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Shared Leadership in Scientific Teams:

Heterogeneity vs. Homogeneity

Abstract: Creative, complex, knowledge discovery-based scientific tasks require intensive and
interdependent teamwork, thus having more than one leader is crucial. This paper aims to
advance our understanding of shared leadership in scientific teams. We define three kinds of
leaders, junior (10-15), mid (15-20), senior (20+) based on career age. By considering the
combinations of any two leaders, we distinguish shared leadership to heterogenous ones in
different age cohorts and homogenous ones in the same age cohorts. Drawing on 521,693
Computer Science (CS) teams with two leaders in the DBLP dataset, we identify that
heterogenous shared leadership brings higher citation impact for teams than homogenous shared
leadership. Specifically, when junior leaders are paired with senior leaders, it significantly
increases team citation. The result is significant when we control team size, year, mean team
career age, gender dominance, and industry/academia collaboration. We explore the patterns
between homogenous leaders and heterogenous leaders from team scale, expertise composition,
and knowledge recency perspectives. Compared with homogenous leaders, heterogenous leaders
are more adaptive in large teams, have more diverse expertise, and trace both newest and oldest

references.

Keywords: Shared Leadership; Homogenous Leaders; Heterogenous Leaders; Scientific

Collaboration; Team Impact

Introduction

The complex challenges of scientific discovery, novel syntheses of knowledge, and the large
scale data and computing demanded for scientific breakthroughs, render us to rethink whether
the traditional sole leadership is still suitable to scientific teams, or shared leadership where
multiple leaders engage in leadership activities is more desirable to creative tasks. Intrinsically,
innovation fuels scientific discovery that advances industry invention, government policy and

public good (Ahmadpoor & Jones, 2017; Yin et al., 2022). Extensive research focuses on the



novelty of scientific publications and strives to maximize the team innovation (Fortunato et al.,
2018). In scientific publications, creative ideas arise from recombining existing knowledge in an
unconventional way (Uzzi et al, 2013), building new connections to bridge different concepts
(Hofstra et al., 2020), and overshadowing prior work by attracting subsequent attentions (Wu et
al., 2019). Prior literature suggests that gender diversity in team composition (Nielsen et al.,
2018), flat and egalitarian team structure (Xu et al., 2022a; Xu et al., 2022b), agile small teams
(Wu et al., 2019), and fresher teams with weak collaboration ties (Zeng et al., 2021) could
enhance team innovation. Internally, the demands of the scientific workforce are different.
Researchers are highly educated workforce who contribute intellectual capitals. These
knowledge workers are not merely satisfied with material wealth (e.g., money), they also have
the emotional and professional pursuit, such as leadership impact (Pearce et al., 2004). The
absolute authority of sole leader will stifle the creativity of scientists, especially for those coming
from different domains that norms/practices and thought processes are dramatically varied.
Drawing on social identity theory, Hogg (2008) emphasized the identity dimension of leadership.
Social identity defines an individual’s identification through social categorization process (Tajfel
et al., 1979). In innovative work contexts, group belongingness can foster individuals carrying
different knowledge to transform personalized identity to serve the collective creative identity as
a means to maintain positive self-image in groups (Hirst et al., 2009). Leaders have the apparent
paradoxical identity that they not only conform but also oppose to group norms (Hollander,
1958). Leaders who fit the group norms best can gain disproportionate popularity, trust and
legitimacy from followers (Hogg, 2008), and thus accrue enough innovation credits to be
transformational and steer the group in new direction (Abrams et al., 2008). The innovation of
leaders would directly motivate the creative efforts of followers in the whole team (Hirst et al.,
2009). Externally, scientific teams need to keep pace of the rising trend of interdisciplinarity and
internationalization. Interdisciplinary projects involve experts from different fields and require
greater labor of division (Haeussler & Sauermann, 2020). For example, a successful Al health
project needs the knowledge fusion from an Al expert and a medical expert. International
cooperation brings higher transaction costs, language barrier and cultural difference, which
would hinder the creativity of research (Wagner et al., 2019). A sole leader is hard to own
management skills, professional knowledge especially in interdisciplinary areas, and digital

literacy to handle all problems and achieve transformative innovation. Multiple leaders can



exhibit their respective areas of skills, expertise and abilities to evolving tasks (Pearce & Conger,
2002). Also, the pursuit of innovation is inherently a risky endeavor (Van Knippenberg, 2011).
Relying on one person to make decision will increase the risk in face with fierce global
competition. Thus, multiple leaders in shared leadership can provide a more innovative climate
for knowledge-intensive research than unitary leadership (Pearce et al., 2004). But few literature

contributes to the understanding of shared leadership in scientific team innovation and impact.

