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1 General Introduction 

In our actual society, novelty and creativity of research in academia are crucial in order to 
make society move forward. Novelty and creativity are related, and often used as synonyms 

in literature. In fact, creativity is the sum of two components: novelty and impact (Y. N. Lee, 

Walsh, & Wang, 2015). In this thesis, we will focus on the former procedures which deal 

with the novelty part of creativity. Precisely, throughout the argumentation, a combinatorial 

definition of novelty will be used (Schoenmakers & Duysters, 2010).  

Novel researches have a higher impact than conventional research (Y. N. Lee et al., 2015; 

Uzzi, Mukherjee, Stringer, & Jones, 2013). Initiatives promoting novelty, creativeness and 
innovativeness are nowadays decisive, given the central place taken by knowledge-driven 

competition.  

Nevertheless, some biases play against novelty. Funding agencies are increasingly risk-

averse and novel search is intrinsically risky because the result of the research is hard to 

predict from the inputs (Arrow, 2008; Trapido, 2015). Most funding agencies have 

incentives schemes with very low tolerance for failure and short time-cycles for 

grants(Joshua & John, 2012). They  tend to invest in less novel, less risky projects, based 

on existing knowledge rather than projects with new approaches (Azoulay, Zivin, & Manso, 
2011). The use of bibliometric indicators makes them even more short-term oriented. As 

novel search is more likely to take time to be recognised, money is given to surer and short-

term projects(Cattaneo, Meoli, & Signori, 2016; Collin, 2014; Garfield, 1980; Hicks, 2012; 

Monastersky, 2005). 

Still, the biggest bias against novelty is due to the gender gap that still prevails in the 

scientific careers (Frietsch, Haller, Funken-Vrohlings, & Grupp, 2009; Mauleón, Daraio, & 

Bordons, 2014). The fact that women do not follow scientific tracks as much as men can 
be explained by both personal factors (specialization profile, education, trainings), more 

general factors such as the job market structure or the structural organization in academia 

(Probert, 2005; Schiebinger & Schraudner, 2011) and their divergent personality traits 

(Fellner & Maciejovsky, 2007; Niederle & Vesterlund, 2007; Van Vugt, De Cremer, & 

Janssen, 2007). Finally, systematic biases in favor of males in the assessment of the 

scientific performance for attribution of authorship rights, or in reviews are constantly 

feeding the gender gap. (Budden et al., 2008; Lissoni, Montobbio, & Zirulia, 2013; Moss-

Racusin, Dovidio, Brescoll, Graham, & Handelsman, 2012; Webb, O'Hara, & Freckleton, 
2008).  

 

Beside the ethical considerations raised by the gap, the economic implications of the loss 
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of knowledge, potential new ideas and creativity from women are also important (Hunt, 

Garant, Herman, & Munroe, 2013).  

In this thesis, we will highlight to the policy makers, the various reasons why women are 

prone to enhance novelty and why closing the gender gap in academia is beneficial for the 

research, and thus to society. The general research question can be described as follow: 

“Do women presence in a co-authorship network enhance the novelty of the research in 

academia?” 

The thesis is divided into five main sections. The first section contains the review of the 

literature composed of three parts. The first part explains the impact of the knowledge range 

and teams of co-authors on the novelty of the research. The second part highlights the 

particular reasons of why women improve novelty through higher knowledge sharing inside 

the teams. The last part describes the hypotheses in detail. 

The second main section of the thesis contains the econometric considerations and is 

divided in three parts: the description of the data we will use, the methodology adopted and 

the ruling out of alternative explanations. 

The third section is composed of the results of the statistical analysis and includes the 

descriptive statistics of our sample and the results for the different regressions. 

Finally, the last section is the general conclusion of the thesis and consists of the discussion 

of the results, recommendations and limitations. 
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2 Literature review 

The literature review contains three main parts. The first part analyzes the concept of 
combinatorial novelty and the role of knowledge and diversity through teams regarding 

novelty. The second part considers the different gendered characteristics that impact 

novelty and explains why women are likely to positively impact novelty. Finally, the last part 

defines the hypotheses that will be tested in the statistical section. 

2.1 Knowledge, teams and combinatorial novelty 

Combinatorial novelty is an explorative search process expressed by the combination of 

existing pieces of knowledge in original and brand-new ways (Y. N. Lee et al., 2015) This 

combinatorial view of novelty is shared by a wide stream of literature (Franzoni, 2010; 

Mednick, 1962; Nelson & Winter, 1982; Schoenmakers & Duysters, 2010; Schumpeter, 
1934; Simonton, 2004; Wang, Veugelers, & Stephan, 2017; Weitzman, 1998; Youn, 

Strumsky, Bettencourt, & Lobo, 2015). In this vision, the knowledge expands by 

reassembling different pieces of knowledge that were not put together before and this 

statement has several consequences. 

First of all, the limit to the expansion of knowledge in society does not lie in our ability to 

generate new ideas but more in our ability to recombine in useful manners and deal with 

all the pieces of existing knowledge (Weitzman, 1998).  

Secondly, novelty is not seen as the outcome of an individual genius scientist but depends 
on the searcher environment and social interactions. In 1987, Amabile and Gryskiewicz (as 

cited in Franzoni, 2010) explained that “there is increasing consensus that creativity 

depends not only on talent, experience or cognitive capacities, but also on milieu, i.e., the 

combination of social, environmental and organizational factors that surround an individual 

and his working environment”. Therefore, novelty is linked to social interactions and the 

world around the scientist. 

Third, the associative perspective of novelty relies heavily on the existing knowledge stock, 
the broader it is, the more chances of useful novel combinations. 

2.1.1 The importance of the knowledge base and sharing 

Knowledge is the basis in order to make new combinations and trigger novelty. The transfer 

of knowledge can be done in different manners. On the one hand, an individual can extend 

its knowledge by studying on its own. Or, on the other hand, knowledge can be transmitted 

through interactions and collaborations with experts, scientists, other academics. In 
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academic research, collaboration, in the sense of co-authorship is recurring, hence there 

are a lot of knowledge transfers and spillovers. (Fallah, 2004; Fershtman & Gandal, 2011).  

We can make the link between knowledge and combinatorial novelty: the larger the 

knowledge’s stock of an individual or a team, the more chances there are for new 

combinations. A great part of the knowledge is embodied in people and therefore the only 

way to access it is through scientific collaborations and teams. Those collaborations favor 

the exchange of ideas and the creation of new ideas (Mohnen, 2016). When people work 
in teams, beside the direct knowledge productivity of an individual, each member of a team 

has a peer effect on the others through the sharing of its own knowledge (Nonaka, 

Byosiere, Borucki, & Konno, 1994). 

Consequently, an effective way to broaden the knowledge base in order to trigger 

combinatorial novelty is collaboration and working in teams: the more shared and 

disseminated (distant) the knowledge is, the more likely novel associations will arise.  

2.1.2 Teams and diversity: catalyzers for novelty, to a certain extent 

2.1.2.1 The burden of knowledge 

Nowadays, the role of teams in the discovery of new knowledge is important (Packalen & 

Bhattacharya, 2015b). There is a shift from individual-based to team-based research . 

Wuchty, Jones, and Uzzi (2007), found evidences that team size nearly doubled over the 
last 45 years from 1.9 to attain 3.5 authors per paper. They also noticed that results of 

team’s work surpass solo author work: team researches are more frequently cited and 

related to high-impact research (Wuchty et al., 2007).  

The reason for this increasing use of teams is the phenomenon called “the burden of 

knowledge” (B. F. Jones, 2009). Novelty of scientific research pushes further the 

knowledge’s frontier: every time a discovery is made, it broadens the existing base of 

knowledge. As a matter of fact, the increasingly wider knowledge stock compels 

researchers to specialize in restricted fields, it is not possible for them to learn deeply about 
various and remoted fields because there is currently just too much information. Yet, this 

specialization comes at the cost of a less individual, creative and innovative capacity and 

a greater tendency towards team’s work with various specialists in order to solve 

collectively an issue that spans over different fields (Y. N. Lee et al., 2015; Wuchty et al., 

2007).  

The basis for our future study will thus be the team, or more precisely the network of co-

authors around a focal scientist.  
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2.1.2.2 Types of diversity and their impacts on the team 

The principal reason for the good results of team work is that it brings more diversity. 

Diversity is a catch-all term defined as “differences between individuals on any attribute 

that may lead to the perception that another person is different from self”(van Knippenberg, 

De Dreu, & Homan, 2004, p. 1008). Diversity can be of two types: demographic or 

technological.  

Demographic diversity covers clear and striking characteristics of individuals, such as age, 

sex, ethnicity and is also called social category diversity (Williams & O'Reilly, 1998).  

 
Technological diversity refers to characteristics that are anchored more deeply in people 

and aren’t visible at first sight such as education, functional-background, knowledge and 

skills. Technological diversity comprises three types of diversity: 

o informational diversity, referring to the dissimilarities in knowledge and 
perspectives between individuals (Jehn, Northcraft, & Neale, 1999) 

o functional diversity alluding to functional backgrounds differences between the 

members of the team (Pelled, Eisenhardt, & Xin, 1999)  
o educational diversity (Dahlin et al., 2005) 

Both types of diversity engender different mechanisms and effects impacting the novelty of 

the research conducted by the team. 

Demographic diversity is related to the social categorization perspective. When diverse 

people are brought together to perform a task, it can lead to conflicts. People tend to 
categorize others in groups based on their differences and similarities. This forms in-groups 

and out-groups and leads to intergroup biases which are defined as “more favourable 

perceptions of, and attitudes and behaviour toward, in-group than out- group” (Brewer, 

1979 cited in van Knippenberg et al., 2004). Intergroup biases “invite a closing of the mind 

to dissimilar others, reducing the willingness to share and discuss information and diverse 

perspectives, as well as a tendency to see diverse others as less trustworthy and 

knowledgeable sources of information, and thus lead members to pay less attention to 

diverse viewpoints even if they are shared”(Pieterse, van Knippenberg, & van Dierendonck, 
2013, p. 783).These biases trigger conflicts, communication and sharing problems and 

finally impacts badly on team novelty.  

The effect of technological diversity on the novelty of the team is not straightforward. 

Regarding informational diversity, referring to diversity in knowledge and perspectives, 

Jehn et al. (1999) showed that increasing it positively impacts group performance because 

the discovery of new insights by a team is related to the attendance of diverse perspectives. 
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Indeed, increasing informational diversity inside the team allows the cross-fertilization of 

ideas by broadening the knowledge stock available to make combinations of existing 

pieces of knowledge into novel outputs (Y. N. Lee et al., 2015, p. 686).  

Moreover, from the individual point of view, working in team leads to great exposure to 

other beliefs, perspectives, experiences, careers and thus enhances the individual’s 

creativity which in turn increases group creativity (Taylor, Greve, Alva, & Henrich, 2006).  

A consequent current of literature has studied and agreed on the fact that team work 
increases novelty and creativity through higher diversity, this is called the 

information/decision-making perspective (Landry, Traore, & Godin, 1996; Taylor et al., 

2006; Uzzi et al., 2013; van Knippenberg et al., 2004; Woolley, Chabris, Pentland, Hashmi, 

& Malone, 2010).  

 

Unfortunately, beside this perspective, technological diversity also has drawbacks for 

novelty. Pelled et al. (1999) discovered that functional diversity increases appearance of 

task conflicts because the members of the team each rely  on their mental structures and 
beliefs when they perform a task. The more diverse functional backgrounds there are, the 

harder it gets for the member to agree and to move forward on the tasks. Therefore, 

functional diversity has an inverted U-shape relationship with novelty meaning that in the 

beginning, increasing it enhances novelty but only up to a certain point. After this optimal 

point, functional diversity badly impacts novelty. Educational diversity also has an inverted 

U-shape relationship with the range and the depth of information use and hence novelty 

(Dahlin et al., 2005). 

The Figure 1 below summarizes the previous paragraph to make the various relationships 

between diversity and novelty clearer. 
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Figure 1: The relationships between diversity and novelty 

To conclude, diversity, through the use of teams, is extremely important to boost the novelty 

of the scientific search. Yet, diversity is a double-edged sword because of the intergroup 

biases it can create (Pieterse et al., 2013) and the inverted U-shape relationships at stake. 
Indeed, diversity boosts novelty by having a larger pool of knowledge to make combinations 

but at some point, adding further diversity to a group will not have  positive but well negative 

effects because of conflicts, misunderstandings, the time required to discuss the various 

point of views etc.(Chatman, Polzer, Barsade, & Neale, 1998; Y. N. Lee et al., 2015; van 

Knippenberg et al., 2004). 

 

A remark needs to be done here: throughout the thesis, we argue that knowledge diversity 
or distance increases novelty, i.e. the less overlapping the knowledge is, the higher 

chances for novel recombinations. This relation is always positive and refers to 

informational diversity. The trick is, in order to have higher informational diversity and hence 

a larger stock of knowledge, scientists need to work in teams. Working in teams increases 

the diversity of education, specialization, backgrounds and has the side effect to lead to 

task conflicts and intergroup biases. So, knowledge distance, through informational 

diversity has a positive linear relationship with novelty while the rest of the team diversity 

has an inverted U-shape or negative relationship with novelty. 
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2.2 The gender’s impact on novelty 

In the previous sections, we described various phenomena impacting novelty of research. 

