli-
gence Society (Vardi 2015; Estevez 2017). Increasing representativeness of women in STEM 
could also break new ground in developing concepts, theories and methods (Fatourou et al. 
2019). For instance, it could be possible to reduce the problem of having gender biased deci-
sion-making systems as those embedding the gender biased artificial intelligence algorithms 
described by Zou and Schiebinger (2018).

Appendix

According to the approach presented by D’Agostino et al. (2015), neighbour susceptibility ( xi ) 
and trend susceptibility ( xis ) for each member hi are achieved analytically by solving the fol-
lowing equations:

where �s
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= [Ls(ck, t) − Lhi (ck, t)] is the deviation of the semantic profile ( Lhi (ck, t) ) of a 
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Hence:
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