Labor of division in knowledge production determines the role of leading and supporting. By
analyzing self-report contributions in publications, Xu et al. (2022a) measured the number of
leaders with keywords (e.g., design, lead, supervise) in proportion to team size. They found that
flat team structure with more leaders in teams is conducive to disruptive innovation and long-
term impact. Although they studied the role of shared leadership, they treated all leaders the
same and ignored the difference and complementarity between leaders. Yet, leaders in different
seniority levels are equipped with distinct leadership skills (Mumford et al., 2007). The order of
authorship is another common manifestation of leadership (Chinchilla-Rodriguez et al., 2019;
Liu et al., 2014). Previous literature usually takes both first authors and last authors as leading
authors, which is a form of shared leadership. First authors and last authors typically contribute
more than middle authors in publications in all disciplines (Lariviére et al., 2016). Thus, authors
who occupy such important positions win more recognition, credits and publication bonus
(Fuyuno & Cyranoski, 2006). Geographical proximity between first-last authors from the same
institution or country is positively related to paper citation since the last author could provide
direct supervision to the first author (Hsiehchen et al., 2015; Lee et al., 2010). We can sense the
first author and the last author exhibit different levels of seniority and contributions, but prior
research seldom distinguishes them. In experimental research, the convention is first authors are
usually the students supervised by last authors (Costas & Bordons, 2011). Young scholars who
perform most of the technical parts tend to the first authors, whereas senior scholars who
conceive the conceptual design are usually the last authors (Lariviere et al., 2016). In this sense,
first authors do not fit the definition of scientific leadership that leaders have the ability to obtain
resources, have the expertise to initiate and develop projects, and have higher impact and
productivity (Chinchilla-Rodriguez et al., 2019). Career age is a direct indicator of contribution.

Senior researchers tend to shoulder the leadership responsibility. Drawing on Merton’s principle



of cumulative advantages (1973), the gap between senior researchers and junior ones is
exacerbated since senior authors are more productive and are more cited in publications,
accumulate enough experience and knowledge in research, have the ability to provide rich funds
and advanced equipment to support research. Milojevi¢ et al. (2018) defined different researchers
based on career age, from junior (1-10), early-career (11-15), midcareer (16-20) to full-career
scientists (>20). As authors shift from junior to full career, they shoulder more responsibilities in
leading the team than supporting the team. Specifically, Lariviere et al. (2016) calculated the
mean age of scholars who performed the experiments (6.8 years), analyzed the data (10.5 years),
and designed, wrote, and contributed materials (12.6 years). At different career stages,
researchers have corresponding status or positions. Bu et al. (2018a) defined milestones of CS
researchers that they usually go through PhD studies in the first five years, postdocs or assistant
professors in the following five academic years, then assistant/associate professors (Year 10-15),
next associate/ full professor (Year 15-20), finally finish their career. Hence, we can see different
time points mark different levels of maturity in leadership. As scholars age, their leading
positions in the scientific hierarchy rise, from young leaders, midcareer leaders, to senior leaders.
However, current research seldom distinguishes scientific leaders with different career ages and

their roles in shared leadership.

Shared leadership also have shortcomings, namely low efficiency (Pearce, 2004), diffusion of
responsibility (Zhu et al., 2018), competition and conflicts (Weiss et al., 1992). O'Toole et al.
summarized the success of co-leader model lies in “how complementary the skills and emotional
orientations and roles of the leaders are” (2002, p. 71). Distinguishing heterogenous leaders and
homogenous leaders is a key to understanding the advantages and disadvantages of shared
leadership in science. Diversity and complementarity from heterogenous leaders strengthen
shared leadership, including handling complex tasks (Carpenter & Fredrickson, 2001). The role
overlap from homogenous leaders can weaken shared leadership, as noted above. Demographic-
based characteristics (e.g., age), is a crucial aspect of heterogeneity and homogeneity in team
leaders (Sperber & Linder, 2018). In scientific teams, when leaders in the same career age
cohorts are paired, they are homogenous leaders. Otherwise, they are defined as heterogenous
leaders. Few research analyzes the role of shared leadership through the lens of

homogenous/heterogenous leaders in different team scales. Previously, team science researchers



compared the difference of division of labor (Meyer & Schroeder, 2015; Whitley, 2000),
cognitive resources (Bantel & Jackson, 1989), novelty and disruption (Wu et al., 2019),
communication costs (Staats et al., 2012) between large teams and small teams. From expertise
perspectives, researchers have a homophily tendency to work with individuals who have similar
expertise (Ding, 2011; Kraut et al., 2014). Still, expertise diversity in teams can help boost labor
of division and solve complex problems (Giuri et al., 2010; Miles & Kivlighan, 2010). At the
knowledge recency level, extensive literature discusses the citing practice for researchers with
different career age. Senior researchers tend to cite older literature whereas junior researchers
follow recent ideas (Merton, 1973; Gingras et al., 2008; Cui et al., 2022). When senior
researchers are paired with junior ones, the average citing age decreases and the innovation level
increases (Cui et al., 2022). This body of research studied the homogeneity and homogeneity for
all members in the whole team, but did not emphasize the similarities and differences for leaders.
How heterogenous leaders and homogenous leaders influence expertise diversity, knowledge

recency and the ultimate performance is seldom explored in scientific teams.

This paper studies the relationships between shared leadership and team performance in creative
scientific discoveries, with the special focus to highlight heterogeneous and homogeneous shared
leadership to identify unique patterns. This study addresses above research gaps by taking the
Computer Science (CS) as a test field to compare heterogeneous and homogeneous shared
leadership in team performance. This paper is structured as the followings. Section 2 highlights
the related literature. Section 3 outlines the research methods. Section 4 details the findings and
provides comparison and discussions. Section 5 concludes the study and points out future

research directions.