Nevertheless, the goal of this paper is to discuss the importance of women in the scientific 

world and how their presence in research teams can enhance novelty.  

As explained above, the driver of combinatorial novelty is the stock of knowledge from 

which the re-combinations are made and an effective way to extend and share the 

knowledge is by working inside diverse teams. 

Still, working with teams is not sufficient. On the one hand, the knowledge of each team 

member still needs to be shared and transferred to the others in order to effectively trigger 
novelty. That’s where women intervene. On the other hand, the forming teams need to be 

composed of people with as distant knowledge as possible in order to effectively increase 

the knowledge range. Once again, women are likely to play an important role there. 

In the next paragraphs, we will explain how women’s characteristics enhance the transfer 

of knowledge and thus extend the knowledge base and enhance novelty. We need to note 

that the following mechanisms are observed on average and that of course, one individual 

can differ from another. 

2.2.1 Willingness to compete, narcissism 

Women and men have divergent personality traits in their willingness to compete, 
narcissism (Fellner & Maciejovsky, 2007; Niederle & Vesterlund, 2007; Van Vugt et al., 

2007).  

Regarding competition, men tend to compete more and choose more prestigious and 

competitive career’s tracks than women (Apicella & Dreber, 2015; Buser, Niederle, & 

Oosterbeek, 2014; Gneezy, Leonard, & List, 2009; Niederle & Vesterlund, 2007). This 

greater willingness to compete is mainly driven by the overconfidence of men and their 

higher narcissism (Grijalva et al., 2015). Taking the women’s perspective, their smaller 

competitive attitude can be explained by their lower confidence and higher risk-aversion 
which push them to opt out from competitive schemes  (Fellner & Maciejovsky, 2007; van 

Veldhuizen, 2016). The strongest incentive of men for competition also has repercussion 

on how they collaborate. They are more prone to collaborate with a group if this group is in 

competition with other groups, while collaboration for women is not influenced by intergroup 

competition (Van Vugt et al., 2007).  

Concerning narcissism, Grijalva et al. (2015), found out that the social roles and gender 

stereotypes can be classified into two main categories: agentic characteristics 
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(competitiveness, dominance, assertiveness and need for achievement) and communal 

characteristics (friendliness, tenderness, self-lessness). 

Narcissist people, who are more likely to be men, show higher level of agency and are 

more focused “on getting ahead than getting along socially”(Foster & Brennan, 2011, p. 

90). They view scientific research and publication as a contest and they are less likely to 

invest themselves in the group dynamics or to take actions to enhance peer productivity. 

Women, on average, are less narcissist and more communal-oriented, focusing on 
maintaining and strengthening social relationships.  

Differences in women’s competitiveness and narcissism can positively impact the 

exchange and relations inside the team, by extent its knowledge sharing and thus the 

novelty of the search. 

2.2.2 Gender and the big five personality traits 

A stream of literature has also studied the gender disparities in the five basic personality 

traits: openness, extraversion, agreeableness, conscientiousness and neuroticism 

(Weisberg, Deyoung, & Hirsh, 2011). 

Significant gender differences with women scoring higher in extraversion and 

agreeableness have been discovered (Forrester & Tashchian, 2010; Lehmann, Denissen, 
Allemand, & Penke, 2013).  

Extraversion is divided in two subsequent facets: enthusiasm reflecting sociability, 

gregariousness and experience of positive emotions and assertiveness reflecting traits 

linked to agency and dominance. Women are more enthusiast and men are more assertive.  

Agreeableness corresponds to altruism and qualities such as empathy, kindness, a 

propensity for cooperation, maintain social harmony and consideration for other people’s 

concerns. Taken together, extraversion and agreeableness are personality traits positively 
linked to interpersonal interactions (Berings, De Feyter, Brebels, Van den Broeck, & Proost, 

2013a, 2013b; Forrester & Tashchian, 2010; Lehmann et al., 2013).  

Given the higher scores of women on agreeableness, they are more likely to cooperate 

and thus to share their knowledge. This taken together with their bigger enthusiasm make 

them more sociable and people-oriented: it is important for them to keep good relations 

inside their groups which can lead to better dynamics and impact group processes.  

2.2.3 Women’s team spirit characteristics 

Women are more likely to endorse low-promotability tasks, defined as work which is 

benefiting the organization and the collective but is not improving one’s evaluation and 
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career development (Babcock, Recalde, & Vesterlund, 2017; Babcock, Recalde, 

Vesterlund, & Weingart, 2017). Low-promotability tasks involve activities such as 

enhancing the group cohesion, the welfare of others or the working of the organization (De 

Pater, 2011).  

 

Beside low-promotability tasks, women also endorse more communal goals than men and 

like people and/or society-oriented work (Diekman, Brown, Johnston, & Clark, 2010).  

Communal goals and communion are related to the desire of working with, helping others, 

by giving material or emotional support (Diekman & Steinberg, 2013). Communal 

motivation is linked to affiliation, intimacy and altruism (Boucher, Fuesting, Diekman, & 

Murphy, 2017). Agentic motivations are linked to power, achievement and to traits that 

promote the interests of the self while communion emphasizes promoting the interests of 

others. As said earlier, men follow more agentic motivations while women pursue 

communal motivations. 

Being communal goal-oriented is beneficial for the person itself but also for people around 
as it helps to “smooth social functioning” (Diekman, Steinberg, Brown, Belanger, & Clark, 

2017, p. 151).. Pursuing this type of goals helps one to fulfil various needs such as the 

need for connection, belonging or affiliation. The achievement of those needs leads in turn 

to constructive events like experiencing greater social support, being more positive 

emotionally speaking, less subject to stress, more empathetic and collaborative. Those 

positive events extend to the environment around the person and thus to the workplace 

and lead to better collaboration. Communal-oriented people have closer contact with 
colleagues at work, making them more motivated and likely to stick to one job (Boucher et 

al., 2017; Diekman et al., 2017). 

As women tend to be more communal-oriented than men, their presence in teams can 

bring those beneficial events and improve collaboration. 

2.2.4 Pro-social behaviour and knowledge sharing 

The paper of  Iorio, Labory, and Rentocchini (2017) sheds light on how knowledge sharing 

is impacted by the different motivations scientists have to effectively engage in those 

transfers. Particularly, the authors work on the pro-social motivation, which is defined as 

“the desire for academic scientists to advance the societal role of universities” (Iorio et al., 

2017, p. 497). Scientists following this motivation are more altruistic and put the interests 
of the community first.  

As women aspire to careers that can fulfill their social needs, involve interacting with people 

and that are socially meaningful (Watt et al., 2012), they are more likely to share this pro-

social motivation. Indeed, men tend to give more importance to extrinsic rewards such as 
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payments and promotions, while women grant greater interest to social rewards such as 

affiliation to a group and good relations with co-workers (Berings et al., 2013a; Mottaz, 

1986). 

Furthermore, the authors argue that pro-social motivation can lead to more effective 

knowledge transfers and a higher willingness to enter in knowledge sharing relationships. 

Finally, knowledge transfers are better when communication and interactions are more 

frequent. Trust is also an important factor in knowledge transfer activities (Levin & Cross, 
2004). Actually, numerous interactions build social capital, common norms and values 

which make communications and comprehension simpler and hence, makes knowledge 

transfers more efficient. As women tend to also communicate and build stronger 

relationships, their presence in teams can help the transfer of knowledge which broadens 

the knowledge base of the team. 

2.2.5 Communication and leadership  

Woolley et al. (2010) found evidence of the existence of a collective intelligence factor 

defined as “the general ability of the group to perform a wide variety of tasks” (Woolley et 

al., 2010, p. 687). This collective intelligence factor is significantly and positively correlated 

with the number of women inside the team. This positive effect of women on collaboration 
is partly explained by their greater social sensitivity: their ability to perceive and interpret 

what other members are feeling or thinking during a social interaction.  

The collective intelligence factor is also dependent on how people interact within the 

groups. Group with a more equal repartition of speaking time are more collectively 

intelligent than groups with one or two members dominating the conversation. Women 

positively impact the interpersonal communication in groups. They have a more 

interpersonal oriented style of communication, are warmer and smile more to others and 
are also collaborative and supportive during communication (Carli, 2010). The presence of 

women brings a more equal distribution of the conversational turn-taking which allows a 

better use of individual knowledge and skill resources (Woolley et al., 2010). In the book of 

Tannen (1990) (as cited in Fenwick & Neal, 2001) women are also identified as 

communicating through negotiation and empowerment, particularly by turning their 

opinions into questions and thus sharing information and inviting others to participate. 

Women try to build relations through communication whereas men use it more as a way to 

convey information, when useful, to disclose their status and expertise and consequently 
adopt a different tone and way of communicating. 

Women and men also diverge in the way they lead a team with men being more autocratic 

and women more democratic. Male leaders tend to focus more on their subordinates’ 
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mistakes and penalize poor performance while women are more likely to reward good 

performance, to ask for the opinions of others and support them (Carli, 2010). The study of 

Eagly and Johnson (1990) concluded the same results:  women being more interpersonally 

oriented, with higher interests in maintaining good relations and having a democratic 

leadership style while men are more autocratic and directive.  

The presence of women gives rise to a more participative environment than men. People 

also reported to feel more confident about efficiency of their work in the presence of women 
(Fenwick & Neal, 2001; C. Lee & Farh, 2004). Those differences in interpersonal 

communication and leadership explain the positive effect of female presence on group 

processes and collaborations (Bear & Woolley, 2011), which leads to better intra-group 

relationships and exchange of information broadening the knowledge base from which 

recombinations are made to reach novel findings. 

2.3 Hypotheses 

Figure 2 summarizes the relationships discovered throughout the review of literature. The 

starting point of our analysis is the team of authors and co-authors of scientific papers. Our 

econometric analysis is based on panel data and as it is difficult to find teams that stay 

constant over time, we have decided to fix the unit of study on the network of co-authors 
around a focal scientist, i.e. the authors with whom a focal scientist has co-written a paper. 

A deeper explanation of the network will follow in the section 3. In the rest of this thesis, 

the word “team” thus corresponds to the network of co-authors around a focal scientist.

 
Figure 2: Relations between women, knowledge and novelty  
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2.3.1 Relation 1: Knowledge distance and novelty of scientific research 

The first relationship is the one relating informational diversity, i.e. the width of the 

knowledge base, and the novelty of the scientific research: the larger the knowledge base, 

the better chances for novel recombinations. We will not demonstrate this relationship in 

our analysis as it is already well demonstrated in the current literature (Boudreau, Guinan, 

Lakhani, & Riedl, 2016; Fallah, 2004; Fershtman & Gandal, 2011; Hansen, Owan, & Pan, 

2006; Ruiz-Jimenez, Fuentes-Fuentes, & Ruiz-Arroyo, 2016; Simonton, 2004; Taylor et al., 

2006; Uzzi et al., 2013). 

2.3.2 Relation 2: woman presence in the network as positive moderator of relation 
1 

Having women in the co-authorship network positively moderates the first relationship 

between knowledge diversity and novelty of scientific research. It means that for a given 
level of knowledge diversity, which impacts novelty, if there are women in the network, the 

impact will be higher. This relationship is related to various characteristics of women 

detailed earlier: women impact positively knowledge flows in teams because of skills 

(communication skills, social skills) and preferences (communal goal endorsement, 

competition, …). 

In other words, women have higher peer effects on the member of their team than men. 

Peer effects are the productivity (here we concentrate more precisely on the novelty) 

enhancements in the group of peers (here defined as the network of co-authors) that are 
due to the presence and social interactions with the focal individual (here the women inside 

the teams). Peer effects are in fact, indirect productivity effects due to the presence of 

women in the teams. Therefore, we expect to find in our results a higher novelty in teams 

with female presence as they are more likely to engender bigger positive peer effects  than 

males.  

2.3.3 Relation 3: Woman presence and knowledge distance 

The third relationship states that having woman presence in the network increases 

knowledge diversity. 

This relationship is related to the formation of the teams. Indeed, the knowledge distance 

inside the network depends on the people who are present in it. The more scientists with 

distant knowledge are working together in the network, the more diverse the knowledge is 

Hypothesis 1: Woman presence in the co-authorship network enhances the novelty of 

the co-authors’ researches because of their higher peer effects. 



 

14 

and the higher the odds are for novel combinations. Therefore, we will measure the degree 

of knowledge distance between the co-authors around the focal scientist. We expect this 

degree to be higher when the focal scientist is a woman as we claim that they are better 

than men at creating relationship ties and communication among members of the team.  

Relationships and sharing of ideas are more complicated when the knowledge of the 

members highly differ because higher informational diversity also means that they have 

higher various education, specialization which increase the attendance of conflicts. So, we 
expect individuals with more diverse knowledge, because they think in different ways, to 

have more difficulties to collaborate then people with similar knowledge. We thus expect 

that scientists with diverse knowledge are more likely to enter and collaborate inside teams 

with women because they ease the contact and communication. 

2.3.4 Relation 4: impact of the gender diversity on the first hypothesis 

The relationship 4 is related to the degree of other types of diversity than informational 

diversity inside the network (educational, functional and demographic diversity). Following 

the theory, we also expect those diversities to impact our results. In the context of this 

thesis we focus on the gender diversity, which is part of demographic diversity, inside the 

co-authorship network. The effect of gender diversity inside the network is tricky to predict 

because two opposite drivers are at play.  

