Research Policy 52 (2023) 104844

Contents lists available at ScienceDirect

Research Policy

journal homepage: www.elsevier.com/locate/respol

ELSEVIER

Check for

Local peer communities and future academic success of Ph.D. candidates %

Mignon Wuestman, Iris Wanzenbock ", Koen Frenken

Copernicus Institute of Sustainable Development, Utrecht University, Princetonlaan 8a, 3584, CS, Utrecht, the Netherlands

ARTICLE INFO ABSTRACT

Keywords:
Early-career scientists
Academic careers
Peer communities

Compared to senior scientists, early-career scientists have largely been neglected in the literature on academic
success. This study aims to identify the effects of local peer communities of Ph.D. candidates on their future
careers. We argue that local communities of Ph.D. candidates may offer both supportive and competitive en-
vironments depending on the nature of the relationships between its members. While Ph.D. candidates generally

Support . . is .

Colr)r?petition learn from and support each other in their local peer communities, they may also compete for their mentor's
Academic mentorship attention and future academic positions. We analyse such complex peer effects for 90,264 Ph.D. candidates in the
Genealogy field of mathematics in a genealogical way, by measuring a candidate's academic career success by the number of

next-generation Ph.D. candidates supervised later on. To capture both the supportive and competitive peer ef-
fects, we distinguish between local peers who share mentors (co-mentees) and other local peers. Our result
suggests that competition exists primarily among peers who share mentors, and only at the start of one's career.
We also find supportive effects among peers who do not share mentors, particularly those from the same cohort.
Our results highlight the importance of universities supporting informal interactions among Ph.D. candidates.

1. Introduction

Developing support structures for the organization of science is
important to promote the academic success of scientists and foster sci-
entific advancements (Sverdlik et al., 2018). However, some aspects of
the organization of science have received more attention than others in
previous literature. While we know that team composition (Head et al.,
2018; Lee et al., 2010; Singh and Fleming, 2010), formal mentorship
(Berry, 1981; Chariker et al., 2017; Malmgren et al., 2010; Sugimoto
et al., 2011), and individual circumstances (Ramesh and Singh, 1998)
significantly affect academic success, studies thus far mainly focused on
scientists in later stages of their academic career. The determinants of
academic success in the early career phase remained under-researched
(Brostrom, 2019; Cameron and Blackburn, 1981; Dundar and Lewis,
1998).

We argue that a clearer distinction between early and later career
stages is important in studying academic success, as the success factors
identified for senior scientists may not carry over to the context of early
career scientists (Clemente, 1973). Early career scientists do not yet
have significant professional networks to form new collaborations, or do
not yet have an established presence and reputation. Instead, early
career scientists, and Ph.D. candidates in particular, rely more on their
local research environment composed of their direct mentors and peers
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within their university (Paglis et al., 2006; Tartari et al., 2014). Typi-
cally, these mentors and peers perform tutoring tasks for early career
scientists, introduce them to external scientific networks, give advice on
research practices, help secure funding, or provide emotional support.

There is already considerable evidence that high-quality Ph.D.
training is a strong determinant of a future academic career rich in
scientific and societal contributions (Horta and Santos, 2016; Long et al.,
1979; Paglis et al., 2006). We understand Ph.D. training here quite
literally as the transmission of scientific knowledge and practices from
mentors to mentees (Delamont et al., 1997; Hackett, 1990). This process
is sometimes referred to as ‘imprinting’ (Andrew, 2013), analogous to
the bonding reaction of young birds to their first exposure. Arguably,
institutionalized factors such as formal supervision and research funding
play a crucial role in future career development (Baruffaldi et al., 2016;
Cameron and Blackburn, 1981). Less clear, however, is how the local
informal environment composed of fellow Ph.D. students affects the
development of their careers later on (Brostrom, 2019).

This paper focuses on the influence of an individual's local academic
peer community during the Ph.D. stage on one's future academic career.
Specifically, we analyse how these local peer communities in the Ph.D.
stage affect the likelihood that an individual will become a mentor of a
next generation of Ph.D. students. We understand peer communities as
the collective of co-located Ph.D. candidates who are active within a
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university at a specific point in time. Our study aims to disentangle some
of the complex peer community effects, depending on the nature of the
relationship between members of a peer community.

To this aim, we distinguish between general peers active in the same
discipline and co-located within the same university, and co-mentees,
that is, members of the local community who share the same formal
mentor. Earlier studies found peer community size to be negatively
related to the career outcomes of Ph.D. candidates (Brostrom, 2019;
Conti and Visentin, 2015; Heinisch and Buenstorf, 2018). However, we
argue that it may not be community size per se, but the presence of peers
who share mentors within that community that may be detrimental to
academic careers. The reason is that those who share mentors are more
likely to compete for the attention of their mentors during the Ph.D,
which can induce the negative externalities from peer community size.
Co-mentees are also more likely to compete for academic jobs after
graduation due to the cognitive similarities developed through their
joint Ph.D tractories. However, such competitive effects might be less
pronounced or missing in the wider peer community of Ph.D. candi-
dates. A lively community of peers who do not share a mentor might
instead be supportive for future careers due to the better opportunities
for socialization in academia, learning and support during the Ph.D., and
the development of social ties on which academics can draw later again
(Katz, 1982).

To analyse peer effects, we use data of 90,264 Ph.D. candidates in the
field of mathematics over the period 1945 to 2003. Our dataset allows us
to identify a Ph.D. candidate's peer community size based on the Ph.D.
graduates of a distinct university at a particular point in time. We further
distinguish between community members with whom a Ph.D. does and
does not share mentors. Using these data, we test how the local peer
community size influences the chances of, first, acquiring an academic
position that allows for mentoring next-generation Ph.D. students, and
second, maintaining a successful academic position by accumulating
mentees over time.

By focusing on the informal research environment of early career
scientists, we contribute to the literature on academic careers and aca-
demic support structures in three ways. First, we analyse academic
success specifically for Ph.D. candidates; a group that is often neglected
in empirical studies based on academic networks and publication re-
cords (Fortunato et al., 2018). Second, while most studies on career
success focus on the formal research environment, characterized by
mentorship (Baruffaldi et al., 2016; Liu et al., 2018a), or funds and
equipment (Cameron and Blackburn, 1981; Ramesh and Singh, 1998),
we consider informal local community effects as determinants of early
career success. Third, we contribute to the literature on mentors and
peers (Brostrom, 2019; Conti and Visentin, 2015) by introducing a
distinction between peer community members who share mentors and
those who do not. By distinguishing competition effects (more likely via
co-mentees) and support effects (arising from the wider peer commu-
nity), we create new insights for the organization of science at univer-
sities that help develop inspiring and supportive research environments
for early career scientists to facilitate scientific progress.

The paper is structured as follows. In Section 2, we discuss factors of
the local peer community of Ph.D. students that influence future aca-
demic success and develop our reasoning regarding support and
competition among different types of peer community members. Next,
in Section 3, we introduce our dataset on mentor-mentee relationships in
the field of mathematics, and explain the variables and our empirical
modelling strategy. In Section 4, we describe our regression results, and
in Section 5, we discuss our findings in light of the literature on aca-
demic careers and research environments, and provide pointers for
future research.

2. Theoretical background

Research has identified several aspects of the research environment
that influence the academic success of Ph.D. candidates. These factors
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are related to the quality of the university or university department, such
as its prestige (Agrawal et al., 2017; Long and McGinnis, 1981) or the
access to funds and equipment (Cameron and Blackburn, 1981; Dundar
and Lewis, 1998; Kyvik, 1993; Ramesh and Singh, 1998) on the one
hand, and the organization of Ph.D. supervision or the quality of Ph.D.
mentors (Baruffaldi et al., 2016; Liu et al., 2018b; Waldinger, 2010) on
the other hand.

While these formal conditions of research environments are rela-
tively well understood, few have studied the effects of informal condi-
tions, such as the presence of peer communities within university
departments, on the future academic success of Ph.D. candidates. This is
somewhat surprising as Ph.D. candidates interact, besides their mentors,
primarily with members of their co-located peer community (Brostrom,
2019). Compared to established scholars, Ph.D. candidates have limited
professional networks outside of their own university department on
which they can rely for collaborations, ideas, feedback and other
research opportunities.

We understand peer communities within research environments as
social structures which include all Ph.D. candidates that are active
within a university in a particular discipline at a certain point in time.
Within these social structures, Ph.D. candidates repeatedly interact and
learn from each other. For example, members of peer communities may
encounter one another in shared offices, during courses, seminars and
social events hosted by the department or university, or deliberately
spend time together on collaborative work or tutoring arrangements.
Peer community members are also subject to the same organizational
context and may share mentors, research facilities, equipment or fund-
ing. These regular interactions generate social dynamics, which, as we
argue, will affect the Ph.D. candidates' knowledge and passion for pur-
suing an academic career.