Literature Review

Shared Leadership

Leadership is evolving dynamically from individual endeavor to shared efforts (Voss, 1999).
Traditionally, leadership emphasizes the individualism in creative discovery and research tasks,

such as irreplaceable roles and leadership traits. For example, Zucker & Darby (1996)



investigated scientists in the genetic sequence discoveries who were productive in publications
and influential in citations. These star scientists not only lead the technological innovation but
also bring commercial success when they collaborate with companies, such as product
development and marketing, and employment growth. Leaders who engaged in the
transformational leadership have distinct characteristics of idealized influence, inspirational
motivation, intellectual stimulation, and individualized consideration (Bass et al., 2003). By
surveying the R&D teams in software development companies, Gumusluoglu and Ilsev (2009)
found that these characteristics could encourage employees to generate and implement creative
ideas, as well as develop new products and services at the organizational level. However, faced
with knowledge-intensive work which requires high interdependency, creativity and complexity,
it is hard for a person to handle all tasks (Pearce, 2004). Extant shared leadership research in
different contexts stresses that team creativity is driven by the influence of multiple members and
their interaction, instead of an individual’s efforts. In information technology companies, when
team members have high tendency to speak up and meanwhile accept others’ opinions, and have
high confidence in their expertise, they would be more likely to participate in leadership

activities and come up with creative solutions and novel ideas (Ali et al., 2020).

In Wikipedia community, Zhu et al. (2011) analyzed 4 million messages from editors, and
distinguished the roles of different leaders in the shared leadership process. Core leaders
emphasize on the emotional support, whereas peripheral leaders are task-driven and provide
positive or negative feedbacks. In general, creative tasks (e.g., visual puzzles, brainstorming,
negotiating), the collective intelligence of a group to perform tasks is highly correlated with the
equal speaking-turn distribution among team members instead of the most intelligent individual
(Woolley et al., 2010). In scientific publications, the trend that multiple leaders collectively
manage the scientific teams and share the leading power is rising. A signal is that the percentage
of equal first authors and corresponding authors increases linearly in scientific publications (Hu
et al., 2009). First authors usually contribute most to the projects and last authors shoulder the
corresponding and supervision roles in experimental science, but it varies vastly among fields
and regions (Liu & Fang, 2014). For example, the mathematics field list authors alphabetically,
whereas leaders in Egypt appear in the first positions and meanwhile serve as corresponding

authors (Liu & Fang, 2014). In addition to identifying leaders through authorship, Xu et al.



(2022a) defined leaders as those contributed to conceiving, designing, supervising, and writing in
publications, and suggested that flat structure with multiple leaders was better for team novelty
and long-term impact than sole leadership. Nevertheless, how multiple leaders assume shared

leading roles interactively in scientific teams is seldom discussed.

Heterogenous vs Homogenous Shared Leadership

Researchers committed to studying the heterogeneity/homogeneity of leaders in creative teams,
manifested through variables such as age, expertise, character (O'Toole, 2002), tenure,
educational and functional composition (Hambrick et al., 1996), leadership styles (Zhu et al.,
2011), and status (Watts, 2010). In the US airline companies, when leaders are heterogenous in
function, tenure and education background, they have great vision and external connections to
initiate creative frequent-flyer programs and expand new markets (Hambrick et al., 1996). But
the heterogeneity could produce conflicts between leaders and thus impede the response process.
In the online knowledge production community, heterogenous leaders with different leadership
styles could shoulder different labor of division (Zhu et al., 2011). Transformational leaders are
socially oriented and person focused, focusing on inspirational motivation and intellectual
stimulation, whereas transactional leadership is task driven, offering rewards for followers who
are compliant but punish those who are deviant (Bass et al., 2003). The combination of both
styles can not only motivate followers but also ensure the fulfill of projects in the community. In
the open source software community, O'mahony & Ferraron (2007) classified leadership into
hands-off leader, technical manager, visionary leader, organization builder, and organization
leader based on their concerns to organizations. At different stages of organizational
development, the heterogeneity of these leaders enables them to rotate leadership roles and apply
their particular skills to meet evolving demands. In the scientific discovery, Watts (2010)
indicated that heterogenous leaders (e.g., novice leader and experienced leader) have more
potential benefits than homogenous leaders (e.g., leaders with equal status). Firstly, this is
beneficial to create an environment where leaders can respect and learn from each other
“characterized by intellectual generosity” (Watts, 2010, p. 336). Early-stage leaders are equipped
with digital skills, master the most up-to-date methods and technology in research, and have
fresh perspectives (Powell, 2021), which can be complementary to senior leaders. Junior leaders

can practice their soft skills (e.g., management, communication, collaboration) and build



connections, while working with senior leaders. Secondly, the heterogeneity of shared leadership
can encourage student-centered supervisory ways. Phillips & Pugh (2015) suggested that in some
universities, the mode that a leader who leads the project and another leader who provides the
support is better than the mode of two equals. Both emotional and rational elements are required
for successful supervisory practice (Firth & Martens, 2008). Thirdly, leaders’ heterogeneity can
advance interdisciplinarity. By interviewing 12 respondents about what kind of information
exchange occurs in interdisciplinary collaboration, Haythornthwaite (2006) summarized that
leaders from science and social science fields can boost knowledge exchange, learning process,
research collaboration, new idea generation, and network contacts. The harmonious relationship
will be broken in some cases (Phillips & Pugh, 2015). For example, when two leaders have
competing ideas or conflicts, the student might feel confused, distracted or contradictory.
Students are more likely to see their leaders separately rather than together. It will increase the
difficulty of reaching the consensus. However, the discussion about the advantages and
disadvantages of homogenous/heterogenous leaders only limit to small scale groups, qualitative

methods. How to scale up the results within millions of scientific teams is still a new direction.