On the one hand, as the gender diversity inside the network is growing, the positive 
incidence of women presence on their peers’ novelty and their effect on team formation 

have higher odds to occur: a single woman in the network is likely to have smaller effects 

than a few women inside it. So, we expect to have a higher impact on the novelty of the co-

authors as the gender diversity inside the network is growing. 

On the other hand, as more women are inside the network, the demographic diversity is 

increasing and there are higher chances for the formation of intergroup biases. So, we 

expect that the gender diversity inside the network will only impact novelty positively up to 

a certain point, then intergroup biases will disrupt the relationship. 
  

Hypothesis 2: Knowledge diverse networks are more likely to be formed in the 

presence of women. 
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3 Econometric considerations 

In the following pages, we will describe the data, the methodology and regressions used to 
assess our two hypotheses. 

3.1 Data  

This section highlights the process through which the data for the econometric analysis 
were collected as well as the different measurements used in order to test the hypotheses. 

3.1.1 Co-authors’ network and use of sudden deaths 

Our statistical design is based on the use of a co-authors’ network defined as the group of 

scientists that have collaborated, i.e. co-write papers, with a focal scientist during a certain 
period of time. The reason of this choice is simple: on the one hand, our analysis is based 

on panel data, in which the core component is the time and the fact that we observe the 

same entities at different points in time. On the other hand, scientists do not write their 

papers with the same colleagues all the time, they change their partners. As such, it is not 

possible to define our unit of observation for the panel data on the couple team-year as we 

can’t observe the same teams of authors over time. To resolve this problem, we have 

chosen to replace the team by the co-authors’ network of scientists. For example, we take 
the scientist named Mark van Vugt, i.e. a focal scientist, and we define the network around 

him as the co-authors who have worked with him within a certain period of time. Several 

authors have based their studies on this type of networks (Azoulay, Zivin, & Wang, 2010; 

Jaravel, Petkova, & Bell, 2015; Mohnen, 2016). The unit of observation for our analysis is 

thus the couple co-author-year. 

However, it is complicated to extract causal relationships from a network of co-authors 

because its formation is endogenously determined as the decision to co-author is often 

strategic and there are numerous unobservable factors that impact a scientist’s productivity 
and his peer’s productivity (Mohnen, 2016). We thus use the sudden/premature deaths of 

focal scientists in the network as a technique bringing an exogenous shock in the network 

around him leading to randomization. Sudden deaths allow the uncovering of the causal 

relationship from the focal scientist on his peer’s productivity, i.e. his co-authors, and thus 

certify that the effect we will measure is due to the deceased person (Azoulay, Fons-Rosen, 

& Graff Zivin, 2015; Azoulay et al., 2010; Fracassi & Tate, 2012; Jaravel et al., 2015; Oettl, 

2012). Specifically, we define a death as sudden when it occurs before the scientist’s 

retirement age, meaning that at the time of the death, the focal scientist who passes away, 
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was still active in the scientific publication world and that his passing was sudden as he 

was still young enough.  

We will measure the change in novelty and in knowledge distance of the co-authors, before 

and after the death of the focal scientist. If there are any differences, it can be attributed to 

the deceased scientist. Following the literature review we thus expect this difference to be 

higher when the focal scientist is a woman versus a man. 

3.1.2 Description of the treatment and matched control samples 

Our econometric analysis is based on a difference-in-difference strategy, we thus need two 

groups: the treatment sample and the matched control sample.  

To collect the data, we start from the articles indexed in PubMed – including most journals 

in the medical sciences – we compile data on individual scientists using the disambiguation 

provided by the Torvik Research Group (Torvik, 2015; Torvik & Agrawal, 2016; Torvik & 

Smalheiser, 2009). To identify sudden deaths, we run a procedure containing several 

stages. First, using a web scraping algorithm, we extract the first 10 BING search results 

for each scientist in the database using the scientist’s name and affiliation as a search key. 

Second, we define a search key to identify potentially deceased scientist and search for 

entries that might indicate death (using key words such as ‘deceased’, ‘died’, ‘obituary’). 
Third, for each hit, we manually look up the cause of death and extract sudden/premature 

deaths. We end up with a sample of scientists that passed away suddenly. 

3.1.2.1 Unit of observation  

Starting from the sample of sudden deceased scientists, we create the co-authorship 

network around each of them. Our unit of observation is thus the couple co-author-year. A 

co-author is defined as someone within the co-authorship network of the focal scientist, i.e. 

the scientist from which we consider the peer effect is flowing, at time t-10 until t-5, where 

t is the year of treatment (year of the focal scientist’s death) for the treatment and control 

group. We follow these co-authors from t-5 up until t+5, and we end up with a panel data-
set of these co-authors for the five years before and after the treatment (i.e. the decease 

of the focal scientist).  

3.1.2.2 Treatment and control sample 

In the treatment sample are the co-authors (as defined above) of the focal treatment 

scientist. 

A focal treatment scientist is a scientist who: 

o dies within the time period 2000-2005 
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o has published at least 10 articles in total 
o has published at least 5 articles in the 5 years before his/her last article  
o has stopped publishing between 2000 and 2008 
o does not have an affiliation with a non-English speaking country during his/her final 

4 years of publishing 

For each focal treatment scientist, we consider the population of scientists that has not die 

as a potential focal control scientist – and assign the treatment year to them. The control 

group will be restricted by following criteria:  

o similar number of publications before the treatment year 
o similar career age  
o same gender 
o similar network size at t-5  
o similar gender diversity in their co-authorship network at t-5.  

After these procedures, we end up with a set of treatment focal scientists, i.e. set of 
scientists who passed away a certain year, and a set of control focal scientists who have 

not passed away but to which we attribute a treatment year. The set of control focal 

scientists has the same likelihood to be treated – as if they and their co-authorship network 

are randomized into treatment.  

3.1.3 Measure of novelty 

In order to test our first hypothesis, we need to measure the novelty of the scientific 

research of the co-authors. 

We use the novelty measures developed by Mishra and Torvik (2016) which are based on 

the Medical Subject Headings of articles indexed in MEDLINE. MeSH are keywords, not 
assigned by the authors but by specialised expert librarians from the National Institute of 

Health, which reflect the content of an article and categorize it. A MeSH corresponds to a 

concept, each article is related to several MeSH and thus to several concepts. The authors 

developed measures of novelty based on the age of a concept or a pair of concepts, 

represented by the age of its MeSH. The age of a concept is measured as the years since 

the first time it appears in the MeSH bulk. Therefore, the higher the novelty measure is (i.e. 

the older the concept is), the less novel the article is. The authors have established two 

types of novelty measure for a paper: 

o Time novelty: based on the number of years since a concept’s first appearance in 

the bulk of MeSH 
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o Volume novelty: based on the number of articles since a concept’s first 

appearance in the bulk of MeSH 

This two types or novelty measures are also available for individual concept and pairs of 

concepts. Pairs of concept’s novelty is more related to the combinatorial view of novelty: 
two concepts cannot be novel but their recombinations in a pair is well novel. Individual 

concept novelty refers to the appearance of a concept alone.  

To attribute time novelty score to articles, we look at the minimum concept age in years 

among all the article’s concepts. We do the same for pairs of concepts to have the time 

novelty pairs score. Regarding volume novelty, we look at the youngest concept in term of 

papers, i.e. the concept that have been used in the less papers, and we also do the same 

for pairs of concepts.  
In our database, we calculate those scores for all the articles of a co-author for each year 

and divide it by the numbers of articles by years to have measures of his average novelty 

each year. We thus end up, for each year and for each co-author, with 4 measures of his 

novelty: time novelty, time novelty for pairs, volume novelty, volume novelty for pairs.  

3.1.4 Measure of knowledge distance 

In order to measure the knowledge distance, we have taken the number of distinct MeSH 

in a co-author network and divide by the number of co-authors inside this network. This 

measure gives the knowledge diversity inside the network around a co-author in a certain 

year. 

3.1.5 Description of the variables  

Our panel-data set, with as unit of observation the couple co-author-year, will be composed 
of the following variables: 

 

o By co-author – year (index jt): novelty measures, network knowledge diversity 

measure, number of co-authors, career age, network gender diversity 
o By co-author (index j): gender, gender focal scientist, number of articles written 

with focal scientist before his death (intensity), time since last article with focal 

scientist (recency), if co-author and focal scientist were located at the same 

university (proximity)  

A complete description of all the variables is available in the Annex 1. 
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3.2 Methodology 

In this part, we highlight the regressions used to test our two hypotheses. 

3.2.1 Test of H1: Woman presence in the co-authorship network enhances the 
novelty of the co-authors’ researches because of their higher peer effects. 

For this relation, the argument to prove is the fact that women have higher peer effects on 
their co-authors than men through higher knowledge flows because of skills 

(communication skills, social skills) and preferences (communal goal endorsement, 

competition etc.). When knowledge flows more, likelihood of novelty increases because of 

higher potential for recombination.  

This predicts a positive difference between the peer effect on novelty of women versus 

men. The measures of novelty are inverted, the greater the measure, the less novel the co-

author is. If the theory is true, at least we would expect to find a positive value of 𝛽" in our 

first regression, meaning a decrease in the co-authors’ novelty after the death of a female 

focal scientist. 

(1)			𝑛𝑜𝑣𝑒𝑙𝑡𝑦./ = 	𝛽1 + 𝛽"	𝐴𝐹𝑇𝐸𝑅𝐷𝐸𝐴𝑇𝐻𝑗𝑡 ∗ 𝐹𝐸𝑀𝐴𝐿𝐸𝐹𝑂𝐶𝐴𝐿𝑗 + 𝛽@	𝐴𝐹𝑇𝐸𝑅𝐷𝐸𝐴𝑇𝐻./
+ 𝛽A𝑐𝑎𝑟𝑒𝑒𝑟𝑎𝑔𝑒./	 + 𝛽F𝑔𝑒𝑛𝑑𝑒𝑟𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦./ + 𝛽J𝑛𝑟𝑜𝑓𝑐𝑜𝑎𝑢𝑡ℎ𝑜𝑟𝑠./ + 	𝛼/
+ 𝛿. + 𝜖./ 

with: 

- 𝑛𝑜𝑣𝑒𝑙𝑡𝑦./: the dependent variable of interest corresponding to the novelty of the 

output of co-author j in year t 

- 𝐴𝐹𝑇𝐸𝑅𝐷𝐸𝐴𝑇𝐻./: an interaction effect represented by a dummy variable, switching 

to 1 after focal scientist of co-author j passed away in year t for the treated sample. 

- 𝐹𝐸𝑀𝐴𝐿𝐸𝐹𝑂𝐶𝐴𝐿𝑗: dummy variable equals to 1 when the focal scientist of co-author 

j is a woman and equals to 0 when it’s a man 

- 𝛽": coefficient that captures the difference in the causal effect of the focal scientist’s 

death on co-author j, i.e. the change in novelty of co-author j, when the focal 

scientist is a woman versus man. 

- 𝛽@: coefficient that captures the causal effect of the focal scientist’s death on co-

author j, i.e. the change in novelty of co-author j, when the focal scientist is a man 

- 𝛽"+𝛽@: captures the causal effect of the focal scientist’s death co-author j, i.e. the 

change in novelty of co-author j, when the focal scientist is a woman 

- 𝑐𝑎𝑟𝑒𝑒𝑟𝑎𝑔𝑒./	: controls for the career age of co-author j in year t  

- 𝑔𝑒𝑛𝑑𝑒𝑟𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦./: controls for the gender ratio in the network of co-author j in year 

t 
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- 𝑛𝑟𝑜𝑓𝑐𝑜𝑎𝑢𝑡ℎ𝑜𝑟𝑠./: controls for the number of co-authors in the network of co-
author j in year t 

- 𝛼/: corresponds to time fixed effects for the 5 years before and after the death of 
the focal scientist  

- 𝛿.: corresponds to the individual fixed effects such as education, motivation, 
ability etc 

- 𝜖./: corresponds to the error term 

3.2.1.1 Moderating effect of the ties strength 

As stated earlier, the strength of the ties between the co-authors and the focal scientist can 

impact our results (Carrington, Scott, & Wasserman, 2009). Indeed, our argument for 

hypothesis 1 is likely to be more pronounced for collaborators that have work ‘closely’ 

together, where ‘closely’ refers to the intensity, recency and proximity (the co-author and 

the focal scientist are affiliated with the same university) of collaboration. 

Co-authors that had intense collaboration relationships, in the sense that they have 

collaborated at least a certain number of times with the focal scientist, will be more affected 

by his passing and we expect the treatment effect to be stronger when the number of 

collaborations increases. Indeed, an intense collaboration increases trust among members 

which improves the sharing of knowledge (G. Jones, 2017; Levin & Cross, 2004). The 

members also know better the way of working of the other and the exchange of ideas is 

more efficient. 

Regarding recency, the later the collaboration occurs before the scientist passes away, the 

stronger treatment effect we expect.  