Moreover, local peer communities can be considered a social
network involving interactions ranging from deep connections among
some members to infrequent or casual acquaintances among others.
Besides direct effects from interactions, these communities may also
generate indirect peer effects, so-called network externalities (Katz and
Shapiro, 1985), in that the benefits from social embedding in a local peer
community likely depend on the size of that community. Generally
speaking, the more members actively interact in the local peer com-
munity, the more opportunities for learning and knowledge spillovers (i.
e. positive externalities) may arise for an individual member. However,
some peers in the local research environment may compete more than
others, for instance, for their mentor's attention or position in the
community. The resulting ‘congestion effects’ (Ductor, 2015) likely
generate negative externalities among these network members. In what
follows, we discuss our arguments for the existence of both supportive
and competitive influences in the local research environments of young
scholars in more detail.

2.1. Support dynamics in the local peer community

Peer communities of Ph.D. candidates can be thought of as sup-
portive environments. The reason is that participating in co-located peer
communities resembles a process of socialization involving learning,
coaching and teaching among its members and the transmission of tacit
knowledge through social interactions (Collins, 1985; Gertler, 2003;
Rutten, 2017). Such an academic ‘sharing’ culture, in which frequent
interactions in the local peer community is the social norm, is typically
more or less developed, depending on the department and discipline in
question (Shibayama et al., 2012). Then, if a lively community culture
has been established, being part of it allows members of the peer com-
munity to repeatedly interact in classes, seminars, shared offices or
coffee rooms, and to benefit from knowledge spillovers in their local
research environment (Howells, 2002; Olson and Olson, 2000; Polanyi,
1967; Rutten, 2017). Socialization within a local peer community helps
Ph.D. candidates to learn faster about the ‘rules of the game’, such as the
academic norms and practices, and to develop academic skills and
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networks, which will enable them to perform better also in later stages of
their career (Horta and Santos, 2016).

Related to the social dynamics in local peer communities, we identify
two mechanisms of how the interactions in peer communities during the
Ph.D. phase can influence the individuals' ability to acquire and main-
tain a senior position in academia:

First, coaching and learning among members of the local peer com-
munity may occur when Ph.D. candidates engage in ‘peer tutoring’ of
other members, thus taking on an advisory or motivational role (Ensher
et al., 2001; Kram and Isabella, 1985). In this way, local Ph.D. com-
munity members can directly support each other during the Ph.D. track.
The role of peer tutors may be similar to that of Ph.D. mentors, although
more informal and with a stronger focus on emotional and social support
than this is the case for formal mentors (Delamont and Atkinson, 2001).

Besides these direct benefits of peer coaching or tutoring, more
accidental forms of learning similar to incidences of ‘local buzz’ (Bathelt
et al., 2004) may occur in a peer community through recurring in-
teractions on the work floor. Although potentially more casual, such
interactions enable Ph.D. candidates to pick up on the ‘hidden curricu-
lum’: the knowledge, beliefs, values and practices implicit in both the
organizational and academic practice or culture (Gilbert, 2009, p. 56).
Resulting benefits can be viewed in terms of knowledge spillovers or
positive externalities stemming from the peer community, as peers
typically engage in generalized exchange by freely sharing their
knowledge and experiences with others. Arguably, both forms of
learning during a Ph.D. track - the more direct or intentional and the
more accidental ones - can activate the Ph.D. candidates' passion for
science and motivate future participation in the academic system (Horta
and Santos, 2016; Roach and Sauermann, 2010).

Second, local peer communities allow members to form strong and
long-lasting social networks, which can be called upon also in later career
stages. Members of the local peer community develop their position
within the community and form ties with other community members.
Peers may form strong ties and share complex knowledge with peers
working in the same research group, and weaker ties to share less
complex knowledge with peers from other groups (Hansen, 1999). Then,
later in the career, similarity in professional positions can further
improve interpersonal understanding and likely lead to an intensifica-
tion of the social ties established in the early career stages (Dahlander
and McFarland, 2013; Ruef et al., 2003). For instance, it is known that
long-standing ties among individuals provide more trust, certainty and
reciprocity than new ties, thus supporting knowledge-sharing and
effective communication (Breschi and Lissoni, 2009; Katz, 1982; Uzzi,
1997). While not all connections will persist among alumni (Dahlander
and McFarland, 2013), those that do may affect performance in the later
stages of an individual's career (Agrawal et al., 2006).

As such, social networks that form early in the career can be a crucial
resource for a Ph.D. candidate's future academic success and ability to
accumulate own mentees over time. Arguably, such network benefits
may be stronger if two individuals are cognitively close to each other
(Boschma, 2005), for instance, if they work on similar projects or
research topics. Cognitively close peers may also be of greater help with
finding new job opportunities in and outside academia, or with estab-
lishing future collaborations, research projects or acquiring additional
funds later on. However, there might also be decreasing marginal
returns from such strong social ties in a peer community, particularly if
Ph.D. cohorts are large or the peers in a research group are cognitively
too similar. Both may lead to redundancies in the network (Granovetter,
1973), reducing the opportunities to generate future benefits from the
local peer community.

Moreover, we argue that, in principle, peers may benefit from any
other peer in the local peer community. However, the effects of peer
coaching, learning and social networks will depend on the Ph.D. can-
didate's experience, role and position in the group (Baker and Lattuca,
2010). Novice group members typically have a more peripheral position
in a community, having not yet mastered the practices of the
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community, while experienced members occupy more central positions
(Lave and Wenger, 1991). The latter can provide valuable knowledge
and guidance to their novice peers. Ph.D. candidates in the early stage
would then particularly benefit from the local presence of more expe-
rienced peers. In turn, members of the same Ph.D. cohort are assumed to
be in similar positions and to interact more frequently within the peer
community (Baker and Lattuca, 2010; Lave and Wenger, 1991). Suppose
Ph.D. students start their projects in the same period. In that case, they
will interact over a longer period, follow introductory and training
courses together, and exchange experiences over their full Ph.D. tra-
jectory. Having a similar position in the peer community makes it more
likely that they benefit from each other's emotional support. Strong
social bonding during the Ph.D. phase will make individuals who con-
ducted their Ph.D. at the same time also more likely to benefit from long-
lasting social networks.

2.2. Competition dynamics in the local peer community

Besides supportive dynamics, the local research environment can
also be a source of competition for its members (Brostrom, 2019).
Competition effects may more likely occur among peers with similar
knowledge bases, competencies and skills, or among peers who interact
closely in a mentor's research group. We expect competition among local
peer community members to stem from at least two different sources
related to two different stages in early careers. First, during the Ph.D.
phase, Ph.D. candidates compete for the recognition and attention of
mentors, and second, at a later stage of their career, the Ph.D. graduates
compete for more senior positions in academia.

Competition for attention during a Ph.D. may arise as one-to-one
interaction between mentor and mentee over an extended period of
time is necessary for effective knowledge transfer (Delamont et al.,
1997). Academic mentors play a role as content advisors, advisors of
research practices, emotional supporters, financial supporters and role
models (Brostrom, 2019; Guberman et al., 2006; Paglis et al., 2006).
Good mentors thus have a lasting effect on the academic success of their
mentees. Apart from transferring knowledge and research skills, men-
tors may provide their mentees with relevant scientific networks (Ensher
et al., 2001), help in acquiring more senior academic positions (Bar-
uffaldi et al., 2016), or pass on their mentoring skills (Malmgren et al.,
2010) and their ability to recognize novelty (Trapido, 2015).

It follows that a lack of attention by the mentor is likely to reduce the
transfer of knowledge, skills and networks from mentor to mentee (Conti
and Visentin, 2015; Dundar and Lewis, 1998). In support of this, an
analysis by Long and McGinnis (1985) suggests that the influence of the
mentor on the mentee is stronger when mentor and mentee actively co-
author papers than when there is no such collaboration. However, the
more Ph.D. candidates a mentor is actively supervising, the less time will
be available for interaction and knowledge transfer to the individual Ph.
D. candidate. In this context, Brostrom (2019) argued that: “a star sci-
entist already advising a large number of students may be a less useful
supervisor than a somewhat less prominent but less overburdened pro-
fessor” (p. 1655). This suggests that the more ‘co-mentees’, i.e. mentees
attached to the same mentor, the more competition between mentees
exists to attract a mentor's attention.

We understand such ‘competition for attention’ effects as negative
externalities or congestion effects that increase with the number of co-
mentees in the local peer community. They may emerge mainly
among co-mentees and negatively affect them because of the resource
and time constraints of a shared mentor (Conti et al., 2014; Shibayama
and Baba, 2015). It is reasonable to assume that such competition dy-
namics during the Ph.D. phase might affect not only the Ph.D. candi-
dates' academic skills or networks but also their aspirations to pursue an
academic career, to build up their own research group, and to accu-
mulate many mentees themselves.