Shared Leadership and Team Scale

Literature in team science always highlights the differences between large teams and small
teams. Large teams enable clear division of labor and specialization in solving large problems
particularly when there is a high degree of certainty and independency about the tasks to be
accomplished (Meyer & Schroeder, 2015; Whitley, 2000). Specifically, by studying the
collaboration practices of sociologists, Hunter & Leahey (2008) concluded quantitative methods
were more suitable for large teams since they enabled easily-divisible tasks, like collecting,
cleaning, coding and analyzing data. Meanwhile, large teams have extra cognitive resources
because they can be more diverse in skills and knowledge than small teams (Bantel & Jackson,
1989). For example, Lariviere et al. (2015) analyzed team size using three indicators, number of
authors, number of institutions, and number of countries. They found that as team becomes
larger and more diverse, they can receive more influence in citations. However, large teams are
more likely to produce conflicts due to increased communication costs and decreased support
(Staats et al., 2012). Although large teams can generate more ideas than small teams in

experimental brainstorming settings, being exposed to too many ideas can lead to distraction and



information overload (Paulus et al., 2013). By analyzing millions of teams in paper publication,
patent invention and software development, Wu et al. (2019) suggested that small teams can
achieve disruptive innovation although they do not receive much attention, compared with the
incremental innovation in large teams. Because of the inherent task complexity and coordination
requirements, a senior leader with rich research experience, research resources and team
management experience would be more qualified to build large teams. Senior leaders have more
knowledge, funding, connections, prestige, power, such that, they can enlarge their teams by
attracting or hiring collaborators (Merton, 1973, Xu et al., 2022b). In organizations, there are
different requirements for junior, mid and senior managers in leadership skills (Mumford et al.,
2007). Compared with junior leaders, senior leaders have higher business (e.g., personnel
resources and financial resources) and strategic skills (e.g., visioning) requirements. Even though
junior leaders are less experienced and lack resources, they could provide more direct
supervision, such as detailed technical methods (Powell, 2021). Junior leaders tend to have a
fewer students, thus they can invest more time and energy to train their students. In such small
teams, cooperation is agile, which can lead to effective communication and adaptability
(Katzenback & Smith, 1993). Current research focuses more on the comparison between small
and large teams, how to explore the roles of shared leadership in these teams with distinct size is

still unknown.

Shared Leadership and Expertise Diversity

Researchers always take team members’ expertise into consideration while discussing
collaboration. In the scientific teams, the common methods to mine research expertise are based
on keyword extraction or topic modeling in papers. The main conclusion of this line of research
is researchers’ expertise homophily is much easier to boost collaboration but not necessarily lead
to better performance. Kraut et al. (2014) calculated the similarity between the papers of one
author and those of other authors by embedding the terms in abstracts into a semantic space, and
concluded that authors sharing similar expertise are more likely to collaborate. Applying the
same principle, the co-author recommendation systems are built based on authors’ recent
publication keywords and thus seek for similar co-authors (Sie et al., 2012). Likewise, Ding
(2011) found that productive authors in the information retrieval field tend to share similar

research expertise with collaborators identified by the topic modeling method. Extending the top



100 productive authors to all authors in the information retrieval fields, Zhang et al. (2016)
suggested common research interests are not the dominating factor in collaboration, and authors
with different research interests can work together. Bu et al. (2018b) explored the relationship
between authors’ impact and his collaborators’ topic diversity in computer science. They
concluded authors who have more impact (i.e., high h-index) tend to collaborate with authors
with diverse research interests. In the open source software teams, expertise heterogeneity is
positively associated to project activities, such as fixed bugs and patches, released new files
(Giuri et al., 2010). Specifically, the expertise and expertise level are different for core members,
who are highly experienced and committed to the projects, and for periphery members, who
participate in the community and provide support for projects. Projects benefit from the
heterogeneity of “specialists” and “generalists”, “low-skilled”” and “high-skilled” members (p.
67). High expertise overlapping does not boost communication, especially when all members
share the same language and the common project goal. Meanwhile, it not beneficial for labor of
division in projects (Giuri et al., 2010). In large corporates, shared leadership has become a
necessity, since co-leaders can help compensate for the weaknesses of others (O'Toole, 2002).
The complementarity of their expertise corresponding to different roles and tasks can help solve
complex business issues. Miles & Kivlighan (2010) asserted when coleaders share similar
cognition but hold different expertise or behaviors, they can reduce conflicts, facilitate
interaction and increase engagement in teams. Even though science of science researchers
consider the topic diversity within collaborators, they do not discuss the expertise composition of
multiple leaders. Leaders’ research interests are more important in research direction and can
indirectly influence students’ research interests. Especially for the shared leadership, how
research expertise influences the collaboration of homogenous leaders and heterogenous leaders

is unexplored in the scientific context.