Finally, for proximity, we expect the treatment effect to be stronger for co-authors collocated 

with the focal scientist. Indeed, the positive effects of women appear more during direct 

social interactions and exchanges and those types of communications are more likely to 

occur if the authors are collocated inside the same university. If the co-authors are not 

collocated, there are higher chances that they communicate via email and with this sort of 

interpersonal connection, the peer effects of women are less probable. 

For each of these dimensions (intensity, recency and proximity of collaboration), we run an 

interaction between the main variable and the measures for tie strengths. Expected is that 

𝛽"	from regression 1 increases with tie strength – which suggests that the argument that 

females make knowledge flows more easily is supported, because knowledge flows more 

easily between strong ties.  The regressions are the following: 
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(2)			𝑛𝑜𝑣𝑒𝑙𝑡𝑦./ = 	𝛽1 + 𝛽"	𝐴𝐹𝑇𝐸𝑅𝐷𝐸𝐴𝑇𝐻𝑗𝑡 ∗ 𝐹𝐸𝑀𝐴𝐿𝐸𝐹𝑂𝐶𝐴𝐿𝑗 ∗ 𝑅𝐸𝐶𝐸𝑁𝐶𝑌𝑗
+ 𝛽@	𝐴𝐹𝑇𝐸𝑅𝐷𝐸𝐴𝑇𝐻𝑗𝑡 ∗ 𝐹𝐸𝑀𝐴𝐿𝐸𝐹𝑂𝐶𝐴𝐿𝑗 + 𝛽A	𝐴𝐹𝑇𝐸𝑅𝐷𝐸𝐴𝑇𝐻./
+ 𝛽F𝑐𝑎𝑟𝑒𝑒𝑟𝑎𝑔𝑒./	 + 𝛽J	𝑔𝑒𝑛𝑑𝑒𝑟𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦./ + 𝛽T𝑛𝑟𝑜𝑓𝑐𝑜𝑎𝑢𝑡ℎ𝑜𝑟𝑠./ + 	𝛼/
+ 𝛿. + 𝜖./ 

(3)		𝑛𝑜𝑣𝑒𝑙𝑡𝑦./ = 	𝛽1 + 𝛽"	𝐴𝐹𝑇𝐸𝑅𝐷𝐸𝐴𝑇𝐻𝑗𝑡 ∗ 𝐹𝐸𝑀𝐴𝐿𝐸𝐹𝑂𝐶𝐴𝐿𝑗 ∗ 𝐼𝑁𝑇𝐸𝑁𝑆𝐼𝑇𝑌𝑗
+ 𝛽@	𝐴𝐹𝑇𝐸𝑅𝐷𝐸𝐴𝑇𝐻𝑗𝑡 ∗ 𝐹𝐸𝑀𝐴𝐿𝐸𝐹𝑂𝐶𝐴𝐿𝑗 + 𝛽A	𝐴𝐹𝑇𝐸𝑅𝐷𝐸𝐴𝑇𝐻./
+ 𝛽F𝑐𝑎𝑟𝑒𝑒𝑟𝑎𝑔𝑒./	 + 𝛽J	𝑔𝑒𝑛𝑑𝑒𝑟𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦./ + 𝛽T𝑛𝑟𝑜𝑓𝑐𝑜𝑎𝑢𝑡ℎ𝑜𝑟𝑠./ + 	𝛼/
+ 𝛿. + 𝜖./ 

(4)		𝑛𝑜𝑣𝑒𝑙𝑡𝑦./ = 	𝛽1 + 𝛽"	𝐴𝐹𝑇𝐸𝑅𝐷𝐸𝐴𝑇𝐻𝑗𝑡 ∗ 𝐹𝐸𝑀𝐴𝐿𝐸𝐹𝑂𝐶𝐴𝐿𝑗 ∗ 𝑃𝑅𝑂𝑋𝐼𝑀𝐼𝑇𝑌𝑗
+ 𝛽@	𝐴𝐹𝑇𝐸𝑅𝐷𝐸𝐴𝑇𝐻𝑗𝑡 ∗ 𝐹𝐸𝑀𝐴𝐿𝐸𝐹𝑂𝐶𝐴𝐿𝑗 + 𝛽A	𝐴𝐹𝑇𝐸𝑅𝐷𝐸𝐴𝑇𝐻./
+ 𝛽F𝑐𝑎𝑟𝑒𝑒𝑟𝑎𝑔𝑒./	 + 𝛽J	𝑔𝑒𝑛𝑑𝑒𝑟𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦./ + 𝛽T𝑛𝑟𝑜𝑓𝑐𝑜𝑎𝑢𝑡ℎ𝑜𝑟𝑠./	+𝛼/
+ 𝛿. + 𝜖./ 

with: 

- 𝑅𝐸𝐶𝐸𝑁𝐶𝑌𝑗: dummy variable that switches to 1 for co-authors who have published 

with focal scientist during the 2 years before his death 

- 𝐼𝑁𝑇𝐸𝑁𝑆𝐼𝑇𝑌𝑗: dummy variable that switches to 1 for co-authors who have published 

2 times or more with focal scientist before his death 

- 𝑃𝑅𝑂𝑋𝐼𝑀𝐼𝑇𝑌𝑗: dummy variable that switches to 1 for co-authors who are from the 

same university as the focal scientist 

- 𝛽": coefficient that captures the difference in causal effect of the focal scientist’s 

death on co-author j, i.e. the change in novelty of co-author j, when the focal 

scientist is a woman versus man and when the collaboration was either recent, 
close or in proximity. 

3.2.2 Test of H2: woman presence positively impacts knowledge diversity inside 
the network 

Basically, there are two main mechanisms in our review of literature corresponding to our 

two hypotheses. On the one hand, women might play an important role in forming ties, this 

mechanism corresponds to our second hypothesis, i.e. women increase the attendance of 

knowledge diverse networks. On the other hand, once ties are formed, women help to 

increase co-ordination, knowledge transfers and novelty, this is the main mechanism, 

corresponding to our first hypothesis explained above.  

In order to disentangle these, we check whether the main effect is mainly explained by 

differing networks after the decease – so knowledge diversity of the network of co-authors 
decreases after the focal scientist’s death. If knowledge diversity, measured for each year, 

decreases more when females die and if controlling for knowledge diversity decreases the 
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main effect substantially, i.e. decrease the value of 𝛽" in the first regression, then the ties 

formation mechanism is, or partly is, responsible for the main effect of women on novelty. 

The extent to which the main effect stays once controlling for knowledge diversity, might 
give an indication for the presence of the main mechanism – that is, females increase 

knowledge flows within co-author teams. 

3.2.2.1 Women and knowledge diversity 

To measure it, we need to first calculate the change in knowledge diversity around each 

co-author j before and after the death of the focal scientist. On the contrary of novelty 

measures, knowledge diversity measure is not inverted. We expect a higher drop in 

knowledge diversity of co-author j when the focal scientist is a woman versus a man.  

(5)		𝑘𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦./
= 	𝛽1̂ + 𝛽"̂	𝐴𝐹𝑇𝐸𝑅𝐷𝐸𝐴𝑇𝐻𝑗𝑡 ∗ 𝐹𝐸𝑀𝐴𝐿𝐸𝐹𝑂𝐶𝐴𝐿𝑗 + 𝛽@̂	𝐴𝐹𝑇𝐸𝑅𝐷𝐸𝐴𝑇𝐻./
+ 𝛽Â𝑐𝑎𝑟𝑒𝑒𝑟𝑎𝑔𝑒./	 + 𝛽F̂𝑔𝑒𝑛𝑑𝑒𝑟𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦./ +	𝛼/ + 𝛿. + +𝜖./		 

With all the variables corresponding to the same description as in the main regression but 
regarding knowledge diversity instead of novelty. 

3.2.2.2 Disambiguation of the two hypotheses 

Once we have the results for regression number 5 and if they show well a higher drop in 

knowledge diversity of the co-authors when the focal scientist is a woman (negative 𝛽"̂), 
then we need to control for it in the main regression in order to see if the ties formation 

mechanism is responsible for the main mechanism, and if yes, to which extent. 

(6)			𝑛𝑜𝑣𝑒𝑙𝑡𝑦./ = 	𝛽1 + 𝛽"	𝐴𝐹𝑇𝐸𝑅𝐷𝐸𝐴𝑇𝐻𝑗𝑡 ∗ 𝐹𝐸𝑀𝐴𝐿𝐸𝐹𝑂𝐶𝐴𝐿𝑗 + 𝛽@	𝐴𝐹𝑇𝐸𝑅𝐷𝐸𝐴𝑇𝐻./
+ 𝛽A𝑎𝑔𝑒./	 + 𝐵F	𝑔𝑒𝑛𝑑𝑒𝑟𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦./ + 𝛽J𝑛𝑟𝑜𝑓𝑐𝑜𝑎𝑢𝑡ℎ𝑜𝑟𝑠./
+ 𝛽T	𝑘𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦./ + 𝛼/ + 𝛿. + 𝜖./ 

We expect 𝛽T	𝑖𝑛	𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛	6 to be smaller than 0 meaning that 𝑘𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦./ 

positively impacts 𝑛𝑜𝑣𝑒𝑙𝑡𝑦./ . We also expect 𝛽"̂	𝑖𝑛	𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛	5  to be smaller than 0 

meaning that the death of a female focal scientist negatively impacts 

𝑘𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦./.  

If those two expectations are true, then we also expect  𝛽"	𝑖𝑛	𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛	6 to be smaller 

than 𝛽"	𝑖𝑛	𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛	1  because part of the main effect (women increasing novelty) is 

explained by the tie formation theory and not only by the higher coordination and knowledge 
flow theory. 
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3.3 Ruling out alternative explanations through design 

3.3.1 Women select themselves into more novel projects 

It could be possible that women choose more novel projects than men. This hypothesis 
relies on the fact that women are more likely to endorse communal goals and to be 

motivated by moving the society and/or the research forward than men do (Diekman et al., 

2010; Iorio et al., 2017). Novel researches have greater odds to have a big impact and 

really change the field of scientific research. The argument can be further supported by the 

fact that men, as they are more competitive, tend to focus on incremental searches that 

have higher chances to lead to lots of publications in scientific journals (Apicella & Dreber, 

2015; Buser et al., 2014; Gneezy et al., 2009). So, you can either count your citations and 

publications, what men tend to do more, or you can engage in researches that have the 
potential to really move the field forward, what women are more likely to do.  

On the other hand, the hypothesis can be weakened by the fact that women are more risk-

averse than men are (Fellner & Maciejovsky, 2007; van Veldhuizen, 2016). As novel 

projects are riskier and takes more time to be recognised (Arrow, 2008), women maybe 

choose less novel projects than men. 

In any case, our design allows us to rule out this alternative explanation through the use of 

sudden deaths that bring an exogenous shock in the network around the focal scientist 
leading to randomization and thus certifies that the effect we will measure is due to the 

person itself.  

3.3.2 Males with interests in novel researches and/or specific attributes chose 
more mix-gendered teams 

A second potential explanation could be the fact that men that are more likely to engage in 

novel projects are also more likely to choose gender-mixed teams and to work with women. 

If this is the case, the higher novelty measured will not be due to the presence of women 

and their peer effects but to the fact that men that are working on novel projects also work 

with more women. Or, it could also be possible that men that are more communicative, 

have higher ability, better education or are more motivated choose to work with women too. 

As we concentrate on combinatorial novelty, if men with better communicative skills are 

more likely to work with women in teams, the higher novelty of the research will be due to 
the presence of those men and will not be the consequence of the women’ peer effects. 
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However, our design also rules out this explanation. The combined use of individual fixed 

effects and of sudden deaths leads to randomization of the treatment and controls for 

differences in individual capacities and thus excludes this potential alternate explanation.  

3.3.3 Women with higher ability and/or better communicative skills choose more 
novel projects. 

Some women may be more likely to work on novel projects than other women. Women that 

are more motivated, have better education, more motivation, higher ability or 

communicative skills may be more likely to work on novel projects. As such, the effect we 

will measure will not be due to the fact that women, in general, have higher peer effects. 

The randomization through the use of sudden deaths and the utilization of individual fixed 

effects controls for this alternative explanation.  



 

 25 

4 Results 

The result section describes the outcomes of the statistical analysis using the data defined 
previously. This section is composed of three parts. The first comprises the data’s 

descriptive statistics. The second part contains the results for our regressions in order to 

draw conclusions about our two hypotheses. The last part contains the discussion of the 

results: what are the big trends that we can extract from the data. 

4.1 Descriptive statistics   

We divide our descriptive statistic into three groups: one for dataset, one for time-variant 

measures and one for time-invariant measures.  

4.1.1 Dataset  

The final dataset is composed of 1,222,1998 observations corresponding to 167,250 co-

authors arranged in networks around 6,124 focal scientists. In total, there are 355 female 

and 5,769 male focal scientists. Regarding the treatment and control sample, we have a 
treatment sample composed of 57,380 co-authors and a control matched sample 

composed of 1,091,387 co-authors. Finally, the mean age for the premature death of a 

focal scientist is 56 years old. We only kept the premature/sudden deaths in our dataset, 

i.e. deceases before the retirement age fixed at 65 years old. 

4.1.2 Time-variant measures 

Time-variant measures correspond to the different novelty measures, the knowledge 

diversity measure, the gender diversity inside the network, the number of co-authors and 

the career age.  