While competition for attention is likely to be present between all co-
mentees, the extent of the effect may depend on the division of time and
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Table 1
Descriptive statistics for mentees within 15 years and peer community size
variables.

Variable N Mean St. Dev. Min Pctl Pctl Max
(25) (75)

Mentees 90,264 0.548 1.632 0 0 0 48
within 15 y
V)

Peers 90,264  125.900 142.400 O 29 166 708

Co-mentees 90,264 4.319 5.101 0 6 52

Novice peers 90,264 55.320 66.050 0 11 73 327

Novice co- 90,264 1.865 2,610 0 3 32
mentees

Cohort peers 90,264 15.130 17.450 0 3 20 89

Cohort co- 90,264 0.587 1.001 0 0 1 12
mentees

Experienced 90,264 55.480 65.400 O 11 73 327
peers

Experienced 90,264 1.868 2.571 0 0 3 34
co-mentees

tasks within a mentor's research group. More experienced Ph.D. candi-
dates could be disadvantaged if a mentor's time investment in the
younger goes at the expense of support and knowledge transfer for the
more experienced. However, more experienced Ph.D. candidates can
also take over more responsibilities in larger research groups over time
(Feldon et al., 2019; Shibayama et al., 2015). In this informal mentoring
role, they will learn to supervise and transfer knowledge effectively
early in their careers. Thus, informal mentoring across Ph.D. generations
can generate positive career effects for both the more experienced co-
mentees (due to early academic supervisory experience) and the
younger ones (due to additional knowledge transfer). Consequently, one
may expect that the adverse network externalities or congestion effects
discussed before are more prevalent among co-mentees of the same
cohort, and less so between more novice or experienced peers.

Moreover, competition for academic jobs may arise as some Ph.D. peer
community members compete for the same academic positions after
graduation (Waaijer et al., 2018). Shifts in the balance of labour supply
and demand in academia, a bottleneck in the number of tenured posi-
tions, and a policy shift away from long-term contracts have all
increased uncertainty and added to a shortage of academic career op-
portunities (Petersen et al., 2012). Hence, while local peer communities
can offer support, its members are also competitors for a limited number
of academic positions once they enter the job market.

One can further expect that the competition for academic positions is
particularly strong among Ph.D. candidates who share mentors
compared to those who do not. Being exposed to the same mentor during
the Ph.D. track implies higher cognitive proximity due to similar
knowledge bases, skills and networks (Nooteboom, 2000), at least to the
extent that mentors can transfer these effectively and equally to stu-
dents. Having a similar specialization thus makes co-mentees also more
likely to apply for the same jobs. Following this reasoning, being part of
a large research group connected to one mentor would reduce someone's
chances of acquiring an academic position later on to the extent that this
is in the interest of the individuals. Hence, crowding out due to
‘competition for academic jobs’ might appear more likely among co-
mentees than general peers, and may be strongest among co-mentees
in a similar career stage. The recent study of Xing et al. (2022) seems
to support this reasoning, showing that Ph.D. candidates trained in big
groups face higher risks of academic dropout. This implies that Ph.D.
candidates trained in large co-mentee cohorts could also more likely
strive for a career outside academia.

3. Methods
3.1. Data

To analyse the determinants of academic success of early career
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scientists, we use data on mentor-mentee relationships of scientists as
retrieved from the Mathematics Genealogy Project run by the NDSU
Department of Mathematics.' The project employs an online database as
a record of individuals who received a Ph.D. in mathematics or related
disciplines in the natural sciences, and creates a genealogical network of
mathematicians based on mentor-mentee relationships, which is
continuously expanded. Individuals can be identified through a unique
ID, and are listed together with the names of one or more supervisor(s),
university, country, year and, in some cases, the mathematical sub-field
in which they obtained their Ph.D. degree. Note that supervisor names
concern not only university professors, but also associate professors and
people outside academia, as the crowdsourced nature of data collection
allows for the inclusion of supervisors other than professors.

For this project, individuals can record themselves and others. Sub-
missions are checked by editors before being released online. Although
the data is largely self-registered and therefore prone to biases, the
project is recognized as one of the globally most complete and accurate
historical records of all Ph.D. degrees within a scientific discipline
(Gargiulo et al., 2016; Rossi et al., 2017). The dataset was also used in
several quantitative science studies (Malmgren et al., 2010; Rossi et al.,
2017; Sugimoto et al., 2011; Wuestman et al., 2020) and has been an
inspiration for the collection of similar records in other scientific disci-
plines (David and Hayden, 2012; Tenn, 2016).

We consider the field of mathematics to be an appropriate context to
study informal peer community effects among Ph.D. candidates, since
intellectual work in mathematical research is traditionally done indi-
vidually with very low levels of division of labour in formal teams
(Hagstrom, 1964) and little use of assistants and technical support
(Hargens, 1975). Moreover, Ph.D. candidates in mathematics are more
autonomous and anomic compared to other disciplines, apart from the
choice of subject, which is often suggested by the supervisor (Hargens,
1975). This sets mathematics as an academic field apart from other
natural sciences where research in formal teams became the norm in the
post-war period (Barabasi et al., 2002; Hagstrom, 1964; Hargens, 1975).
The continuous individualist organization of research in mathematics is
also apparent from a study on representative disciplinary journals for
the period 1960-2010, which found that the average number of authors
in mathematics during this period increased from 1.1 to 1.8, while the
average in chemistry increased from 2.4 to 5.1 and in physics from 2.2 to
19 (Huang, 2015). The rarity of team science in mathematics would
imply that the informal effects of peers are relatively higher than in
other natural sciences, where Ph.D. candidates work more often in pre-
structured teams and research infrastructures.

One important development in mathematics, though, has been the
rise of more applied fields of mathematics, in particular computer sci-
ences, which rely much more on teams with complementary skills and
advanced research infrastructures. These research fields are arguably
more ‘Mode 2’ type of research fields, working more often with industry
and on more practical applications alongside theoretical issues
(Bonaccorsi, 2008). As our data is partly classified into mathematical
sub-field, we are able to compare peer effects for ‘pure’ mathematics and
more applied mathematics.”

For this study, we use data on 90,264 Ph.D. candidates who received
their degree between 1945 and 2003. We restrict our dataset to those
who graduate after 1945, as data from earlier years may be more subject
to distortions (Gargiulo et al., 2016). Using this data set, we assume that
individuals included in the Mathematics Genealogy Project did a Ph.D.
in mathematics or a related subject. We further assume that two

1 We have obtained the data through recursive queries to the Mathematics
Genealogy Project using R and the R-package ‘rvest” (Wickham, 2016). Queries
ran between the 27th of June 2018 and the 10th of July 2018.

2 Subjects categorized as ‘pure’ relate to the study of foundations and logic;
discrete mathematics/algebra; analysis; and geometry/topology, according to
the Mathematical Sciences Classification System (MSC, 2020).
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individuals were part of the same local peer community if both did a Ph.
D. in mathematics or a related subject at the same university around the
same time. Information on the mathematical subject field is available for
30,656 Ph.D. candidates.

3.2. Measuring academic success

There are various ways to measure the academic success of indi-
vidual scientists. Many studies focus on academic productivity as
measured by one's publishing rate in peer-reviewed journals (Baruffaldi
et al., 2016; Dubois and Schlenker, 2014), while academic impact is
typically measured by the citations scientists receive to their publica-
tions (Mukherjee et al., 2017; Wang et al., 2015). Even though high
publication rates and citation counts have been associated with fast
career progression and academic status (Long et al., 1993; Park and
Gordon, 1996), they are not the only signs of a successful academic
career (Milojevic et al., 2018). Another way for academics to have a
lasting effect on the scientific system is by raising future generations of
academics. By mentoring novice academics in field-specific knowledge,
scientists can pass on their knowledge and encourage the next genera-
tion to build upon and further develop this knowledge (Malmgren et al.,
2010).

Hence, we use the number of mentees an individual supervises over
time as a key feature of academic productivity and a successful academic
career. This indicator also captures part of one's academic impact as
mentees typically build on their mentors' knowledge to create new
knowledge (Hackett, 1990; Delamont et al., 1997). Moreover, an in-
dividual's number of mentees has been found to correlate with other
indicators of academic productivity and recognition, including publi-
cation rate or being a member of a National Academy of Science (Cruz-
Castro and Sanz-Menéndez, 2010; Malmgren et al., 2010).

Note that the number of mentees is a variable that captures two as-
pects for each individual in our dataset: whether or not they have been
able to acquire a position within academia as a mentor viz. a Ph.D. su-
pervisor (regardless of whether this position is at a university or beyond)
and, conditional upon becoming a supervisor, the extent to which they
have been engaged in the reproduction of their research line over their
professional academic career, as reflected by their accumulation of
mentees over time. We consider individuals in the zero-mentee group
not as unsuccessful individuals per se. Indeed, graduates may leave
academia voluntarily to pursue a career elsewhere, possibly, with great
success. However, others in the zero-mentee group may have wished to
become a supervisor but failed in this ambition. Such individuals left
academia involuntarily or remained in academia without a supervising
role. Hence, we can understand peer effects on failing to become a su-
pervisor as competition effects only to the extent that graduates with
zero mentees aspired to become a supervisor.