Shared Leadership and Knowledge Recency

A paper’s references represent a team’s accumulated knowledge about a specific topic. Members
in the team contribute differently to the knowledge base, for example, career age influences
researchers’ citing practice. There exists age-stratified difference in the acceptance of new ideas
(Merton, 1973). Young scholars cite more recent references than older scholars. Similarly, for

around 6,000 Quebec university researchers aging between 28 to 40, their reference lists include



a higher percentage literature within 5 years. From 40 until retirement, these old researchers are
not active in following new ideas (Gingras et al., 2008). Milojevi¢ (2012) studied the reference
citing difference for researchers who are active in core journals in five fields astronomy,
mathematics, robotics, ecology and economics. She found that senior researchers cite older
references on average since they accumulate more experience in the field and thus read older and
foundational literature. But, they still follow cutting-edge literature like junior researchers. The
limitation of this research is that Milojevi¢ only analyzed the top researchers in top journals in
five disciplines. Cui et al. (2022) generalized this finding in all fields in the MAG dataset.
Through uncovering individual scientists’ career, they found that aging scientists favor to cite
older references and their ideas still stay in the original state when they were young. What’s
worse, by classifying citations into constructive or contrast, they found senior researchers even
challenge against new ideas. Aging brings social and cultural resistance. Kuhn purposed that
science advances in a revolutionary way rather than an incremental way (1970). These scientific
revolutions are started by junior scientists who are very young and new to the field. But the glory
and shine of star scientists might prevent those newcomers and outsiders from challenging their
authority (Azoulay et al., 2019). Azoulay et al. (2019) found that the premature death of
superstar life scientists can lead to a mark increase of outsiders who contributed to the field. The
reason why the older resists the younger is because they are restricted “in his response to
innovation by his substantive and methodological preconceptions and by his other cultural
accumulations” (Barber, 1961, p. 601). Higher proportion of older researchers tend to lead to
older citations (Barnett & Fink, 2008). But working with young scholars could help them slow
the aging rate and cite more recent reference, thus boosting science advance (Cui et al., 2022).
Whether these conclusions similarly applied to shared leadership that heterogenous leader
combinations can help teams follow recent research ideas and meanwhile keep trace of old

sources still needs to be tested.



Methods

Dataset

We choose 4,894,081 papers (until 2020 April) from DBLP!, which provides major journals and
conference proceedings in the Computer Science field. The bibliographic information include
unique paper id, publishing year, and authors. Tang et al. (2012) did the author name
disambiguation based on the DBLP and updated the newest version online?. Given we want to
analyze shared leadership in teams, we exclude papers with sole author and keep papers with at
least 2 leaders whose career age are above 10 (see Measures for leader definition). There are
1,092,035 papers with multiple leaders left. Among these shared leadership papers, papers with
two leaders occupies 69.7% (761,161). Thus, we take the most typical two leader combinations
as the representative of shared leadership in this paper. To define the leaders, we not only control
career age above 10, but also restrict the positions in the authorship. By tracing the publications
of ACM (The Association for Computing Machinery) fellows, Fernandes et al. (2022) concluded
that these CS leaders typically place their names in the right side of the bylines, say, last
positions. Besides first and last positions, the second-to-last position is the most important
position of the paper, which suggests seniority and leadership (Helgesson & Eriksson, 2019).
Hence, we select shared senior authors (above 10) in the first and last position or in the last two
positions, given leaders usually occupy these positions in the CS field. Finally, there are 521,693
(68.5%) shared leadership teams left.

Measures

After dealing with the author name disambiguation in papers, we get the unique id of each
author, thus we can trace the career age of each author after he/she published the first paper. For
example, an author published his/her first paper in 2000, then his/her career age is 5 in 2005.
Based on the definition of different leaders (Bu et al., 2018a; Lariviere et al., 2016; Milojevi¢ et
al., 2018), we firstly define leaders as those researchers whose career age are above 10, which

suggests that they have accumulated 10-year research experience. Then, we distinguish three

!https://dblp.org/
2 https://www.aminer.cn/citation



kinds of leaders, junior leader (>=10 & <15), mid leader (>=15 & <20), and senior leader
(>=20). To differentiate shared leadership with two leaders, there are six different combinations
among these three kinds of leaders, two junior leaders (2,0,0), two mid leaders (0,2,0), two senior
leaders (0,0,2), one junior leader and one mid leader (1,1,0), one mid leader and one senior
leader (0,1,1), and one junior leader and one senior leader (1,0,1). Leaders within the same age
cohort are defined as homogenous leaders, whereas leaders belonging to different age cohorts are
heterogenous leaders. Meanwhile, we limit these two leaders’ positions as the first-last or the last
two positions in publications. We describe the number and median value of career age difference

between two leaders in each combination.

Table 1. The descriptive variables of leader categories

Leader Number Median Value for

Categories Difference of Leaders’
Career Age

(2,0,0) 92,369 1.0

0, 2,0) 41,221 1.0

0,0,2) 54,573 4.0

(1,1,0) 115,114 5.0

0,1, 1) 85,179 8.0

(1,0, 1) 133,237 12.0

To control confounding variables in the relationship between leaders and team impact, we use

the multivariable regression below (Equation 1 & 2):

Team Impact; = a + B,(Leader categories;) + [,(Controls) + e; (1)
Team Impact; = a + B,(Dif ference of Leaders' career age;) + B4(Controls) +
€; (2)

The dependent variable Team Impact; is the value for 2-year or 5-year citation percentile of a

team 1. The continuous independent variables are Leader Categories; in equation 1 and