The average career age of the co-authors is 20 years and the average number of co-
authors is 20. Regarding gender diversity inside the co-authors’ networks, the mean is 

0.3071, implying that on average women account for one third of the scientists. The novelty 

scores using pairs of concepts are lower (lower score means higher novelty) compared to 

the scores with individual concept. This matches with the view that novelty is more a 

combinatorial process, discoveries of totally new concepts and thus new MeSH are rare. 

The complete descriptive statistics for those variables are available in table 1 in Appendix 

2. For descriptive statistics, separated by treatment and control group and before/after the 

treatment, see tables 2 to 5 in Annex 2. 
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We conducted t-tests and found significant differences for all time-variant variables, except 

for the pair volume novelty measure, between the treatment and the control sample (see 

table 7 Appendix 2). First, we took a closer look to differences and saw that even though 

the confidence intervals did not overlap they were very close and that the difference in 

means were also small. We then plotted those variables by group (control or treatment 

sample) on graphs for the five years before the treatment, i.e. the death of the focal 

scientist, to observe time-trends (see Appendix 3 for the graphs). We found parallel time 
trends for all of them expect for the pair volume novelty. As the time-trends are parallel, it 

means that the control and treatment samples evolve in the same manner and that the use 

of fixed effects will control for the differences between them. Regarding the measure of 

volume novelty using pairs, it is the only one that does not have parallel time-trends. 

Insights on the reason why it is so will later be developed in this section. The non-

significance of the tests may also be related to the fact that the control and treatment 

sample are not the same size. 

4.1.3 Time-invariant measures 

Recency, proximity and intensity are used to determine the extent to which the ties between 

the focal scientists and his co-authors are strong. Nevertheless, those measures do not 
vary over time. On average, the last collaboration with the focal scientist takes place 5 

years before his passing and the co-authors write on average 4 papers with the focal 

scientist before his death (complete statistics in table 7 Appendix 2). Running t-tests, we 

found significant differences between the treatment and control sample except for the 

measure of the recent intensity, i.e. number of collaborations within the 10 years before the 

passing. Still, the differences in means between the control and treatment samples are 

small, so are the standard errors, meaning the small differences should not impact the 
results (see table 8 Appendix 2).  

4.2 Regressions results 

In this part, we will describe the results of our various regressions and confirm or invalidate 

our two hypotheses. 

4.2.1 Results for the first hypothesis: women enhance the novelty of their peer’s 
researches 

The results of the first regression described just below with the 4 measures of novelty as 

dependent variables are summarized in the tables 9 to 12 in Appendix 4. 
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𝑛𝑜𝑣𝑒𝑙𝑡𝑦./ = 	𝛽1 + 𝛽"	𝐴𝐹𝑇𝐸𝑅𝐷𝐸𝐴𝑇𝐻𝑗𝑡 ∗ 𝐹𝐸𝑀𝐴𝐿𝐸𝐹𝑂𝐶𝐴𝐿𝑗 + 𝛽@	𝐴𝐹𝑇𝐸𝑅𝐷𝐸𝐴𝑇𝐻./
+ 𝛽A𝑐𝑎𝑟𝑒𝑒𝑟𝑎𝑔𝑒./	 + 𝛽F𝑔𝑒𝑛𝑑𝑒𝑟𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦./ + 𝛽J𝑛𝑟𝑜𝑓𝑐𝑜𝑎𝑢𝑡ℎ𝑜𝑟𝑠./ + 	𝛼/
+ 𝛿. + +𝜖./ 

4.2.1.1 With average time novelty as dependent variables (for individual and pairs of 
concepts) 

The regression using the average time novelty as dependent variable gives significant 

results (see table 9 Appendix 4). The coefficient 𝛽" equals 0.785 (p-value < 0.01). The 

coefficient 𝛽@ equals -0.191 but with a p-value of 0.11. The coefficient of 𝛽" captures the 

difference in the novelty of the co-author when a female passes away versus a man and 

its positive value confirms our hypothesis. It is important to remember that the measure of 

novelty we are using is “inverted”: the smaller the value of the measure, the greater the 
novelty. What we expected was a greater drop in the novelty when a female focal scientist 

passes away compared to when a man passes away. As 𝛽" is positive and significant it 

means that the disappearance of a female focal scientist entails a drop in the novelty of her 
co-authors as we predicted: when a woman passes compared to when a man dies, there 

is a difference in the novelty drop of 0.783 (the novelty measure increases, meaning that 

the novelty of the co-authors decreases).  

The control variable career age’s coefficient equals 0.937 (p-value< 0.01), implying that the 

longer the co-author is working, the less novel output he produces. The number of co-

authors (coefficient equals -0.014) has a small but significant effect on the novelty (p-value< 

0.01). The more co-authors there are in the network, the more novel the output will be. This 

is consistent with the argument developed in the literature review that the larger the 
knowledge base is, the greater chances for novel output. Finally, the gender diversity inside 

the network also has a coefficient of -1.259 (p-value < 0.01). It means that the higher the 

gender diversity inside the network, the more novel the research will be. 

The measure of average time novelty with pairs of concepts gives approximately the same 

results as with individual concept. The coefficient of 𝛽" equals 0.267 (p-value< 0.05), so 

the passing of female focal scientist stills entails a drop in novelty compared to when a 

male dies.  𝛽@, the effect of a male scientist dying, equals -0.023 but is not significant. 

Career age decreases the novelty of the co-authors while the number of co-authors and 

the gender diversity both enhance novelty (negative scores) (p-values< 0.01). 

 



 

28 

4.2.1.2 With volume novelty scores as dependent variables 

The results using volume novelty as dependent variable are less straightforward. The 

average volume novelty score for individual concept gives the same trends, in the 

coefficients of 𝛽" and 𝛽@ but both are non-significant. The career age, number of co-authors 

and gender diversity inside the network all have the same effects as with time novelty 

scores (p-values< 0.01). The results with average volume novelty for pairs of concepts are 

not following the same trends for 𝛽" and 𝛽@ but those results are not-significant. Career age 

also has a non-significant coefficient. Number of co-authors (p-value< 0.01) and gender 

diversity (p-value< 0.05) both have negative coefficients meaning they still enhance the co-

authors’ novelty.  

The non-significant results using volume novelty as dependent variables (both for individual 

and pairs of concepts) can be linked to the fact that those measures are less stable than 

the time novelty measures. Indeed, time novelty looks at the younger MeSH term of a 

paper, with the age of a MeSH term defined as the number of years since its first 

appearance in the corpus of MeSH terms. Therefore, once the MeSH term is born, there 
are no trends inside the measure, each year passing just add another year to the age of 

the MeSH term. In other words, time novelty is a linear measure. But for the volume novelty 

measures, the age depends on the number of papers using the MeSH, the more papers 

are using the term, the older the MeSH gets. The problem is that there are trends in the 

use of novel concepts, for example if the term becomes trendy at one point in time. Mishra 

and Torvik (2016) have identified 4 phases in the publication profile of a new MeSH: burn-

in phase, accelerating growth phase, decelerating growth phase and constant growth 

phase. The measures using volume novelty scores are thus less stable and for this reason 
we prefer the time novelty measure. 

4.2.2 Results for the moderating effect of ties strength  

We have decided to perform the analyses for our preferred measures (individual and pair 

time novelty) for the reasons explained above. We ran the following regressions for 

proximity, recency and intensity measures. 

			𝑛𝑜𝑣𝑒𝑙𝑡𝑦./ = 	𝛽1 + 𝛽"	𝐴𝐹𝑇𝐸𝑅𝐷𝐸𝐴𝑇𝐻𝑗𝑡 ∗ 𝐹𝐸𝑀𝐴𝐿𝐸𝐹𝑂𝐶𝐴𝐿𝑗 ∗ 𝑅𝐸𝐶𝐸𝑁𝐶𝑌𝑗
+ 𝛽@	𝐴𝐹𝑇𝐸𝑅𝐷𝐸𝐴𝑇𝐻𝑗𝑡 ∗ 𝐹𝐸𝑀𝐴𝐿𝐸𝐹𝑂𝐶𝐴𝐿𝑗 + 𝛽A	𝐴𝐹𝑇𝐸𝑅𝐷𝐸𝐴𝑇𝐻./
+ 𝛽F𝑐𝑎𝑟𝑒𝑒𝑟𝑎𝑔𝑒./	 + 𝛽J	𝑔𝑒𝑛𝑑𝑒𝑟𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦./ + 𝛽T𝑛𝑟𝑜𝑓𝑐𝑜𝑎𝑢𝑡ℎ𝑜𝑟𝑠./ + 	𝛼/
+ 𝛿. + 𝜖./ 
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4.2.2.1 Recency 

Before running the regressions, we need to create a dummy variable switching to one when 

the recency, i.e. the number of years since the last article the co-author has written with 

the focal scientist, is below a certain number of years. We consider the collaboration to be 

recent when it happens maximum 4 years before the focal scientist passes away. The 

results for both individual and pair time novelty scores are summarized in tables 13 and 14 

in Appendix 5.  

For individual time novelty score, the recent collaboration with women enhances even more 

the peer effect of women as we predicted. 𝛽" equals 1.104 (p-value< 0.05) and 𝛽@ equals 

0.341 (p-value< 0.05), the peer effect of women is thus higher when the collaborations are 

recent as the drop in novelty when a female focal scientist passes away versus a man is 

greater when the collaboration happened maximum 4 years before the decease, i.e. 𝛽" in 

this regression is bigger than 𝛽@ . For pair of concepts time novelty score, the trends are 

similar but the coefficient is not significant. 

4.2.2.2 Proximity 

The proximity measure is a dummy variable switching to one if at least one of the co-

authored publications with the focal scientist was at the same university. As it was not 
possible to find the universities, we use as a proxy the cities where the co-authors and the 

focal scientists were located. The results for individual time novelty are not conclusive. 𝛽" 

equals -0.888 (p-value< 0.1), i.e. the proximity of the collaboration does not enhance the 

peer effect of women. The results are the same using time novelty for pairs of concepts, 𝛽" 

equals -0.39 (p-value< 0.1). 

Those results have to be taken carefully since measuring the proximity was complicated 

and we were only able to use a proxy. Furthermore, the dummy variable is switching to one 
if the co-author and the focal scientist are collocated for one publication, but we expect the 

effect of proximity to appear when the people are working together for a certain time 

(complete results in tables 15 and 16 in Appendix 5). 

4.2.2.3 Intensity 

Intensity is split in three measures: 

o Intensity: total number of collaborations with the focal scientist before his death 
o Old intensity: number of collaborations with the focal scientist for the years before 

t-10, with t= the year of the death 
o Recent intensity: number of collaborations with the focal scientist for the 10 years 

before his death, i.e. after t-10 



 

30 

We thus create 3 dummies that are switching to one for each of the intensity measure when 

the co-author and focal scientist have collaborated more than 4 times. None of the 

coefficients for the 3 measures had a significant p-value and therefore we can’t conclude 

about the effect of the collaboration intensity (results in table 17 to 22 in Appendix 5). 

4.2.3 Results for the second hypothesis: Knowledge diverse networks are more 
likely to be formed in the presence of women 

We first ran the following regression to see if women impact network knowledge diversity. 

		𝑘𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦./
= 	𝛽1̂ + 𝛽"̂	𝐴𝐹𝑇𝐸𝑅𝐷𝐸𝐴𝑇𝐻𝑗𝑡 ∗ 𝐹𝐸𝑀𝐴𝐿𝐸𝐹𝑂𝐶𝐴𝐿𝑗 + 𝛽@̂	𝐴𝐹𝑇𝐸𝑅𝐷𝐸𝐴𝑇𝐻./
+ 𝛽Â𝑐𝑎𝑟𝑒𝑒𝑟𝑎𝑔𝑒./	 + 𝛽F̂𝑔𝑒𝑛𝑑𝑒𝑟𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦./ +	𝛼/ + 𝛿. + +𝜖./		 

We expect the measure of knowledge diversity to drop further when a female focal scientist 

passes away versus when a man dies because we think women are better at creating ties 
between knowledge diverse persons. It is important to note that on the contrary of novelty 

scores, a higher knowledge diversity is better, while a higher novelty score means a lower 

novelty of the co-author. We thus expect 𝛽"̂ to be negative, as the death of a female focal 

scientist decreases the attendance of knowledge diverse networks. 𝛽"̂ equals -1.692, well 

negative as we predicted, but is non-significant. We can thus not conclude that women 

impact knowledge diversity.  

The coefficient for gender diversity equals -103.177 and is significant (p-value< 0.01), 

meaning it decreases the knowledge diversity, i.e. the more gender diverse the network is, 

the less knowledge diversity. The career age also has a negative coefficient of –9.195 (p-
value< 0.01), the longer the co-author has been working, the less knowledge diverse his 

networks is (complete results table 23 in Appendix 6). 