We restrict the count of mentees to the first 15 years after receiving
their Ph.D. degree for each individual in our dataset. We limit this count
to 15 years, because we expect supportive and competitive effects of
local peer communities on future academic careers to materialize within
a relatively short period of time after the Ph.D. phase. Furthermore, not
limiting the time frame of this variable would result in a considerably
smaller dataset and create a bias against still-active scientists. In con-
structing the variable, we use full counting meaning that every mentee
counts as one, regardless of whether one or more mentors supervise this
mentee. Note here that of the 90,264 individuals in our sample, 88.7 %
have only one Ph.D. mentor, 11.1 % have two mentors, 0.2 % three, and
only 0.01 % have a maximum of four mentors.

Table 1 presents descriptive statistics for our dependent variable
Mentees within 15 years as well as for our peer community size variables.
The total number of mentees within 15 years varies considerably be-
tween 0 and 48, with a mean of 0.55 and a standard deviation of 1.63.
Interestingly, a large majority (80 %) of our observations have not
mentored any mentees within 15 years. The excess number of scientists
with zero mentees mainly reflects that many leave academia shortly
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after completing their Ph.D.> Histograms showing the distribution of our
dependent variable and our core independent variable for the local peer
community size are provided in Appendix A.

3.3. Measuring local peer community size

We are interested in the effect of a local peer community on the
future academic success of Ph.D. candidates. In line with earlier litera-
ture (Brostrom, 2019; Conti and Visentin, 2015), we understand peer
communities as a set of individuals who have received their Ph.D. degree
from the same university, in the same field, and within a short time from
one another.

In contrast to the previous studies, we distinguish between two
different types of local peer community members: co-mentee peers and
general peers (hereinafter referred to as ‘co-mentees’ and ‘peers’). The
peer community size variables are constructed through the following
steps. First, for each individual observation, we count all individuals in
our dataset who received their Ph.D. degree from the same university,
and no more than four years before or after the observed individual.*
Second, we split and count the resulting group of peer community
members into two variables (1) co-mentees, consisting of the count of
those peer community members who, according to genealogical data
from the Mathematics Genealogy Project, share at least one mentor with
the observed individual, and (2) peers, or the count of the peer com-
munity members that do not share a mentor with the observed
individual.

Moreover, to explore differences between more experienced and
more novice local peer community members, we split our co-mentee and
peer variables into three groups: peers who receive their Ph.D. degree in
the same year (cohort members), peers who received their Ph.D. degree
up to four years later (novice members), and peers who received their Ph.
D. degree up to four years earlier (experienced members). This results in
six count variables representing peer community size (see Table 1):
novice peers; novice co-mentees; cohort peers; cohort co-mentees; experienced
peers, and experienced co-mentees. Note that we do not intend to under-
stand our peer community size variables to represent separate commu-
nities. We only imply that these community subsets may affect an
individual's academic success differently through different externalities
of learning, support and competition.

Looking at the descriptive statistics in Table 1, we observe that in-
dividuals have, on average, 130 peers, that is 126 general peers and 4 co-
mentees. Splitting these into the three groups, we see that individuals
have, on average, 15 cohort peer members and 55 more novice and 55
more experienced peers. We also see that peer community sizes vary
widely: for each count, the standard deviation exceeds the mean.

3.4. Mentor-specific variables

Ph.D. candidates interact primarily with their immediate research
environment, consisting of both their mentors and peers. Regarding the
mentors, empirical evidence is inconclusive on the effects of mentor
seniority. While some studies showed that mentors' performance

3 If we release the 15-year time constraint, 77 % of our observations have
zero mentees, which is close to the 80 % found when setting the 15-year
constraint. Further note that 9 % of our observations did not have any ment-
ees graduate within 15 years after their own graduation, but did mentor others
in later years.

4 Given the lack of information of Ph.D. completion times in our dataset, the
four-year window is to be considered as a rough estimation of the time it takes
to complete a Ph.D. program in mathematics. It is in line with Espenshade and
Rodriguez (1997) who report a mean time of 5.7 years to complete a full
graduate program in mathematics in the United States in the period 1962-1986.
Given that U.S. graduate programs include both a master degree and a doctoral
degree, we consider the four-year window for doing the Ph.D. research
appropriate.
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positively correlates with the performance of their mentees (Malmgren
et al., 2010; Trapido, 2015), others found a negative association be-
tween a mentor's career stage and the number of graduates supervised
before (Heinisch and Buenstorf, 2018). A positive effect may reflect that
mentees with experienced mentors learn more valuable knowledge and
skills, contributing to their success later in their careers. Furthermore,
the more mentees a mentor has supervised before, the more effective a
mentor may become in supervising subsequent mentees. Nonetheless,
senior mentors are more likely to take over managerial or representative
tasks in the organization and academic community, which decreases the
attention and time they can spend on actual research or supervision.
Also, they might more likely be ‘locked-in’ in established research lines,
thus less open to the latest theory and method developments, potentially
negatively affecting their students' career prospects (Heinisch and
Buenstorf, 2018).

It is important to note that the matching between mentees and
mentors is not a random process. While mentees may not deliberately
select their peer community, they are, at least to some extent, able to
select their mentors and university environment. For example, proficient
or high-potential candidates are more likely able to choose prestigious
universities, or to select reputed scientists as mentors, and vice versa.
Consequently, mentees of more proficient mentors may also have a more
proficient co-mentee community than mentees of less proficient men-
tors. This means that mentor-mentee observations might not be entirely
independent (see e.g. Azoulay et al., 2017).

To better disentangle the effect of peer communities from mentor-
ship effects, we include two mentor-specific control variables, one for
mentor experience and one for mentor prestige. For mentor experience, we
cannot simply count the number of prior mentees of an individual's
mentor, as this count would overlap with our peer community size
variable. We, therefore, consider only prior mentees, who received their
Ph.D. degree at least four years before the observed individual and are
thus not included in our variable ‘more experienced co-mentees’. Note
that prior mentees included in mentor experience may have obtained
their Ph.D. from different universities than the observed individual.
Observations of the mentor experience variable vary widely (mean =
4.697, standard deviation (sd) = 7.799), with one mentor having men-
tored as many as 118 individuals before our observed individual.”

We further include a variable for high mentor prestige by counting
the number of prizes awarded to a mentor. To this end, we collected data
on the prize winners of all major awards in mathematics (including
computer science) using the list of most prestigious international aca-
demic awards compiled by Meho (2020). This list includes the Abel
Prize, Crafoord Prize, Fields Medal, Maryam Mirzakhani Prize (formerly
NAS Award), Rolf Schock Prize, Shaw Prize, Turing Award, and Wolf
Prize. In total, 211 mentors received at least one of the prizes. The
variable we constructed counts the number of awards per mentor,
ranging from O to 5 as its maximum.

3.5. Control variables

We include variables for individual-level attributes, university-level
characteristics and control for country and time heterogeneity when

5 We run a robustness check with an alternative measure of mentor experi-
ence to avoid collinearity problems between the positively correlated mentor
experience and the more experienced co-mentees variable (cor = 0.464). For
this alternative measure, we replace our variable mentor experience with a
count of the mentor's prior mentees, but excluding all prior mentees who ob-
tained their degree at the same university as the observed individual. This
alternative measure correlates with our original mentor experience variable
(cor = 0.511), but much less with more experienced co-mentees (0.097). Note
that this alternative mentor experience count is biased against individuals with
mentors who have not been affiliated to other universities. Nevertheless, main
results of our regression models do not change, and are available upon request.
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estimating local peer community effects on academic success. At the
level of the individuals, we control for the gender of the Ph.D. candidate.
To construct the gender control variable, we matched the name and
country of each Ph.D. candidate in our dataset with data from the
worldwide gender-name dictionary developed by Raffo (2016) and
Martinez et al. (2016). In this way, we can identify the gender (male/
female) for 82 % of all individuals in our sample.