Difference of Leaders' career age; in equation 2. There are six different leader categories
shown in Table 1. Dif ference of Leaders' career age; means the career age difference of
two leaders within a team. For example, the senior leader’s career age is 20, whereas the junior
leader’s career age is 11, then the difference is 9. Team size is considered as control variable. To
control the time-invariant factor, publication year is treated as fixed effect. § represents
coefficient for different variables. Other controlling variables include male/female/equal and
education/company/combined. Teams are divided to male-dominated, female-dominated, and
equal categories. For instance, male-dominated means the identified male number is larger than
the identified female number in a team. We apply the Bert-based model trained by Acuna &
Liang (2021) to predict authors' gender information. We classify teams into pure education, pure
company, and combined. Pure education (company) means teams are made up of all researchers
from academia (industry) institutions, whereas combined teams have both academia and industry
researchers. Using methods from Manjunath et al. (2021) to match authors' institutions with eight
categories in the Global Research Identifier Database (GRID), including government, education,
company, facility, healthcare, nonprofit, archive, and others. We merge the health care (mainly
universities) and education into education and keep the company category. e; represents the

residual.

Results and Discussion

Heterogenous vs homogenous shared leadership

Fig la is an illustrated case of an independent team where two leaders and two students
collaborate together. Fig 1b shows six different leader combinations where two leaders in shared
leadership belong to different junior, mid and senior categories. Leaders belonging to the same
age cohort are homogenous teams, (2,0,0), (0,2,0) and (0,0,2), whereas leaders belonging to the
different age cohort are heterogenous teams, (1,1,0), (1,0,1) and (1,0,1). We want to observe the
citation patterns in heterogenous and homogenous shared leadership. To reduce citation inflation
effect, we calculate the 5-year citation percentile for all papers published in the publication year.
It is a relatively fair way to compare citations for papers published in different years. High (low)

citation percentile means high (low) citations in the year, scaling from 0 to 100. For instance, the



5-year citation percentile of a paper published in 2013 is 99%, which means this paper belongs to
the top 1% most frequently cited publications in 2013. Meanwhile, the distribution of leader
categories is not even (Table 1), the number of homogenous leader combinations, such as (0,2,0),
(0,0,2), are less than heterogenous leader combinations. To reduce the effect of uneven
frequency distribution, we randomly choose 10,000 papers from each group for 10 times, and
then calculate the average citation percentile. The results in Fig 1¢ show that heterogenous
shared leadership has higher citation percentile than homogenous shared leadership within 5
years on average. Besides observing the difference in categories, we can also extend the
categorical variables to continuous variables. Career age serves as a proxy of power since it
represents experience, resources, and wisdom (Xu et al., 2022b). The career age difference of
two most senior leaders corresponds to the measure of power distance between the most
powerful person and the next powerful person (Eisenhardt & Bourgeois, 1988). When we
calculate the specific career age difference between two leaders, we find the larger age difference
in leader combinations is, the higher citation percentile is (Fig 1d). It also suggests that
heterogeneity of leaders bring more citations. We choose 518,262 papers where the first author is
a junior researcher (career age <10) among those with two leaders. To clearly observe the
difference between homogenous leaders and heterogenous leaders, we normalize the mean 5-
year citation percentile with z-score methods, z = (x-p)/c, where x is the raw value, 1 is the mean
value of the population, and o is the standard deviation value of the population. We conclude that
heterogenous leaders are better than homogenous leaders in paper citations when we control the
career age of students, from 1 to 10 (Fig 1e). This finding is consistent with the conclusions from
Watts (2010) that the assemble of junior leaders and senior leaders outperforms leaders of similar
age in thesis supervision. Heterogenous leaders in scientific teams can bring complementarity
and diversity to handle ambiguous, creative, complex and interdependent tasks (Carpenter &

Fredrickson, 2001; Hambrick et al., 1996).
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Fig 1. a. An example of a team consisting of two students (career age less than 10) in circle
shape and two leaders (career age greater than or equal to 10) in square shape. b. Distinguish
leaders with junior (10-14, green), mid (15-19, orange) and senior (20+, red), and categorize two
leaders into six leader combinations. ¢. Heterogenous leaders (red) in career age have more
citations than homogenous leaders (green). We calculate papers’ citation percentile and then
aggregate the mean value in the six different leader categories within 5 years. Bootstrapped 95%
confidence intervals are shown as translucent bands. d. Larger difference in career age within
leaders brings higher citations. We calculate papers’ citation percentile in the publication year
and then aggregate the mean value based on the difference of leaders’ career age (from 0 to 16 in
terms of integers) within 5 year. We fit these mean values with a linear regression model.
Bootstrapped 95% confidence intervals are shown as translucent bands around the regression
line. We label the median value for six leader categories of leaders’ career age difference with
grey dashed line. e. Leaders’ influence for different young scholars aging form 1 to 9. We
calculate papers’ citation percentile in the publication year and then aggregate the mean value in
six different leader categories based on papers’ first author age within 5 year. The gradient color
of lines represents the scale of students’ career age, darker lines means higher career age. We

normalize the mean 5-year citation percentile with Z-score methods. The grey dashed line clearly



differentiates the citation difference of homogenous leaders (green) and heterogenous leaders

(red).