Even though we can’t conclude if women really engender more knowledge diverse 

networks, we are still interested in the effect of knowledge diversity on novelty. We run the 

following equation on the four measures of novelty (results in tables 24 till 27 in Appendix 

6): 

		𝑛𝑜𝑣𝑒𝑙𝑡𝑦./ = 	𝛽1 + 𝛽"	𝐴𝐹𝑇𝐸𝑅𝐷𝐸𝐴𝑇𝐻𝑗𝑡 ∗ 𝐹𝐸𝑀𝐴𝐿𝐸𝐹𝑂𝐶𝐴𝐿𝑗 + 𝛽@	𝐴𝐹𝑇𝐸𝑅𝐷𝐸𝐴𝑇𝐻./
+ 𝛽A𝑐𝑎𝑟𝑒𝑒𝑟𝑎𝑔𝑒./	 + 𝛽F	𝑔𝑒𝑛𝑑𝑒𝑟𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦./ + 𝛽J𝑛𝑟𝑜𝑓𝑐𝑜𝑎𝑢𝑡ℎ𝑜𝑟𝑠./
+ 𝛽T	𝑘𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦./ + 𝛼/ + 𝛿. + 𝜖./ 

The knowledge diversity slightly enhances the time novelty for both individual and pair of 

concepts (p-value< 0.01). Regarding volume novelty, for individual concept, the knowledge 
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diversity slightly decreases the novelty of the research (positive coefficient). For pairs of 

concepts with volume novelty, the coefficients are non-significant. 
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5 General Conclusion 

We have started this thesis by noticing an important gender gap still prevailing in academia. 
We also observe that novelty of the research is nowadays crucial but that important biases 

against novelty still exist through the funding schemes and bibliometric indicators such as 

the impact factor. Throughout the review of literature, we have learned about various 

characteristics of women: communication and leadership skills, communal-goal 

endorsement, pro-social behavior, personality traits, … These various characteristics are 

likely to affect the novelty of the research and we think that women are likely to enhance 

their co-authors’ novelty through higher peer effects compared to men. We have tested our 
hypothesis through a difference-in-difference design.  

5.1 Discussion of results 

This part highlights the bigger trends that we have uncovered from our dataset. Our first 

hypothesis that women enhance the novelty of their co-authors through higher peer effects 

is confirmed for the measure of time novelty for both individual and pairs concepts. Women 

thus well enhance the novelty of the people they are working with. For both volume novelty 

measures, the coefficients were not significant. It is likely to be due to the fact that the 

volume novelty measures are less stable measures than the time novelty ones. 

The effects of the ties strengths are not conclusive, except for the recency of the 

collaboration. The positive effect of women on their peers’ novelty is thus well higher when 
they have collaborated recently, which is not surprising as the death of the focal scientist 

is more likely to have higher repercussions on the co-authors when they are in closer 

relationships. 

Our second hypothesis, i.e. women enhancing the attendance of knowledge diverse 

networks, is not confirmed because the coefficient of the women’s impact on the knowledge 

diversity is not significant. Though, it is important to discuss the effect of knowledge 

diversity on novelty. For the individual and pairs of concepts time novelty scores, the 
knowledge diversity enhances the novelty of the co-authors. It is consistent with the 

argument developed in our review of literature that the broader the knowledge base, the 

higher chances for novel recombinations and thus novel outputs. For volume novelty 

measures, the results were not conclusive or not significant. 

Throughout the different regressions we have also uncovered interesting trends related to 

the following control variables: the career age of the co-authors, the number of the co-

authors within the network and the gender diversity within the network. 



 

34 

We have observed that the co-author’s career age badly impacts both its novelty and its 

knowledge diversity. It means that the longer a co-author has been working, the less novel 

his output is and the less knowledge diverse his network is. Packalen and Bhattacharya 

(2015a) argue that younger scientists are more likely to build on new ideas even though on 

the on the other hand, the best research teams also need an experimented scientist. There 

is an optimal combination of young scientists with some experimented ones to achieve 

higher level of novelty. Older scientists may have less incentives to engage in novel 
researches as they know better that their chances of success are very small. They also 

have less time to invest in very intensive researches because they are asked various other 

types of activities (committee work, mentorship, advising etc.). The lower network 

knowledge diversity of older scientists can be explained by the fact that they have 

specialized throughout their career and collaborate with more similar scholars. 

The co-authors’ novelty is slightly impacted by the number of co-authors inside their 

network. The larger their networks are, i.e. the higher the number of co-authors inside it, 

the more novel their publications are. The coefficients are small but significant across the 
different regressions. 

Finally, gender diversity also impacts both novelty and knowledge diversity. The novelty is 

positively affected by gender diversity. Therefore, increasing the share of women in 

scientific research enhances novelty as we argue in the review of literature.  

However, the gender diversity negatively affects the knowledge diversity inside the 

network. It highlights the complicated nature of diversity discussed in the literature. Indeed, 

gender diversity positively impacts novelty but negatively impacts knowledge diversity. So, 
increasing the share of women enhances the novelty of the research due to their different 

skills and characteristics. At the same time, increasing it also boosts demographic diversity 

which rises intergroup biases and can have negative effects such as decreasing the 

knowledge diversity. The optimal level of gender diversity is thus difficult to determine but 

given the fact that women do well enhance novelty of their peers, which is the most 

important, we think that increasing their presence in academia is beneficial. 

5.2 Recommendations 

Based on our findings we have suggestions for universities and science policy makers. Our 

study suggests universities to investigate further in order to understand the reasons of the 

gender gap still existing in academia and to take actions to close, or at least reduce it. We 
advise universities to engage and promote the entry of women in academia and their 

research teams as they boost novelty of their peers and thus of the research. We also 

advise both universities and funding agencies to finance research teams with young 
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scientists as the earlier in their career stage, the more likely they are to produce novel 

outputs. Taking a broader perspective, we also suggest to funding agencies to invest in 

novel projects even though there are riskier because they are more likely to really impact 

the research and to lead to great innovations. We also advise universities to conduct team 

building activities as the novelty arises from the exchange of ideas and knowledge flows. It 

is not sufficient to have knowledge diverse teams, there is still the need to exchange those 

ideas and knowledge.  

5.3 Limitations and suggestions 

First of all, our research is limited to the biomedical sector as we have extracted our data 
from MEDLINE. It would be very interesting to extend the research to other scientific 

sectors in order to see if the women peer’s effect on novelty is consistent across the fields.  

Secondly, some of the measures we use as variables can be further improved. Having a 

better measure of proximity for the study of the effect of the ties strengths could give 

interesting results. Another measure for the knowledge diversity could also lead to more 

accurate evaluation of the women effect on it. A more precise measure that we were not 

able to perform on our data, is developed in Appendix 7. Further studies implementing this 

measure could uncover more precisely relations between knowledge diversity and women 
and the impact of gender diversity on it.  

Thirdly, futures researches should develop in more details the matching between the 

control and the treatment group.  

Finally, our study is limited to the research in academia, it could be interesting to extend it 

to innovation teams in companies by measuring the novelty of the patents developed by 

those teams and see if female presence also enhances it. Indeed, the various skills and 

characteristics of women improving novelty of the research are likely to also positively affect 
innovation. 
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Appendices 

Appendix 1: Description of the variables contained in the database 
§ rank: identifier for a scientist. This means that the person was a collaborator of a 

deceases/control scientist at t-10 until t-5, where t is the year of treatment. Note 
that also the control group is a assigned a year of treatment, because that is the 

year in which we deem the focal scientist to be comparable to one of our dead 

scientists. 

§ year: a (calendar) year in which the scientist published at least one paper 

§ treated: dummy for being treated (having collaborating focal scientist who died) 

§ year_treat: the year in which the focal scientist died (or based on which it was 

selected to be a control  
§ focrank: identifier of the focal scientist 

§ focgenni: gender of focal scientist 

§ focfemale: dummy variable switching to 1 if focal scientist is female, missing 

means that we don't know 

§ matched_to_focrank: tells you, for the control sample, the rank of the deceased 

focal scientist with whom the focal scientist was matched. for the treated sample, 

matched_to_focrank = focrank 

§ age_dead: the age at which focal scientist died, if we know, for the treated 
sample 

§ timenovelty_avg: average over the year the scientist published in of what is 

called the timenovelty of its publications. It tells you for a publication how old the 

youngest MeSH-term is in years 

§ timenovelty_sum: sum instead of average of the above 

§ volumenovelty_avg: average over the year the scientist published in of what is 

called the volumenovelty of its publications. It tells you for a publication how old 
the youngest MeSH-term is in terms of how many times it is used before with 1 

meaning it is the first time it is used. 

§ volumenovelty_sum: sum instead of the average above. 

§ pair[...]: The four above measures are also given when looking at combinations 

of MeSH-terms instead of MeSH-terms themselves. 

§ careerage: the time in years since the scientist's first publication 

§ nr_coauthors: number of co-authors in this year in the network of co-author j 

§ genderdiversity: number of female coauthors divided by total co-authors 
§ recency: number of years passed from the treatment year since the last co-

authored publication with the focal scientist 
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§ proximity: whether at least one of the co-authored publications with the focal 

was at the same university (this is a proxy, as we use the city they worked in) 

§ intensity: total number of collaborations before treatment year with the focal 

scientist 

§ intensity_recent: the above for only the last 10 years before treatment 

§ intensity_old: the above for the years before t-10, with t= year of treatment 

§ networkdiversity: the number of distinct MeSH-terms on publications of any co-
author 

§ knowledge_div: standardized version of networkdiversity so 

networkdiversity/nr_coauthors 

§ after: dummy variable switching to 1 for the years after the treatment 

§ after_X_treated: dummy variable switching to 1 for co-author j for the years after 

the treatment and if co-author j is from the treatment sample (corresponds to 

afterdeath in the regressions) 

§ after_X_treated_X_female: dummy variable switching to one for the years after 
the treatment for the treatment sample if the focal scientist is a woman 
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Appendix 2: Tables for descriptive statistics 
Table 1: Summary statistics time-variant measures 

Variable Observations Mean Std. Dev. Min Max 

Time novelty  1,113,094 21.67218 10.27683 0 100 

Pair time 
novelty  

1,112,551 2.712507 4.079196 0 87 

Volume 
novelty 

1,113,094 3584.678 6562.699 1 1261170 

Pair volume 
novelty 

1,112,551 22.69404 569.278 1 144157 

Knowledge 
diversity 

1,110,648 242.9288 111.2958 0 2430 

Gender 
diversity 

1,105,101 .3070886 .2078829 0 1 

Career age 1,122,248 20.70772 11.27968 0 102 

Number of co-
authors 

1,122,248 20.83874 29.7796 0 1375 

 
Table 2: Summary statistics for time-variant measure for the control sample before the 
treatment (treated=0 and after=0) 

Variable Obs Mean Std. Dev. Min Max 

Time novelty  650,884 20.48728 9.982396 0 100 

Pair time novelty  650,465 2.435215 3.892156 0 87 

Volume novelty 650,884 3140.694 5865.133 1 1261170 

Pair volume 
novelty 

650,465 20.72035 510.0308 1 124707 

Knowledge 
diversity 

649,920 255.5535 113.735 0 2034 

Gender diversity 646,400 .2904136 .2068165 0 1 

Career age 656,339 18.51804 11.18077 0 97 

Number of co-
authors 

656,339 18.73092 24.90698 0 861 
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Table 3: Summary statistics for time-variant measure for the control sample after the 
treatment (treated=0 and after=1) 

Variable Obs Mean Std. Dev. Min Max 

Time novelty  431,656 23.50627 10.43917 0 73 

Pair time novelty  431,539 3.142906 4.323775 0 63 

Volume novelty 431,656 4258.616 7449.712 1 1031724 

Pair volume 
novelty 

431,539 25.5445 651.6655 1 144157 

Knowledge 
diversity 

430,282 224.7714 104.8456 0 2430 

Gender diversity 428,440 .3318068 .2062931 0 1 

Career age 435,048 24.09239 10.5984 6 102 

Number of co-
authors 

435,048 24.08955 35.70511 0 1375 

 
Table 4: Summary statistics for time-variant measure for the treatment sample before the 
treatment (treated=1 and after=0) 

Variable Obs Mean Std. Dev. Min Max 

Time novelty  18,579 19.8449 10.15907 0 60 

Pair time novelty  18,572 2.249696 3.695243 0 55 

Volume novelty 18,579 3056.844 5635.715 1 362043.7 

Pair volume 
novelty 

18,572 21.73595 374.6412 1 20959.8 

Knowledge 
diversity 

18,558 240.7666 112.5344 0 1212 

Gender diversity 18,434 .2999916 .2182767 0 1 

Career age 18,783 17.27014 10.78069 0 83 

Number of co-
authors 

18,783 17.56056 22.67692 0 795 
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Table 5: Summary statistics for time-variant measure for the treatment sample after the 
treatment (treated=1 and after=1) 

Variable Obs Mean Std. Dev. Min Max 

Time novelty  11,975 22.79777 10.40892 0 63 

Pair time novelty  11,975 2.982198 4.115938 0 57 

Volume novelty 11,975 4242.627 7473.165 2 290395.7 

Pair volume 
novelty 

11,975 28.66712 676.0653 1 59040 

Knowledge 
diversity 

11,888 213.3074 104.3012 0 1484 

Gender diversity 11,827 .3340877 .2149614 0 1 

Career age 12,078 23.12908 10.22508 6 77 

Number of co-
authors 

12,078 23.38558 36.39573 0 729 

 
Table 6: T-tests for time-variant measures 

T-test for average time novelty 
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T-test for average volume novelty 

 

T-test for average time novelty (pairs) 

 

T-test for average volume novelty (pairs) 
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T-test for career age 