Moreover, we control for potential differences in academic careers
between pure mathematics and applied fields, as we assume that grad-
uates in applied fields of mathematics are more likely to pursue a career
outside academia. We construct a dummy variable indicating whether a
Ph.D. candidate graduated in a mathematical sub-field related to pure
mathematics using two-digit subject codes as in the Mathematical Sci-
ences Classification System (MSC, 2020). Our database includes field-
specific data for about 44 % of Ph.D. graduates.®

In addition, we control for variations at the university level related to
prestige, size and university type. For university prestige in mathematics
and related fields, we include two dummy variables, one indicating
whether a Ph.D. candidate graduated from a university with a winner of
the Fields Medal in the past, and one indicating whether a Ph.D. candi-
date graduated from a university with a Nobel Prize winner in physics or
chemistry in the past. For both variables, we used the affiliation of the
award winners and the year the university received the award for the
first time. Moreover, we construct a dummy variable for the Top 1 %
universities in terms of the accumulated number of graduates in our
database to control for prominence and reputation effects of the Ph.D.
programme. This dummy indicates whether an individual graduated
from one of the 15 most prestigious universities in our data. Twelve of
the top 1 % universities are located in the US, one university in the UK
(Cambridge), one university in Switzerland (ETH) and one in Russia
(Moscow State University). We assume that highly prestigious univer-
sities with established Ph.D. programmes most likely attract proficient
early career scientists (Burris, 2004; Clauset et al., 2015). Furthermore,
to distinguish between universities that are more of an applied nature
and universities more oriented towards scientific research, we include a
dummy variable if a university is a medical or technical university
following the classification by Frenken et al. (2017). We assume that
more Ph.D. candidates would choose to pursue a career outside
academia in such more applied universities.

To further consider country-specific differences in Ph.D. training
systems, we include fixed effects for the country in which the Ph.D.
graduated. To construct these dummy variables, we select only the
countries in the upper quartile according to the number of graduates in
the sample (24 countries in total). Other countries are included in a
residual category ‘other’. This restriction was necessary to achieve suf-
ficient variation for our model computation over countries and time,
given the skewed distribution of candidates over countries. Finally, we
include fixed effects for the decade of an individual's Ph.D. graduation to
control for time-specific differences. Descriptive statistics of all control
variables are provided in Appendix A.

3.6. Empirical model specification

Our dependent variable mentees within 15 years is a count variable
with a large number of zero observations, a low mean and a high stan-
dard deviation (see Table 1). The large number of zeros is not surprising,
as our dataset includes individuals who obtain a Ph.D. degree but do not
continue their academic career (structural zeros). We therefore assume
that our outcome variable reflects two different processes: First, the Ph.
D. graduates' susceptibility to acquiring a mentoring position at a

6 We run robustness checks for our model using fixed effects for the 63
different mathematics fields included in our database. Effect size and signifi-
cance of our peer community variables do not change, and results are available
upon request.
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university (within 15 years) which allows them to mentor a new gen-
eration of Ph.D. candidates, and second, the ability of these individuals
to accumulate more mentees over time.

To account for the excess zeros and overdispersion in our data, we
estimate zero-inflated negative binomial (ZINB) regression models. A
ZINB consists of two parts: a logistic component to predict the proba-
bility of having zero mentees, and a negative binomial component to
model the count outcome, that is, the number of mentees above zero
(Cameron and Trivedi, 1998). A negative sign in the logit part, for
instance, would indicate that a respective variable decreases the likeli-
hood of having 0 mentees within 15 years, or put differently, a higher
chance of pursuing an academic career involving mentorship. Then, a
positive sign in the count part would indicate a higher expected number
of mentees within 15 years.

To analyse the relationship between early career scientists' peer com-
munity and their academic success, we estimate eleven regression models
in total. Each model includes the mentor-specific variables, different
control variables and the two peer community size variables, co-mentees
and peers. First, we run a general peer community model on the full sample
of 90,264 Ph.D. candidates, controlling for mentor performance, univer-
sity prestige and university type. Second, we want to distinguish the peer
community by experience and explore differences in Ph.D. candidates'
positions within their peer communities. To this aim, we specify one model
for the number of more novice peer community members (co-mentees and
general peers), one for cohort members, and one for more experienced peer
community members.” Lastly, we use a smaller set of observations to test
whether our general results for peer community effects hold when con-
trolling for gender-specific or mathematics field-specific heterogeneities.
We additionally include interaction terms between the mathematics
dummy variable and the two peer community variables. In this way, we
test for varying peer community effects in different branches of mathe-
matics. All our models include fixed effects for country and decade.

Next to the main models discussed in the next section, we run a series
of robustness checks for which we provide the results in Appendix B. First,
we test for potential influences of the country and university a Ph.D. stu-
dent was hired after graduation. The first work environment after gradu-
ation might influence the career of young scholars even more than their
Ph.D. training university (Way et al., 2019). To do so, we considered the
size of the university an individual was active in the longest within the first
15 years of their career, as early career scholars might be more productive
in larger, more prosperous universities (Way et al., 2019). We construct a
categorical variable including five size groups according to the number of
Ph.D. graduates in the sample. Note that we only have data for individuals
who become mentees themselves, and therefore run this check only for the
count part of our models. As a second robustness check, we calculate
clustered standard errors at the university level for our models to test
whether a potential sampling bias at the university level - for instance, due
to the crowd-sourced nature of the data - influences the significance of the
observed peer community effects. Finally, regarding our dependent vari-
able, we run the general model with an alternative specification measuring
the number of mentees within 10 years, and the number of mentees within
20 years, to test for different definitions of academic success of early career
scientists.®

7 We estimate separate models because of the high correlation between
variables (see Appendix A) which would cause multicollinearity problems if
they were included in the same model. We considered VIF-values for each of
our models; none of these are problematic according to standard rules (Hair
et al., 2010).

8 We also tested for a number of non-linearities in the relationship between
an individual's academic career outcome and our continuous independent
variables (peers, co-mentees and mentor experience). The obtained signifi-
cances for the quadratic terms in the different models were not conclusive to
derive strong interpretations. The results for our linear term estimates do not
change for all three models, and are available upon request.
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4. Results
4.1. General models

Table 2 shows the coefficients of our ZINB regression models (models
1-4) performed on the full sample. Model 1 includes only the mentor-
specific variables, while all other model variants include the local peer
community variable. In this way, we can better understand the effects of
the mentor versus the effects of peers. The logit parts of the models in
Table 2 suggest that mentor experience is negatively associated with ac-
ademic success: it suggests that Ph.D. candidates with a more experi-
enced mentor are less likely to supervise Ph.D.'s themselves within 15
years than Ph.D. candidates with a less experienced mentor. In contrast,
the positive sign of the mentor prestige variable suggests that Ph.D.
candidates supervised by prestigious mentors are more likely to become
mentors themselves. These results might indicate that Ph.D. candidates
with very successful mentors are also more likely to pursue an academic
career, which is not necessarily the case for Ph.D. candidates supervised
by experienced mentors. Ph.D. candidates with experienced mentors
might also seek good career opportunities outside academia; they may
leave academia and not supervise any Ph.D. candidates within 15 years.
In contrast, we find positive coefficients for both variables, mentor
experience and mentor prestige, in the count part of the model, implying
that mentor performance is positively associated with a high number of
mentees for those staying in academia. Further note that the coefficients
of both mentor variables are stable in the logit part over all four models.
However, once we include our local peer community variables (model
2-4), we do not find significant effects of mentor-specific variables on
the number of mentees in the count part.

For the peer community variables, we find a negative sign for peers in
the logit part, indicating that a one-unit increase in the number of
general peers decreases the odds of having 0 mentees within 15 years
between 0.1 and 0.2 % (OR = %" = 0.999, and e %2 = 0.998,
respectively). In the count part of our models, we find a positive sign: a
one-unit increase in the number of general peers increases the expected
number of mentees within 15 years between 0.03 % and 0.1 % (e%-00%% =
1.0003, and €% = 1.001, respectively). Even though both effects are
small, our results indicate that with an average number of 126 (sd =
142), general peers can make a considerable difference in the future
academic career of Ph.D. candidates. The negative effect in the logit part
suggests support in the form of learning, emotional support and social-
ization in academia among local peers, positively contributing to staying
in academia and acquiring a mentor role later on. The supportive effect
observed in the count part of our model confirms the positive association
between the size of the local peer community and academic success,
conditional on acquiring a mentoring position.

In contrast to general peers, we find positive and significant effects
for co-mentees in both parts of models 2—4. Also, these effects are larger
than the effects of peers. A one-unit increase in co-mentees increases the
odds of having 0 mentees within 15 years of about 3 % (OR = %33 =
1.034), which may point to a competition effect among co-mentees. To
the extent that graduates wish to take on a mentoring role later on, co-
mentees may more likely compete for such positions due to their
cognitive similarity. Alternatively, it seems that Ph.D. candidates with
many co-mentees are more likely to pursue a career outside academia.
For those acquiring a mentor position, we find an increase in the number
of mentees of about 1.3 % (e0.013 = 1.013) in the count part. This pos-
itive effect would point to support, rather than competition, among co-
mentees in accumulating a higher number of mentees over time, indi-
cating the relevance of long-lasting social ties in academia established
during the Ph.D. phase.’

9 We also tested a model including only peer community variables, but not
the mentor-specific variables. Coefficient size and significance of peers and co-
mentees do not change. Results are available upon request.
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Table 2
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ZINB regression model coefficients, general model (dependent variable: mentees within 15 years).