In Table 2, when we control team size and year fix effect, the coefficient values increase in five
leader categories within 2 year citation percentile (1) and 5 year citation percentile (4) ,
compared with the (2,0,0) category. These categories are ranked based on the median value of
leaders’ career age difference (Table 1). This is in line with the results in (2) and (5), which
shows a significant linear correlation between the difference of leaders’ career age and team
impact (P <0.001). We also test the correlation between any two pair leader categories in (1) and
(4). Through F test, all leader categories have significant difference, except (1,1,0) and (1,0,1). In
models (3) and (6), we control more variables, mean team’s career age, male/female/equal
dominated teams, education/industry/combined teams, the result shows that leaders’ career age
different is still positively related to team 2-year citation and 5-year citation. Team’s mean career
age is positively associated with 2-year team citation. We also have other interesting findings,
male-dominated teams have more citations than female-dominated and equal teams. Pure
education teams have less citations than pure industry teams, while the collaboration between

education and industry receive the most citations.

Table 2. Multivariable regression for leaders and team impact

2-year citation percentile 5-year citation percentile
(1) 2 3) 4) ) (6)
Leader Categories
0,2,0) 0.56%#* 0.49°%*
(0.16) (0.16)
(0,0,2) 1.01%%* 0.76%**
(0.15) (0.15)
(1,1,0) 1.63%%* 1.54%%*
(0.12) (0.12)
0,1, 1) 1.60%** 1.47%%*
(0.13) (0.13)

(1,0, 1) 1.99% 1.93 %%



(0.12) (0.12)

Difference of Leaders’ 0.10%**  0.08%** 0.10%**  (0.09%**
Career Age (0.01) (0.01) (0.01) (0.01)
Team size 1.68***  1.70%**  1.66%**  1.60%** ] 7I*** ].eol***
(0.03) (0.03) (0.04) (0.03) (0.03) (0.04)
Mean Team’s Career 0.03** 0.01
Age (0.01) (0.01)
Male/Female/Equal
Female -1.57 %% -1.47%%*
(0.15) (0.15)
Equal -1.32%** -1.30%**
(0.14) (0.14)
Education/Industry/
Combined
Industry 3.72%%* 3.37x**
(0.31) (0.31)
Combined 5.77H* 5.97***
(0.20) (0.20)
Fixed effect: Year Yes Yes Yes Yes Yes Yes
R 0.013 0.013 0.033 0.014 0.014 0.040
N 521,693

Note. * P <0.05; ** P <0.01; *** P <0.001; 2-year means 2-year citation, 5-year means 5-year citation

Shared Leadership and Team Scale

In Fig 2a, we divide teams into large teams (more than 3 people) and small teams (less than or
equal to 3 people). Large teams receive more attention than small teams. In large teams,
heterogenous teams receive more citations than homogenous teams. It suggests that heterogenous
leaders with both junior and senior leaders are more adaptive in large teams. In small teams,
homogenous teams have a sharp decrease in mean 5-year citation percentile with the increase of
leaders’ career age. Especially for teams with two senior leaders, they are not suitable to lead

small teams. This further proves that senior leaders are more suitable to large teams since they



have visioning, personnel resources and financial resources (Mumford et al., 2007), but not

necessarily boost more effective communication and adaptability in small teams (Katzenback &

Smith, 1993).
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Fig 2. a. Heterogenous leaders in large teams have more citations than homogenous leaders in

larger teams. Senior leader combinations in homogenous leaders have less citations. We

calculate papers’ citation percentile and then aggregate (mean value) in the six different leader

categories in different teams within 5 year. Bootstrapped 95% confidence intervals are shown as

translucent bands. b. Homogenous leaders have higher skill overlap than heterogenous leaders.

We calculate the ratio between the same skill sets number and all the skill sets number for two

leaders until they publish the focal paper. c-e. Researchers who are older in career age have

larger (c), reference standard deviation (d) and reference mean (e). Each point in the picture

represents the mean values of reference variables grouped by the career age value. f-h. Papers

with senior leaders have oldest reference, whereas papers with junior leaders have most recent

references. We calculate papers’ reference range (f), reference standard deviation (g) and

reference mean (h) and then aggregate (mean value) in the six different leader categories.

Bootstrapped 95% confidence intervals are shown as translucent bands. i-k. Curvilinear

relationship between reference aging and paper impact. We calculate papers’ citation percentile



in the publication year and then aggregate (mean value) based on papers’ reference range,

standard deviation of mean within 5 years.

Shared Leadership and Expertise Diversity

We use the keywords of each paper to represent authors’ expertise. For each leader in each

paper, we trace all the keywords of one’s publications before publishing the focal one. For two
leaders in each paper, we measure the percentage of the skill overlap %, where a and b are the

number of skills of two leaders (with duplication, recount the skill number when the same
keyword appears in different papers). We conclude that the average keyword overlap percentage
of homogenous leaders is larger than that of heterogenous leaders (Fig 2b). It suggests that
heterogenous leaders have more diverse expertise and they might be more complementary in
knowledge. Our results are similar to the findings in the open source software teams, low overlap
in expertise can help teams have active activities and updates (Giuri et al., 2010). Paper
publishing teams and software building teams are similar since their tasks both require novelty.
Innovative teams benefit more from the expertise diversity from heterogenous leaders than the

same expertise from homogenous leaders.