 

T-test for number of co-authors 

 

T-test for gender diversity 

 

T-test for knowledge diversity 



 

44 

 

 
Table 7: Summary statistics for time-invariant variables 

Variable Obs Mean Std. Dev. Min Max 

Recency 167,101 5.035769 4.035177 -13 10 

Proximity 167,101 .3924872 .4883057 0 1 

Intensity 167,101 4.057289 7.258504 1 229 

Intensity 
(old) 

167,101 .915955 3.672429 0 167 

Intensity 
(recent) 

167,101 2.732958 3.973243 1 108 
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Table 8: T-tests for time-invariant measures 

T-test for recency 

 

 

T-test for proximity 
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T-test for intensity 

 

T-test for recent intensity 

 

T-test for old intensity 
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Appendix 3: Figures for summary statistics 

 

 

 

 
Figure 3: Graphics for time-variant variables 
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Appendix 4: Results for the first hypothesis 
Table 9: Results of regression 1 using time novelty measure 

VARIABLES Average time novelty 
measure 

after_X_treated_X_female 0.785*** 
 (0.279) 
after_X_treated -0.191 
 (0.120) 
Career age 0.937*** 
 (0.190) 
Number of coauthors -0.014*** 
 (0.001) 
Gender diversity -1.259*** 
 (0.064) 
Year relative dummy1 3.841** 
 (1.904) 
Year relative dummy2 3.367** 
 (1.713) 
Year relative dummy3 2.970* 
 (1.523) 
Year relative dummy4 2.506* 
 (1.333) 
Year relative dummy5 2.140* 
 (1.143) 
Year relative dummy6 1.855* 
 (0.953) 
Year relative dummy7 1.555** 
 (0.763) 
Year relative dummy8 1.181** 
 (0.573) 
Year relative dummy9 0.844** 
 (0.383) 
Year relative dummy 10 0.407** 
 (0.195) 
Omitted year relative dummy11 - 
  
Constant 0.810 
 (4.978) 
  
Observations 1,091,612 
Number of id 164,652 
R-squared 0.051 
Robust standard errors in parentheses  
*** p<0.01, ** p<0.05, * p<0.1  
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Table 10: Results of regression 1 using pair time novelty measure  

VARIABLES Average time novelty using 
pairs 

after_X_treated_X_female 0.267** 
 (0.116) 
after_X_treated -0.023 
 (0.052) 
Career age 0.286*** 
 (0.091) 
Number of coauthors -0.005*** 
 (0.000) 
Gender diversity -0.390*** 
 (0.031) 
Year relative dummy1 1.692* 
 (0.911) 
Year relative dummy2 1.522* 
 (0.820) 
Year relative dummy3 1.340* 
 (0.729) 
Year relative dummy4 1.163* 
 (0.638) 
Year relative dummy5 1.023* 
 (0.547) 
Year relative dummy6 0.947** 
 (0.456) 
Year relative dummy7 0.792** 
 (0.365) 
Year relative dummy8 0.639** 
 (0.274) 
Year relative dummy9 0.516*** 
 (0.183) 
Year relative dummy 10 0.227** 
 (0.094) 
Omitted year relative dummy11 - 
  
Constant -4.016* 
 (2.382) 
  
Observations 1,091,307 
Number of id 164,579 
R-squared 0.013 
Robust standard errors in parentheses  
*** p<0.01, ** p<0.05, * p<0.1  
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Table 11: Results of regression 1 using average volume novelty 

VARIABLES Average volume novelty 
after_X_treated_X_female -166.599 
 (153.610) 
after_X_treated 77.365 
 (92.126) 
Career age 387.674*** 
 (92.334) 
Number of coauthors -2.147*** 
 (0.317) 
Gender diversity -420.643*** 
 (44.629) 
Year relative dummy1 1,939.941** 
 (923.771) 
Year relative dummy2 1,657.479** 
 (831.456) 
Year relative dummy3 1,419.453* 
 (739.309) 
Year relative dummy4 1,161.682* 
 (647.061) 
Year relative dummy5 989.431* 
 (554.994) 
Year relative dummy6 840.037* 
 (462.755) 
Year relative dummy7 621.725* 
 (370.865) 
Year relative dummy8 478.897* 
 (279.317) 
Year relative dummy9 336.668* 
 (188.271) 
Year relative dummy 10 194.481* 
 (100.932) 
Omitted year relative dummy11 - 
  
Constant -5,261.414** 
 (2,414.127) 
  
Observations 1,091,612 
Number of id 164,652 
R-squared 0.011 
Robust standard errors in parentheses  
*** p<0.01, ** p<0.05, * p<0.1  
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Table 12: Results of regression 1 using average volume novelty (pairs) 

VARIABLES Average volume novelty 
using pairs 

after_X_treated_X_female 15.315 
 (21.584) 
after_X_treated 0.820 
 (7.800) 
Career age 3.874 
 (2.884) 
Number of coauthors -0.062*** 
 (0.022) 
Gender diversity -6.773* 
 (3.726) 
Year relative dummy1 34.732 
 (29.020) 
Year relative dummy2 29.013 
 (26.113) 
Year relative dummy3 26.670 
 (23.279) 
Year relative dummy4 23.778 
 (20.459) 
Year relative dummy5 20.931 
 (17.664) 
Year relative dummy6 14.331 
 (14.713) 
Year relative dummy7 12.353 
 (11.946) 
Year relative dummy8 11.325 
 (9.266) 
Year relative dummy9 9.845 
 (6.913) 
Year relative dummy 10 5.029 
 (4.563) 
Omitted year relative dummy11 - 
  
Constant -73.731 
 (75.362) 
  
Observations 1,091,307 
Number of id 164,579 
R-squared 0.000 
Robust standard errors in parentheses  
*** p<0.01, ** p<0.05, * p<0.1  
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Appendix 5: Results for the moderating effect of ties strength 
Table 13: Recency for time novelty 

VARIABLES Average time novelty 
after_X_treated_X_female 0.341 
 (0.344) 
after_X_treated -0.191 
 (0.120) 
After_X_treated_X_female_X_recent 1.104** 
 (0.513) 
Career age 0.937*** 
 (0.190) 
Number of coauthors -0.014*** 
 (0.001) 
Gender diversity -1.259*** 
 (0.064) 
Year relative dummy1 3.842** 
 (1.904) 
Year relative dummy2 3.367** 
 (1.713) 
Year relative dummy3 2.970* 
 (1.523) 
Year relative dummy4 2.506* 
 (1.333) 
Year relative dummy5 2.140* 
 (1.143) 
Year relative dummy6 1.855* 
 (0.953) 
Year relative dummy7 1.555** 
 (0.763) 
Year relative dummy8 1.181** 
 (0.573) 
Year relative dummy9 0.844** 
 (0.383) 
Year relative dummy 10 0.407** 
 (0.195) 
Omitted year relative dummy11 - 
  
Constant 0.810 
 (4.978) 
  
Observations 1,091,612 
Number of id 164,652 
R-squared 0.051 
Robust standard errors in parentheses  
*** p<0.01, ** p<0.05, * p<0.1  
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Table 14: Recency for time novelty (pairs) 

VARIABLES Average time novelty 
using pairs 

after_X_treated_X_female 0.136 
 (0.137) 
after_X_treated -0.023 
 (0.052) 
After_x_treated_X_female_recent 0.325 
 (0.217) 
Career age 0.286*** 
 (0.091) 
Number of coauthors -0.005*** 
 (0.000) 
Gender diversity -0.390*** 
 (0.031) 
Year relative dummy1 1.692* 
 (0.911) 
Year relative dummy2 1.522* 
 (0.820) 
Year relative dummy3 1.340* 
 (0.729) 
Year relative dummy4 1.163* 
 (0.638) 
Year relative dummy5 1.023* 
 (0.547) 
Year relative dummy6 0.947** 
 (0.456) 
Year relative dummy7 0.792** 
 (0.365) 
Year relative dummy8 0.639** 
 (0.274) 
Year relative dummy9 0.516*** 
 (0.183) 
Year relative dummy 10 0.227** 
 (0.094) 
Omitted year relative dummy11 - 
  
Constant -4.017* 
 (2.382) 
Observations 1,091,307 
Number of id 164,579 
R-squared 0.013 
Robust standard errors in parentheses  
*** p<0.01, ** p<0.05, * p<0.1 
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Table 15: Proximity for time novelty 

VARIABLES Average time novelty 
after_X_treated_X_female 1.277*** 
 (0.385) 
after_X_treated -0.191 
 (0.120) 
After_X_treated_X_female_X_proximity -0.888* 
 (0.503) 
Career age 0.937*** 
 (0.190) 
Number of coauthors -0.014*** 
 (0.001) 
Gender diversity -1.259*** 
 (0.064) 
Year relative dummy1 3.841** 
 (1.904) 
Year relative dummy2 3.367** 
 (1.713) 
Year relative dummy3 2.970* 
 (1.523) 
Year relative dummy4 2.506* 
 (1.333) 
Year relative dummy5 2.140* 
 (1.143) 
Year relative dummy6 1.855* 
 (0.953) 
Year relative dummy7 1.555** 
 (0.763) 
Year relative dummy8 1.181** 
 (0.573) 
Year relative dummy9 0.844** 
 (0.383) 
Year relative dummy 10 0.407** 
 (0.195) 
Omitted year relative dummy11 - 
  
Constant 0.810 
 (4.978) 
  
Observations 1,091,612 
Number of id 164,652 
R-squared 0.051 
Robust standard errors in parentheses  
*** p<0.01, ** p<0.05, * p<0.1  
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Table 16: Proximity for time novelty (pairs) 

VARIABLES Average time novelty 
(pairs) 

after_X_treated_X_female 0.484*** 
 (0.170) 
after_X_treated -0.023 
 (0.052) 
After_X_treated_X_female_X_proximity -0.390* 
 (0.211) 
Career age 0.286*** 
 (0.091) 
Number of coauthors -0.005*** 
 (0.000) 
Gender diversity -0.390*** 
 (0.031) 
Year relative dummy1 1.692* 
 (0.911) 
Year relative dummy2 1.522* 
 (0.820) 
Year relative dummy3 1.340* 
 (0.729) 
Year relative dummy4 1.163* 
 (0.638) 
Year relative dummy5 1.023* 
 (0.547) 
Year relative dummy6 0.947** 
 (0.456) 
Year relative dummy7 0.792** 
 (0.365) 
Year relative dummy8 0.639** 
 (0.274) 
Year relative dummy9 0.516*** 
 (0.183) 
Year relative dummy 10 0.227** 
 (0.094) 
Omitted year relative dummy11 - 
  
Constant -4.016* 
 (2.382) 
  
Observations 1,091,307 
Number of id 164,579 
R-squared 0.013 
Robust standard errors in parentheses  
*** p<0.01, ** p<0.05, * p<0.1  
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Table 17: Intensity for time novelty 

VARIABLES Average time novelty 
after_X_treated_X_female 0.717** 
 (0.344) 
after_X_treated -0.191 
 (0.120) 
After_X_treated_X_female_X_intensity 0.203 
 (0.509) 
Career age 0.937*** 
 (0.190) 
Number of coauthors -0.014*** 
 (0.001) 
Gender diversity -1.259*** 
 (0.064) 
Year relative dummy1 3.841** 
 (1.904) 
Year relative dummy2 3.367** 
 (1.713) 
Year relative dummy3 2.970* 
 (1.523) 
Year relative dummy4 2.506* 
 (1.333) 
Year relative dummy5 2.140* 
 (1.143) 
Year relative dummy6 1.855* 
 (0.953) 
Year relative dummy7 1.555** 
 (0.763) 
Year relative dummy8 1.181** 
 (0.573) 
Year relative dummy9 0.844** 
 (0.383) 
Year relative dummy 10 0.407** 
 (0.195) 
Omitted year relative dummy11 - 
  
Constant 0.810 
 (4.978) 
  
Observations 1,091,612 
Number of id 164,652 
R-squared 0.051 
Robust standard errors in parentheses  
*** p<0.01, ** p<0.05, * p<0.1  
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Table 18: Intensity for time novelty (pairs) 

VARIABLES Average time novelty 
after_X_treated_X_female 0.186 
 (0.134) 
after_X_treated -0.023 
 (0.052) 
After_X_treated_X_female_X_intensity 0.244 
 (0.227) 
Career age 0.286*** 
 (0.091) 
Number of coauthors -0.005*** 
 (0.000) 
Gender diversity -0.390*** 
 (0.031) 
Year relative dummy1 1.692* 
 (0.911) 
Year relative dummy2 1.522* 
 (0.820) 
Year relative dummy3 1.340* 
 (0.729) 
Year relative dummy4 1.163* 
 (0.638) 
Year relative dummy5 1.023* 
 (0.547) 
Year relative dummy6 0.947** 
 (0.456) 
Year relative dummy7 0.792** 
 (0.365) 
Year relative dummy8 0.639** 
 (0.274) 
Year relative dummy9 0.516*** 
 (0.183) 
Year relative dummy 10 0.227** 
 (0.094) 
Omitted year relative dummy11 - 
  
Constant -4.017* 
 (2.382) 
  
Observations 1,091,307 
Number of id 164,579 
R-squared 0.013 
Robust standard errors in parentheses  
*** p<0.01, ** p<0.05, * p<0.1  
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Table 19: Old intensity for time novelty 