Logit - Zero mentees

Count - Number of mentees

(€Y] (@) 3 4 @ @ 3 (4
Peers —0.00: -0.002%** —0.001%** 0.001*** 0.0005%*** 0.0003**
(0.0002) (0.0002) (0.0002) (0.0001) (0.0001) (0.0001)
Co-mentees 0.034** 0.033*** 0.033%*** 0.013*** 0.013*** 0.012%**
(0.004) (0.004) (0.004) (0.003) (0.003) (0.003)
Mentor experience 0.011%** 0.007*** 0.008*** 0.0171%** 0.004** —0.0005 —0.0003 —0.0003
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
Mentor prestige —1.613%** —1.326%** —1.218%** —1.170%** 0.067** 0.044 0.045 0.048
(0.187) (0.178) (0.159) (0.161) (0.029) (0.030) (0.030) (0.031)
Top 1 % university (dummy) —0.355%** 0.042
(0.059) (0.039)
Nobel prize (dummy) —0.507*** 0.053*
(0.049) (0.031)
Fields medal (dummy) —0.535%** 0.054
(0.071) (0.041)
Technical/Medical (dummy) —0.024 0.069*
(0.054) (0.036)
Constant —2.204** —2.487*** —2.252%%* —2.342%%* —0.073 —0.064 —0.066 —0.109
(0.295) (0.274) (0.264) (0.274) (0.105) (0.105) (0.106) (0.106)
Observations 90,264 90,264 90,264 89,640 90,264 90,264 90,264 89,640
Log Likelihood —74,967 —74,599 —74,808 —74,242 —74,967 —74,599 —74,808 —74,242

Note: Coefficients of a zero-inflated negative binomial model. All models include control variables for country and decade (dummy). Standard errors in brackets.

*p < 0.1; **p < 0.05; ***p < 0.01.

Regarding our university-level controls, we observe significant
negative effects in the logit part for top 1 % Ph.D. graduation pro-
grammes (model 3) and for prize-winning universities (model 4), con-
firming that graduates from established or prestigious universities are
more likely to pursue an academic career which includes mentoring the
next generation. However, we do not find conclusive evidence of grad-
uation from prestigious universities on the number of future mentees in
model 3 and 4. While graduation in mathematics from a technical or
medical university does not significantly influence the chances of having
0 mentees, we find a positive albeit less significant influence on the
number of own mentees within 15 years.

4.2. Peer community experience

Table 3 shows the results of the regressions in which we split the peer
community variables into three different groups according to the
experience level of peers. Here we go one step further in analysing local
peer community effects and explore whether different peer groups, or
cohorts, exert different effects on an individual's mentoring probability.
First, regarding peers, we find that the number of same cohort peers who
do not share a mentor (model 6) negatively and significantly affects the
likelihood of having 0 mentees within 15 years (e'o'009 = 0.991). This
supportive effect is weaker for more novice peers (model 5) and more
experienced peers (model 5). Accordingly, the peer community experi-
ence models confirm the support effect among local peers in pursuing an
academic career as observed in our general models in Table 2. This
general support effect seems to be driven particularly by peers who
graduate in the same year (model 6). We also find in the count part of
our experience models that the positive effect of peers may be stronger
associated with cohort peers than with more novice peers or more expe-
rienced peers. Both model results are in line with the idea that same-
cohort peers establish stronger support and social ties in their peer
community than Ph.D. candidates from different cohorts.

Moreover, for co-mentees, we again find a positive effect of the
number of co-mentees on the likelihood of having 0 mentees within 15
years, regardless of experience. While model 2 showed us the average
effect over all co-mentees, we now find that this competition effect is
strongest for cohort co-mentees, and weakest for more novice co-mentees.
We can interpret this finding as an indication of considerable competi-
tion for acquiring mentoring positions among co-mentees, particularly
among co-mentees from the same cohort. Regarded the expected

number of mentees (count part), the positive effect of co-mentees, as
shown in model 2, seems to be mostly due to more novice co-mentees,
whereas more experienced co-mentees and cohort co-mentees do not have
any significant effect on the expected number of mentees. We interpret
this finding as an indication of support effects due to the experience
gained by informally mentoring younger cohorts during the Ph.D. phase.
Instead, we do not find evidence for the idea of persisting co-mentee
networks that support future academic success.

Based on these results, we can conclude that it may be mainly cohort
peers who provide support to their peers, for instance, due to social
bonding occurring in introductory courses and over a Ph.D. trajectory.
Co-mentees, particularly from the same or earlier cohorts, could instead
be a source of competition, due to either direct competition for academic
jobs (same cohort peers), or indirectly, as earlier cohort co-mentees
might occupy academic positions that are also desirable for later
peers. Remarkable is that all co-mentees seem to exert competitive
(negative) effects to become a mentor, while peers are more likely to
support and increase the likelihood of acquiring a mentorship role. Both
competition and support effects are strongest for the same or earlier
cohorts.

4.3. Analysis of individual- and field-specific characteristics

We perform further analyses on how gender (model 8) and field-
specific characteristics (model 9-11) influence the academic success of
early career scientists. Due to failed name-gender matching for in-
dividuals, or missing data on mathematic sub-field in our database, the
number of observations is about 1/3 lower in model 8, and about 2/3
lower in models 9, 10 and 11. All results are shown in Table 4.

Despite the reduced sample, we do not see any considerable differences
in effect size and significance of our local peer community variables
compared to the baseline models in Table 2 or the experience models in
Table 3. Looking at the categorical control variables in more detail, model
8 shows that female graduates, and those with unknown gender, show
significantly higher chances of 0 mentees compared to male graduates in
the logit part, and also a significantly lower expected number of mentees in
the count part. These results confirm the often observed gender disparities
in science (Huang et al., 2020; Lariviere et al., 2013), which seem to be
reproduced over different generations of Ph.D. candidates.

We also distinguish between Ph.D. degrees in core areas of mathe-
matics and Ph.D. degrees in more applied sub-fields such as computer
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Table 3
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ZINB regression model coefficients: experience (dependent variable: mentees within 15 years).

Logit - Zero mentees

Count - Number of mentees

5) (6) ) 5 (6) @)
Novice peers —0.003*** 0.001***

(0.0004) (0.0003)
Novice co-mentees 0.036%** 0.028***

(0.007) (0.005)
Cohort peers —0.009%** 0.003%**

(0.002) (0.001)
Cohort co-mentees 0.110%** 0.013
(0.017) (0.013)
Experienced peers —0.003*** 0.001%**
(0.0004) (0.0003)
Experienced co-mentees 0.065%** 0.008
(0.007) (0.006)

Mentor experience 0.013%*** 0.013%** 0.008%** 0.001 0.003 0.003

(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
Mentor prestige —1.249%** —1.232%** —1.229%** 0.047 0.057* 0.051*

(0.160) (0.158) (0.157) (0.030) (0.030) (0.030)
Top 1 % university (dummy) —0.425%** —0.454%** —0.425%** 0.053 0.078** 0.066*

(0.055) (0.058) (0.059) (0.037) (0.038) (0.038)
Constant —2.213%** —2.267%** —2.229%** —-0.103 —0.084 —0.055

(0.267) (0.275) (0.272) (0.106) (0.106) (0.107)
Observations 90,264 90,264 90,264 90,264 90,264 90,264
Log Likelihood —74,592 —74,613 —74,582 —74,592 —74,613 —74,582

Note: Coefficients of a zero-inflated negative binomial model. All models include control variables for country and decade (dummy). Standard errors in brackets.

*p < 0.1; **p < 0.05; ***p < 0.01.

science, mathematical physics or economics. Our mathematics dummy
in model 9 shows that graduates in mathematics show a significantly
lower expected number of future mentees (count part), but no signifi-
cant effect in the logit part. Our results might point to similar entry
barriers to pursuing an academic career but lower chances of accumu-
lating mentees in ‘pure mathematics’ compared to more applied areas of
mathematics. This finding could result from generally smaller group
sizes in mathematical research compared to more applied natural sci-
ences (Huang, 2015).