Shared Leadership and Knowledge Recency

Usually, a paper has a list of references, which reflect authors’ depth and range in knowledge.
We cannot directly differentiate the reference is cited by whom when the publication is finished
by a team. Thus, we choose 776,614 sole-author publications. We can find that in Fig 2c-e,
senior researchers have larger reference range, reference standard deviation and mean values
than junior researchers. The range of references, for example, a paper published in 2020 has two
references, the earliest reference is 2010, the newest reference is 2019. Then we calculate the
time distance of reference year to the publication year, 10 and 1 separately. Thus, the range of
references is 9. Similarly, we calculate the standard deviation and mean value of references. In
Fig 2f-h, both senior leaders (0,0,2) have the largest reference range, standard deviation and
mean value. It verifies senior leaders can help increase the depth of papers and trace older
references . Both junior leaders (2,0,0) have the smallest reference range, standard deviation and
mean values. It proves that junior leaders always keep the trace of newest research and thus cite

more recent papers. But the results tell us neither too old references nor too recent references will



increase papers’ impact. In Fig 2i-k, there is an inverted U-shape between reference aging and
paper impact. Papers with medium reference range have higher citation impact than papers with
both small or large range. This is the same for reference standard deviation and mean values.
This result indicates heterogenous leaders with both junior and senior leaders follow newest and
trace oldest ideas meanwhile have more citations. We find the same patterns that senior
researchers cite older references than junior ones (Gingras et al., 2008; Merton, 1973). Prior
research suggests that when senior researchers work with junior researchers, reference aging
decreases and disruptive novelty increases (Cui et al., 2022). Our results demonstrate the
assemble of junior leader and senior leader in shared leadership can also bring high citation

influence for teams.

Conclusion

Leadership is evolving from “individualistic, hierarchical, one-directional and de-contextualized
notions” to shared leadership (DeRue, 2011, p. 125). With increasing complexity, uncertainty
and knowledge-intensity in scientific tasks, a single leader cannot play all leading functions,
which requires multiple leaders participate in the leadership activities. Shared leadership is a
widely discussed topic in diverse creative tasks, such as R&D teams in companies (Gumusluoglu
& llsev, 2009), open source community (Zhu et al., 2011), brainstorming and negotiating
(Woolley et al., 2010). In this paper, we extend the concept of shared leadership to scientific
context. Scientific teams are driven by creativity and knowledge, which might be different from
companies driven by profits and routine affairs. Knowledge workers have the professional
pursuit and desire for leadership impact (Pearce et al., 2004). Social identity theory proposes that
acting as leaders makes them feel important, have a stronger belonging sense to the group and
meanwhile boost team innovation (Hogg, 2008). Our research enriches the social identity theory
since we apply that into the shared leadership in scientific teams. In the science of science
background, we consider shared leadership as a kind of informal leaders, rather than strict
definition of formal supervisors. We distinguish different leaders from junior, mid, to senior
leaders in important positions, and six different combinations of these leaders. We compare the
difference between homogenous leaders and heterogenous leaders. Our main finding is that

heterogenous leaders outperform homogenous leaders with higher citation ranks. The difference



of two leaders’ career age is positively associated with paper’s high citations, even when we
control time fixed effect and team size. The result that heterogenous leaders are better is still
consistent for all students of different career age. We further explore possible mechanisms
underlying this pattern. Firstly, heterogenous leaders with both senior and junior leaders are
more adaptive in large and small teams. Heterogenous shared leadership can equip teams with
both the benefits of senior researcher (e.g., vision, impact) and junior researcher (e.g., details,
novelty). Secondly, senior leaders cite older reference whereas junior leaders follow more recent
work. The complementary of this literature knowledge can build projects with depth and
recency. This can help explain why heterogenous leaders are better than homogenous leaders.
Thirdly, senior leaders and junior leaders have diverse expertise, whereas peer leaders have large
skill overlap. Heterogenous leaders can bring heterogenous skills and expertise for teams, which

is beneficial for team performance.

Our project suggests that the combination of senior leaders and junior leaders can maximize the
team performance, in comparison with leaders with similar age. It will produce long-term effect
to junior scientists who want to gain leadership in science and students who start to begin the
research career. How junior scientists win a seat at the decision-making table is a heated topic in
science (Powell, 2021). Although junior scientists are still at the early stage of career, their
participation in leadership can bring fresh ideas. Working with senior leaders in the form of
shared leadership is a way to help junior scientists feel ownership and make up for the lack of
experience. Heterogenous leadership can boost student-centered mentorship. Listening different
voices form multiple leaders can help them develop critical thinking and learn fuse diverging
ideas (Phillips & Pugh, 2015). We still have some limitations in this paper. We choose leaders
whose career age are above 10. The definition of leaders is relatively simple. It is possible that
they are still junior researchers though they are above 10, or excellent talents who are young but
are actually leaders. Also, the distinguish between junior, mid, and senior based on career age is
relatively arbitrary. Career age has limits in defining experience, and power of leaders. These
identified leaders are not necessarily formal mentors. Instead, they are informal leaders. The
name disambiguation might have difficulty in identifying Asian names, and thus some wrong
identifications exists. In the future, we plan to consider the order of leaders in authorship, the

ranking of senior leader or mid leader or senior leader. We will also consider the demographic



variables of leaders, such as gender, race, institutions, and the styles of leaders to see how these

variables influence the combination of different leaders.
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