VARIABLES Average time novelty 
after_X_treated_X_female 0.809*** 
 (0.289) 
after_X_treated -0.191 
 (0.120) 
After_X_treated_X_female_X_intensityold -0.387 
 (0.878) 
Career age 0.937*** 
 (0.190) 
Number of coauthors -0.014*** 
 (0.001) 
Gender diversity -1.259*** 
 (0.064) 
Year relative dummy1 3.841** 
 (1.904) 
Year relative dummy2 3.367** 
 (1.713) 
Year relative dummy3 2.970* 
 (1.523) 
Year relative dummy4 2.506* 
 (1.333) 
Year relative dummy5 2.140* 
 (1.143) 
Year relative dummy6 1.855* 
 (0.953) 
Year relative dummy7 1.555** 
 (0.763) 
Year relative dummy8 1.181** 
 (0.573) 
Year relative dummy9 0.844** 
 (0.383) 
Year relative dummy 10 0.407** 
 (0.195) 
Omitted year relative dummy11 - 
  
Constant 0.810 
 (4.978) 
  
Observations 1,091,612 
Number of id 164,652 
R-squared 0.051 
Robust standard errors in parentheses  
*** p<0.01, ** p<0.05, * p<0.1  
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Table 20: Old intensity for time novelty (pairs) 

VARIABLES Average time novelty 
(pairs) 

after_X_treated_X_female 0.262** 
 (0.121) 
after_X_treated -0.023 
 (0.052) 
After_X_treated_X_female_X_intensityold 0.090 
 (0.304) 
Career age 0.286*** 
 (0.091) 
Number of coauthors -0.005*** 
 (0.000) 
Gender diversity -0.390*** 
 (0.031) 
Year relative dummy1 1.692* 
 (0.911) 
Year relative dummy2 1.522* 
 (0.820) 
Year relative dummy3 1.340* 
 (0.729) 
Year relative dummy4 1.163* 
 (0.638) 
Year relative dummy5 1.023* 
 (0.547) 
Year relative dummy6 0.947** 
 (0.456) 
Year relative dummy7 0.792** 
 (0.365) 
Year relative dummy8 0.639** 
 (0.274) 
Year relative dummy9 0.516*** 
 (0.183) 
Year relative dummy 10 0.227** 
 (0.094) 
Omitted year relative dummy11 - 
  
Constant -4.016* 
 (2.382) 
  
Observations 1,091,307 
Number of id 164,579 
R-squared 0.013 
Robust standard errors in parentheses  
*** p<0.01, ** p<0.05, * p<0.1 
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Table 21: Recent intensity for time novelty 

VARIABLES Average time novelty 
after_X_treated_X_female 0.822*** 
 (0.313) 
after_X_treated -0.191 
 (0.120) 
After_X_treated_X_female_X_intensityrec -0.167 
 (0.585) 
Career age 0.937*** 
 (0.190) 
Number of coauthors -0.014*** 
 (0.001) 
Gender diversity -1.259*** 
 (0.064) 
Year relative dummy1 3.841** 
 (1.904) 
Year relative dummy2 3.367** 
 (1.713) 
Year relative dummy3 2.970* 
 (1.523) 
Year relative dummy4 2.506* 
 (1.333) 
Year relative dummy5 2.140* 
 (1.143) 
Year relative dummy6 1.855* 
 (0.953) 
Year relative dummy7 1.555** 
 (0.763) 
Year relative dummy8 1.181** 
 (0.573) 
Year relative dummy9 0.844** 
 (0.383) 
Year relative dummy 10 0.407** 
 (0.195) 
Omitted year relative dummy11 - 
  
Constant 0.810 
 (4.978) 
  
Observations 1,091,612 
Number of id 164,652 
R-squared 0.051 
Robust standard errors in parentheses  
*** p<0.01, ** p<0.05, * p<0.1  
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Table 22: Recent intensity for time novelty (pairs) 

 
VARIABLES Average time novelty 

(pairs) 
after_X_treated_X_female 0.256** 
 (0.126) 
after_X_treated -0.023 
 (0.052) 
After_X_treated_X_female_X_intensityrec 0.049 
 (0.264) 
Career age 0.286*** 
 (0.091) 
Number of coauthors -0.005*** 
 (0.000) 
Gender diversity -0.390*** 
 (0.031) 
Year relative dummy1 1.692* 
 (0.911) 
Year relative dummy2 1.522* 
 (0.820) 
Year relative dummy3 1.340* 
 (0.729) 
Year relative dummy4 1.163* 
 (0.638) 
Year relative dummy5 1.023* 
 (0.547) 
Year relative dummy6 0.947** 
 (0.456) 
Year relative dummy7 0.792** 
 (0.365) 
Year relative dummy8 0.639** 
 (0.274) 
Year relative dummy9 0.516*** 
 (0.183) 
Year relative dummy 10 0.227** 
 (0.094) 
Omitted year relative dummy11 - 
  
Constant -4.016* 
 (2.382) 
  
Observations 1,091,307 
Number of id 164,579 
R-squared 0.013 
Robust standard errors in parentheses  
*** p<0.01, ** p<0.05, * p<0.1  
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Appendix 6: Results for the second hypothesis 
Table 23: Women impact on knowledge diversity 

VARIABLES Knowledge diversity 
after_X_treated 1.705 
 (1.369) 
after_X_treated_X_female -1.678 
 (3.169) 
Career age -9.195*** 
 (2.657) 
Gender diversity -103.177*** 
 (0.726) 
Year relative dummy1 -43.747* 
 (26.563) 
Year relative dummy2 -39.325* 
 (23.902) 
Year relative dummy3 -33.096 
 (21.250) 
Year relative dummy4 -27.626 
 (18.592) 
Year relative dummy5 -22.859 
 (15.940) 
Year relative dummy6 -18.234 
 (13.284) 
Year relative dummy7 -15.156 
 (10.629) 
Year relative dummy8 -11.374 
 (7.976) 
Year relative dummy9 -8.528 
 (5.324) 
Year relative dummy 10 -4.219 
 (2.684) 
Omitted year relative dummy11 - 
  
Constant 487.699*** 
 (69.367) 
  
Observations 1,100,117 
Number of id 165,559 
R-squared 0.088 
Robust standard errors in parentheses  
*** p<0.01, ** p<0.05, * p<0.1  
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Table 24: Effect of knowledge diversity on time novelty 

VARIABLES Average time novelty 
after_X_treated -0.183 
 (0.120) 
after_X_treated_X_female 0.775*** 
 (0.279) 
Career age 0.897*** 
 (0.188) 
Gender diversity -1.738*** 
 (0.065) 
Number of coauthors -0.015*** 
 (0.001) 
Knowledge diversity -0.005*** 
 (0.000) 
Year relative dummy1 3.659* 
 (1.878) 
Year relative dummy2 3.203* 
 (1.690) 
Year relative dummy3 2.833* 
 (1.503) 
Year relative dummy4 2.392* 
 (1.315) 
Year relative dummy5 2.046* 
 (1.128) 
Year relative dummy6 1.781* 
 (0.940) 
Year relative dummy7 1.493** 
 (0.752) 
Year relative dummy8 1.135** 
 (0.565) 
Year relative dummy9 0.810** 
 (0.378) 
Year relative dummy 10 0.390** 
 (0.193) 
Omitted year relative dummy11 - 
  
Constant 3.015 
 (4.911) 
  
Observations 1,091,612 
Number of id 164,652 
R-squared 0.053 
Robust standard errors in parentheses  
*** p<0.01, ** p<0.05, * p<0.1 
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Table 25: Effect of knowledge diversity on volume novelty 

VARIABLES Average volume novelty 
after_X_treated 76.417 
 (92.119) 
after_X_treated_X_female -165.482 
 (153.517) 
Career age 392.336*** 
 (92.559) 
Gender diversity -364.899*** 
 (46.055) 
Number of coauthors -2.067*** 
 (0.317) 
Knowledge diversity 0.534*** 
 (0.104) 
Year relative dummy1 1,961.167** 
 (925.996) 
Year relative dummy2 1,676.555** 
 (833.465) 
Year relative dummy3 1,435.418* 
 (741.100) 
Year relative dummy4 1,174.920* 
 (648.620) 
Year relative dummy5 1,000.329* 
 (556.326) 
Year relative dummy6 848.631* 
 (463.871) 
Year relative dummy7 628.891* 
 (371.759) 
Year relative dummy8 484.194* 
 (279.978) 
Year relative dummy9 340.620* 
 (188.701) 
Year relative dummy 10 196.441* 
 (101.136) 
Omitted year relative dummy11 - 
  
Constant -5,518.177** 
 (2,420.254) 
  
Observations 1,091,612 
Number of id 164,652 
R-squared 0.011 
Robust standard errors in parentheses  
*** p<0.01, ** p<0.05, * p<0.1 
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Table 26: Effect of knowledge diversity on time novelty (pairs) 

VARIABLES Average time novelty 
(pairs) 

after_X_treated -0.022 
 (0.052) 
after_X_treated_X_female 0.266** 
 (0.116) 
Career age 0.279*** 
 (0.091) 
Gender diversity -0.472*** 
 (0.031) 
Number of coauthors -0.005*** 
 (0.000) 
Knowledge diversity -0.001*** 
 (0.000) 
Year relative dummy1 1.660* 
 (0.909) 
Year relative dummy2 1.494* 
 (0.818) 
Year relative dummy3 1.316* 
 (0.728) 
Year relative dummy4 1.144* 
 (0.637) 
Year relative dummy5 1.006* 
 (0.546) 
Year relative dummy6 0.934** 
 (0.455) 
Year relative dummy7 0.781** 
 (0.364) 
Year relative dummy8 0.632** 
 (0.274) 
Year relative dummy9 0.510*** 
 (0.183) 
Year relative dummy 10 0.224** 
 (0.093) 
Omitted year relative dummy11 - 
  
Constant -3.640 
 (2.377) 
  
Observations 1,091,307 
Number of id 164,579 
R-squared 0.014 
Robust standard errors in parentheses  
*** p<0.01, ** p<0.05, * p<0.1 
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Table 27: Effect of knowledge diversity on volume novelty (pairs) 

VARIABLES Average volume novelty 
(pairs) 

after_X_treated 0.814 
 (7.800) 
after_X_treated_X_female 15.322 
 (21.585) 
Career age 3.906 
 (2.884) 
Gender diversity -6.393* 
 (3.655) 
Number of coauthors -0.061*** 
 (0.022) 
Knowledge diversity 0.004 
 (0.010) 
Year relative dummy1 34.879 
 (29.012) 
Year relative dummy2 29.145 
 (26.112) 
Year relative dummy3 26.781 
 (23.275) 
Year relative dummy4 23.870 
 (20.456) 
Year relative dummy5 21.008 
 (17.659) 
Year relative dummy6 14.391 
 (14.711) 
Year relative dummy7 12.403 
 (11.947) 
Year relative dummy8 11.362 
 (9.265) 
Year relative dummy9 9.873 
 (6.911) 
Year relative dummy 10 5.042 
 (4.564) 
Omitted year relative dummy11 - 
  
Constant -75.487 
 (75.479) 
  
Observations 1,091,307 
Number of id 164,579 
R-squared 0.000 
Robust standard errors in parentheses  
*** p<0.01, ** p<0.05, * p<0.1 
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Appendix 7: Other measure of knowledge diversity 

For the analysis of our second hypothesis, i.e. women impact the team’s ties formation and 

networks with diverse knowledge are more likely to occur in their presence, we have 

developed a measure to evaluate the knowledge distance between co-authors. The 

measure is also based on Medical Subject Headings. We start by collecting all the articles 

a co-author has written during the 5 years before the focal scientist passed away in order 

to construct a set of MeSH for each of the co-author. The second step is the comparison 

of this set of MeSH terms with the set of MeSH of another co-author in the network. The 

more common MeSH two co-authors have in common, the less distant their knowledge is. 
For example, if co-author A is related to 15 MeSH and co-author B to 20 MeSH and that in 

those total 35 MeSH, 10 are common, then the distance between co-author A and co-

author B is 1- (10/35) = 0.714. If two co-authors are from two totally different fields and 

have 0 MeSH in common, then the knowledge distance is equal to one. The last step is to 

aggregate the measure of knowledge distance for each co-author. So, if co-author A has 

10 co-authors, we sum up the measure of knowledge distance from A to each of its ten co-

authors and then divide the results by ten to obtain the average knowledge distance of co-

author A with his partners. 
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The novelty of the research is crucial in order to make the society move forward. We argue that the closure 

of the gender gap still prevailing in academia, by bringing more women into scientific research, can improve 

novelty. Indeed, women have different skills and personality traits likely to positively shape the knowledge 

transfers inside the research teams and thus to trigger novelty. Our hypothesis is that women have higher 

peer effects on their co-author than men. Using articles indexed in MEDLINE, we calculate various 

measures of novelty and test our hypothesis through a difference-in-difference strategy. We extract the 

impact of a woman on her peers by measuring the change in her coauthors’ novelty before and after she 

disappears from the team. Our results confirm the hypothesis for some of the novelty measures: female 

presence in research teams does well enhance co-authors’ novelty and thus novelty of the research. 
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