To further test for differences in the influence of local peer com-
munities in different branches, we interact our peer community vari-
ables with the mathematics dummy (model 10 and 11). In the logit part,
we observe that the positive effect of a larger peer community is stronger
for mathematics than more applied fields. This result seems to confirm
our assumption that Ph.D. candidates in mathematics rely on informal
peer interaction more than in other fields in which team science is more
common. In the count part, we see a slightly higher support effect of co-
mentees in mathematics than in more applied fields, while there is no

Table 4
ZINB regression model coefficients: Gender- and field-specific characteristics (dependent variable: mentees within 15 years).
Logit Count
®) (©)] (10) an (8 ©)] (10) 11
Peers —0.002%** —0.001%** —0.001%** —0.001%** 0.0004+** 0.001*** 0.001%** 0.001%**
(0.0002) (0.0003) (0.0004) (0.0003) (0.0001) (0.0002) (0.0002) (0.0002)
Co-mentees 0.028*** 0.051%** 0.050%** 0.063*** 0.017%** 0.014%** 0.013%** 0.009
(0.004) (0.006) (0.006) (0.007) (0.003) (0.005) (0.004) (0.005)
Mentor experience 0.006** 0.012%** 0.012%** 0.012%** —0.003 0.001 0.001 0.001
(0.003) (0.004) (0.004) (0.004) (0.002) (0.003) (0.003) (0.003)
Mentor prestige —1.132%** —0.795%** —0.810%** —0.787%** 0.040 0.112* 0.119* 0.105*
(0.159) (0.231) (0.240) (0.231) (0.033) (0.063) (0.062) (0.063)
Top 1 % university (dummy) —0.364%** —0.291*** —0.283%** —0.279%** 0.042 —0.117* —0.116* —0.118*
(0.064) (0.106) (0.109) (0.105) (0.043) (0.066) (0.066) (0.066)
Gender (unknown) 0.393%** 0.138
(0.129) (0.102)
Gender Female 0.416%** —0.372%%*
(0.062) (0.048)
Math (dummy) 0.028 0.217%* 0.217%** —0.275%** —0.220%** —0.306%**
(0.070) (0.093) (0.082) (0.040) (0.050) (0.049)
Peers x math —0.002%** —0.0005
(0.001) (0.0003)
Co-mentees x math —0.043%** 0.014*
(0.011) (0.008)
Constant —2.260%** —2.289%** —2.571%** —2.284%** —0.051 0.168 0.103 0.196
(0.329) (0.582) (0.627) (0.546) (0.141) (0.174) (0.176) (0.174)
Observations 65,712 30,650 30,650 30,650 65,712 30,650 30,650 30,650
Log Likelihood —55,548 —28,758 —28,754 —28,742 —55,548 —28,758 —28,754 —28,742

Note: Coefficients of a zero-inflated negative binomial model. All models include control variables for country and decade (dummy). Standard errors in brackets.

*p < 0.1; **p < 0.05; ***p < 0.01.
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significant difference between fields for peers.
4.4. Robustness

We checked the robustness of the dependent variable (Table A2.1 in
Appendix B). We find that counting the number of mentees acquired
within 10 or 20 rather than 15 years has little effect on our model results.
Our main findings have remained unchanged. The robustness check
suggests that the effects of competition and support among peer com-
munities of Ph.D. students may also materialize within 10 years, and can
last until at least 20 years after receiving the Ph.D. degree.

Moreover, we controlled for potential influences of the university
and country an individual is hired, besides controlling for the in-
dividual's university of training. In particular, department size is
assumed to be positively correlated with our academic success mea-
sures, due to favourable opportunities to accumulate mentees. Note that
this robustness check can only be performed for individuals who become
a mentor of at least one Ph.D. candidate, referring to the count part of
our model. The results show that the support effect arising from local
peers and co-mentees are robust, also if we control for the size and
country of the hiring university (Table A2.2 in Appendix B). We find
significant and with the university size increasing effects of the hiring
environment on the expected number of mentees of early career scholars
in their first 15 years.

Finally, we report in Table A2.3 in Appendix B the results of our
general models using clustered standard errors to control for sampling
biases at the university level. We observe a slightly decreasing signifi-
cance of the general peer and mentor experience variables. Not sur-
prisingly, the same is true for our university control variables. However,
overall the results of the different model variants are robust, confirming
the supportive and competitive effects found in our main analyses.

5. Discussion

In this paper, we looked at how the local academic peer community
can be associated with the future academic success of Ph.D. candidates.
We argued that peer community effects are likely ambiguous as peers
may provide support through learning and networking but also generate
competition among their members during and after the Ph.D. phase. To
separate the effects of local academic peer communities, we distin-
guished between local peers who share mentors (co-mentees), thus
competing for their mentor's attention and similar jobs in academia, and
other local peers who we considered to be primarily a source of support.
We further consider the various support and competition effects as a
function of the local peer community size. The results of our regression
analysis, in which we distinguish between co-mentees and general local
peers, support these ideas.

We found evidence that a high number of co-mentees in the local
peer community reduces the chances of acquiring an academic men-
toring position later on, particularly when these co-mentees are part of
the same cohort. We argued that co-mentees might, indeed, be the
strongest competitors for the time of their mentors during the Ph.D.
phase (Brostrom, 2019; Long and McGinnis, 1985). To the extent that
Ph.D. graduates wish to take on an academic career, co-mentees are also
the most likely to compete for academic jobs later on (Waaijer et al.,
2018). However, the finding of such crowding-out effects in academia
does not rule out the possibility that Ph.D. candidates trained in larger
cohorts have higher chances of finding attractive job opportunities
outside academia, for instance, facilitated by the social connections
made during their Ph.D. phase.

Moreover, we did not find evidence for competition effects in one's
later academic career observed in terms of the number of mentees su-
pervised within 15 years. If anything, the local presence of co-mentees
during the Ph.D. stage may positively affect academic success in the
later mentoring stage. Overall, our results suggest that Ph.D. candidates
trained in larger groups may become more successful in, and potentially
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also outside academia, because of their cognitive similarities, their joint
embedding in similar professional networks and their mutual connec-
tion to a proficient mentor.

Our analysis also pointed to supportive effects among peers who do
not share mentors. The finding that peers, particularly those from the
same cohort, are significantly associated with career success point to the
importance of long-lasting acquaintances in science and across different
career stages. Also, more novice and more experienced peers with whom
one does not share mentors are positively associated with academic
success. This is in line with the idea that a dynamic training environment
of young scholars with opportunities for learning, networking or tutor-
ing among the local peer community provides support during the Ph.D.
track, and may influence one's decision to pursue an academic career
and to further succeed in that career.

All things considered, our research suggests that besides features of
the mentor and the university (Baruffaldi et al., 2016; Cameron and
Blackburn, 1981; Shibayama, 2019), the local peer community of Ph.D.
candidates within universities can significantly affect long-term aca-
demic success due to higher learning and networking opportunities. This
is relevant, because whereas aspiring Ph.D. candidates can, at least to
some extent, select their mentors and their affiliations, their influence on
the selection of their peers is at most limited. The organization of sup-
portive research environments, in particular linking same cohort Ph.D.'s
but also more experienced with novice candidates, can be taken up as a
responsibility of the university and should be considered in developing
Ph.D. training programmes (Dericks et al., 2019).

Our results indicate that it is not community size per se but compe-
tition between co-mentees (peers sharing a mentor) that may account for
some of the adverse effects of peer community size found in earlier
research (Brostrom, 2019; Conti and Visentin, 2015). Hence, large co-
horts may not be as harmful as long as there is considerable diversity
among cohort members by distributing mentoring tasks among various
mentors. '’

For the literature on academic success, scientific teams and collabo-
rations, our distinction between co-mentees and general peers illustrate
the potential for more complex analyses of mentorship relationships in
academia. Our study could be extended by including not only direct
mentor-mentee relationships but a more complex measure of ‘distance’
between individual peers based on their entire ‘mentorship pedigree’, as
common in genealogical approaches (Rossi et al., 2017; Sugimoto et al.,
2011). Similarly, it would be interesting to analyse how direct and indirect
mentorship relations affect the performance and composition of academic
teams (Singh and Fleming, 2010), or determine job mobility inside and
outside academia (Cruz-Castro and Sanz-Menéndez, 2010).

Our work has some limitations. Measuring academic success with the
number of Ph.D. candidates supervised provides a partial understanding of
career success. Despite some evidence that the number of mentees corre-
lates with other indices of academic quality (Malmgren et al., 2010), it is
not unlikely that some high-performing academics do not have a large
number of mentees, and vice versa. Given that mentoring relations and
local peer communities are social in nature, more so than scientific pub-
lications and citations, our data focuses primarily on social dynamics in
science. Comparing our results with results based on other performance
indicators would thus be insightful. Publication and citation data can be
helpful to better qualify the relationship between successful mentors and
successful mentees. In particular, the number of co-publication and cita-
tions between mentor and mentees can indicate the time invested by a
mentor in a mentee's project relative to other mentees.

Moreover, our analysis focuses on the case of mathematics and
related fields in natural science. This choice may limit the generaliz-
ability of our findings to the extent that the role and size of peer

10 some shared mentorship is likely not harmful, though. Recent research
(Shibayama, 2019) has shown that overly involved supervision can harm the
mentee's autonomy and future career success, too.
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communities of Ph.D. candidates vary between disciplines. For example,
as academic job scarcity may vary, so may job competition (Waaijer
et al., 2018). Despite these limitations, we believe that the more general
mechanisms suggested here, related to support and competition in local
Ph.D. communities of general peers and co-mentees, may apply to all
scientific disciplines. A recent study by Xing et al. (2022) using large-
scale genealogical data on mentor-mentee relationships in Neurosci-
ence, Chemistry and Physics seems to support this claim. Their findings
suggest that mentees trained in large groups of co-mentees show higher
academic dropout rates but higher academic performance if they sur-
vive. However, more in-depth research would be needed to shed light on
specific mechanisms in large peer communities and research groups, for
example, to disentangle academic job competition from mentor's time
and resource competition; or knowledge transfer, tutoring or emotional
support during the Ph.D. phase from the more casual social acquain-
tances among peers. In this regard, it would also be interesting to study
country-specific peer support and competition effects in more detail, for
instance, related to different Ph.D. training systems or other institutional
differences.
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M G C NG NC CG CcC EG EC ME MP
Mentees within 15 y (M) 1
Peers (G) 0.045 1
Co-mentees (C) 0.019 0.182 1
Novice peers (NG) 0.056 0.951 0.195 1
Novice co-mentees (NC) 0.041 0.150 0.857 0.197 1
Cohort peers (CG) 0.035 0.959 0.163 0.861 0.115 1
Cohort co-mentees (CC) 0.002 0.107 0.653 0.106 0.432 0.106 1
Experienced peers (EG) 0.032 0.961 0.156 0.83 0.098 0.952 0.098 1
Experienced co-mentees (EC) —0.004 0.167 0.86 0.146 0.516 0.164 0.469 0.172 1
Mentor experience (ME) —0.008 0.161 0.42 0.135 0.262 0.160 0.266 0.171 0.464 1
Mentor prestige (MP) 0.057 0.116 0.070 0.109 0.060 0.109 0.045 0.114 0.060 0.094 1
Descriptive statistics of continuous and binary control variables.
Variable N Mean St. Dev. Min Pctl(25) Pctl(75) Max
Mentor experience 90,264 4.697 7.799 0 0 6 118
Mentor prestige 90,264 0.038 0.257 0 0 0 5
Top 1 % University (dummy) 90,264 0.232 0.422 0 0 0 1
Nobel prize (dummy) 90,264 0.245 0.430 0 0 0 1
Fields medal (dummy) 90,264 0.132 0.338 0 0 0 1
Technical/medical (dummy) 89,640 0.116 0.320 0 0 0 1
Math (dummy) 30,650 0.580 0.494 0 0 1 1
Frequency distribution of categorical variables: Ph.D. graduates over countries, decades and gender.

Category Frequency Category Frequency Category Frequency

Country Country Decade

us 57,284 SE 859 1940s 1,287

DE 13,864 MR 773 1950s 4,942

GB 5,902 BR 761 1960s 13,921

CA 4,458 AT 760 1970s 19,530

NL 2,887 UA 562 1980s 22,506

FR 2,409 IN 526 1990s 37,565

CH 1,825 1IE 498 2000s 11,430

ES 1,727 FI 476 Gender

(continued on next page)
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(continued)
Category Frequency Category Frequency Category Frequency
IT 1,262 RS 411 Male 62,307
AU 1,247 RO 399 Female 11,725
RU 949 other 3,252 Unknown 1,812
PL 919
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Distribution of core variables. Number of mentees after 15 years (DV, top left); number of peers (top right); number of co-mentees (bottom left); mentor experience
(bottom right).

Appendix B. Robustness checks

Table A2.1
ZINB regression model coefficients for model 3. DV: Mentees within 10 years and 20 years.
Logit - zero mentees Count - number of mentees
(10y) (20y) (10y) (20y)
Peers —0.001*** —0.002%** 0.0002** 0.0005%**
(0.0001) (0.0002) (0.0001) (0.0001)
Co-mentees 0.008*** 0.033%*** 0.008%*** 0.013%**
(0.002) (0.004) (0.002) (0.003)
Mentor experience 0.009%** 0.008*** 0.001 —0.0003
(0.002) (0.002) (0.001) (0.002)
Mentor prize —0.349%** —1.218%** —0.004 0.045
(0.032) (0.159) (0.022) (0.030)
Top 1 % university (dummy) —0.259%** —0.355%** 0.019 0.042
(0.039) (0.059) (0.026) (0.039)
Constant 1.274%** —2.252%** 0.494** —0.056
(0.105) (0.264) (0.079) (0.106)
Observations 90,264 90,264 90,264 90,264
Log Likelihood -30,239 —30,239 —17,040 —74,570

Note: Coefficients of a zero-inflated negative binomial model. All models include control variables for country and decade (dummy). Standard
errors in brackets. *p < 0.1; **p < 0.05; ***p < 0.01.
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Table A2.2
NegBin regression model coefficients. Hired university controls.

Count — Number of mentees

(2) 3) “@ ) ©)
Peers 0.0002%** 0.0003*** 0.0001 0.0002%*** 0.001***
(0.0001) (0.0001) (0.0001) (0.0001) (0.0001)
Co-mentees 0.011%** 0.011 0.011%** 0.013* 0.012%**
(0.002) (0.002) (0.002) (0.002) (0.003)
Mentor experience —0.002 —0.002 —0.002 —0.001 —0.003
(0.001) (0.001) (0.001) (0.001) (0.002)
Mentor prestige 0.003 0.004 —0.003 0.001 0.017
(0.019) (0.019) (0.019) (0.021) (0.043)
Hired university small 0.070 0.070 0.075 0.112 0.135
(0.080) (0.080) (0.080) (0.105) (0.116)
Hired university medium 0.175%* 0.175%* 0.183*** 0.154* 0.179*
(0.069) (0.069) (0.069) (0.089) (0.102)
Hired university large 0.229%** 0.228%** 0.237%%* 0.217** 0.273%%*
(0.066) (0.066) (0.066) (0.085) (0.098)
Hired university very large 0.502%** 0.503*** 0.507*** 0.505*** 0.475%**
(0.065) (0.065) (0.066) (0.084) (0.098)
Top 1 % university (dummy) —0.028 —0.026 —0.142%**
(0.023) (0.025) (0.041)
Nobel prize (dummy) 0.015
(0.018)
Fields medal (dummy) 0.045*
(0.024)
Technical/medical (dummy) 0.044*
(0.023)
Gender (unknown) 0.055
(0.062)
Gender Female —0.151
(0.030)
Math (dummy) —0.102%**
(0.027)
Constant 2.833%** 2.845%** 2.822%%* 0.961 3.012%**
(0.596) (0.596) (0.596) (0.938) (0.620)
Theta 3.410%** 3.410%** 3.407%** 3.391%** 3.172%
(0.085) (0.085) (0.085) (0.095) (0.124)
Observations 12,697 12,697 12,660 10,087 4,695
Log Likelihood —26,129 —26,128 —26,069 —20,875 —9,782
Akaike Inf. Crit. 52,477 52,478 52,365 41,952 19,781

Note: Coefficients of a negative binomial model. All models include control variables for the hired country, for the country of training, and the decade (all dummies).
Standard errors in brackets. *p < 0.1; **p < 0.05; ***p < 0.01.

Table A2.3
ZINB regression model coefficients for model 2-4. Clustered Standard Errors at university level. (dependent variable: mentees within 15 years)

Logit - zero mentees Count - number of mentees
(2) 3) @ (2 3 ()]
Peers —0.002 —0.002 —0.001 0.001*** 0.0005** 0.0003**
(0.0002) (0.001) (0.0002) (0.0001) (0.0002) (0.0001)
Co-mentees 0.034*** 0.033*** 0.033*** 0.013*** 0.013*** 0.012%**
(0.004) (0.006) (0.004) (0.003) (0.004) (0.003)
Mentor experience 0.007* 0.008 0.011** —0.0005 —0.0003 —0.0003
(0.003) (0.004) (0.003) (0.002) (0.002) (0.002)
Mentor prestige —1.326%** —1.218%*** —1.170%** 0.044 0.045 0.048
(0.308) (0.523) (0.246) (0.034) (0.036) (0.035)
Top 1 % university (dummy) —0.355 0.042
(0.224) (0.076)
Nobel prize (dummy) —0.507 0.053*
(0.062) (0.032)
Fields medal (dummy) —0.535%%* 0.054
(0.085) (0.042)
Technical/medical (dummy) —0.024 0.069*
(0.057) (0.037)
Constant —2.487%** —2.252%*% —2.342%** —0.064 —0.056 —0.092
(0.481) (0.869) (0.472) (0.119) (0.189) (0.120)
Observations 90,264 90,264 89,640 90,264 90,264 89,640
Log Likelihood —74,599 —74,570 —74,041 —~74,599 —~74,570 —74,041

Note: Coefficients of a zero-inflated negative binomial model. All models include control variables for country and decade (dummy). Standard errors in brackets.
*p < 0.1; **p < 0.05; ***p < 0.01.
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