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1.

Introduction

The importance of advances in academic science for the growth and innovative potential
of a country’s industries has long been recognized (Bush, 1945; Cassiman and Veugelers,
2006; Gambardella, 1992). But academic science is experiencing a number of dramatic
changes, and in the midst of these changes, a declining productivity (Jones, 2009) which
threatens its contribution to the economy. This paper proposes a model which can explain
all of these changes, and account for some of the decline in productivity.
Academic science is experiencing a worrying trend in grant success rates, for federal
and other grants. Funding is going to increasingly older scientists. Studies by the National
Institutes of Health suggest that the median age of a grant recipient for the R01 (their
main grant category) has increased from 40 years old in 1980 to 50 years old in 2013.
At the same time, a greater share of funding is going to “star scientists” who receive
multiple grants and can fund large laboratories. These scientists also garner large salaries
and significant university resources (Stephan, 2012, chap. 3). The traditional explanations
offered (such as the end of mandatory retirement) cannot explain the rise of star scientists.
In a related trend, the prospects of an academic career for science PhDs have worsened
considerably in the last thirty years. In 1998 a commission of the National Research Council
described a “growing crisis in expectation that grips young life scientists who face difficulty
achieving their career objectives.” PhD graduates who aspire to remain in academia “join
an ever-growing pool of post-doctoral students, and find themselves in a holding pattern”
(National Research Council, 1998). The commission found that the pool of post-doctoral
fellows and non-tenure-track staff at academic institutions grew five-fold from 1973 to
1995, while the number of faculty merely doubled. Unfortunately, this crisis has not abated
since the writing of the NRC report, and is not restricted to the life sciences. A survey of
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graduates by the National Science Foundation shows that in 1973, 55% of biology graduates
and 41% of physics graduates had settled into tenure track roles after five years; by 2006,
it was less than 15% and 25% (Stephan, 2012, Chap. 7).
We argue that all of these trends can be explained by the increasing reliance on teamwork in science. Science is increasingly produced by combining the skills of scientists who
are specialized in different fields. Larger teams imply “noisier signals” because it is harder
to attribute performance to specific individuals when teams are large. Laboratory heads
may struggle to identify the intellectual contribution of each person in a team. And large
teams make it more difficult for funding agencies to assess the quality of “unknowns,”
junior scientists whose reputation is not yet established. For example, one consequence of
teams is that the number of authors on academic papers is on the rise, from 2 authors per
paper in 1965 to 4.3 per paper in 2005, and there are similar trends in patenting (Wuchty
et al., 2007). While high-quality single-authored publications serve as a fairly reliable signal of quality for a junior scientist, high-quality publications with ten co-authors provide
much less information. Faced with the prospect of making decisions on funding and promoting juniors in the presence of more uncertainty, universities and funding agencies have
responded by tilting more of their funding toward the safe bets, senior scientists. Wellestablished senior scientists receive a larger share of the grant pool, and their laboratories
expand accordingly; they become superstars. As a result, junior scientists now find that
their prospects of running their own laboratory one day are diminished. We observe dissatisfaction and higher rates of exit from science among mid-career scientists than in early
generations.
In addition to the heavy personal costs for scientists, there are significant losses to
innovation. High exit rates mean lost innovation while new entrants are trained. Poorer
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career prospects will reduce the likelihood that high-ability students complete PhDs in
science. And noisier selection of scientists to promote will mean that some geniuses are not
discovered.
This paper explores these issues in a simple game between a funding agency and scientists. (The funding agency subsumes the roles of the various funding agencies and universities.) The funding agency must decide which scientists will receive enough funding for a
laboratory, and how much funding. Scientists work in teams, and only the output of the
team is observable. New teams are formed each period, and all agents update their beliefs
about quality as team outputs are observed. Scientists must decide whether to exit science
or to remain in the pool and hope to receive a lab in subsequent periods.
We posit an exogenous change in the size of teams, from two-person teams to threeperson teams. Only team output can be observed, so this change makes signals “noisier”:
less information can be inferred about junior scientists after the change. We examine
the effect of such a change on equilibrium laboratory sizes, promotion rates and exit
rates. We show that after such a change, fewer young scientists are promoted, and wellestablished senior scientists receive more funding. There are higher rates of exit, and therefore untrained students form a larger share of the pool of students. While these theory
results may seem intuitive, it is worth contrasting them with the other theory model that
has been applied to science and promotions: tournament theory (Freeman et al., 2001). In
tournament theory, a given number of juniors compete for a fixed number of senior slots.
In a tournament, when signals of quality get noisier, the only effect is a promotion process
with a few more errors, which may slightly impact effort. Because the tournament model
assumes that the number of positions is given, it is not able to assess the huge impact of
noisy signals on the structure of the hierarchy in academic science.
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We also examine the effect of noisier signals on the total output of science. We find
that the total output of science decreases by 4% to 9% in model simulations, because of
fewer promotions and more errors in the promotion process. Thus, unless productivity is
significantly higher in larger teams, the output of science is reduced by the transition to
larger teams. This is a concern, as there is evidence that the transition to larger teams in
science has served to maintain rather than boost productivity: the productivity of scientists
has remained steady, even as team size has increased (Jones, 2009). Our model predicts
that the overall productivity of scientists could be harmed by these information problems.
Training costs should also increase, as increased rates of mid-career exit implies a loss of
skills and training.
These results are also a contribution to the literature on how the design of teams affects
learning about abilities. Meyer (1994), Breton et al. (2003), and Ortega (2003) consider
various combinations of young and old workers, and workers working alone or taking full
responsibility for a project.1 Our model allows for learning over time as a worker forms
1

Meyer (1994) considers a firm with two young workers and two slightly older workers; each young worker can work

with an older worker on a project, or both young workers can work on both seniors’ projects. If observed output is
not very “noisy”, we learn more information when young workers don’t form a team. Breton et al. (2003) compare
young and old workers working in pairs, and the case of workers working alone. If individual output is noisy but
teams have only team-level noise, then teams can reveal more information in the long run; however, this assumption
on noise seems counter-intuitive. Ortega (2003) assumes workers work in pairs, and compares effort and learning
when one worker takes full responsibility for the project (as a manager) versus shared responsibility in a team; but
he only considers learning over one project. Another strand of this literature incorporates effort choice (Bar-Isaac,
2007; Auriol et al., 2002).
There is also a broader literature on how work design affects how much firms learn about workers’ abilities (Ortega
(2001), Sliwka (2001)) and how competition affects firms’ incentives to invest in learning workers’ abilities. See Ghosh
and Waldman (2010), Holmström (1999) Macho-Stadler et al. (2014), Terviö (2009), and in a related literature, Taylor
(2000). Harstad (2007) explicitly considers teams in a subsection, but using a structure very similar to Ortega (2003).
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part of many teams. And our model endogenizes the hierarchy of the firm, whereas existing
models of ability and effort in the promotion process have tended to treat the hierarchical
structure as fixed. We show that the adoption of teamwork could mean that firms have
“noisier signals” on the quality of junior workers. If the nature of subordinates’ and managers’ work is not vastly different, then work quality is generating signals of ability; and
there will be noisier signals when a manager observes team output rather than individual outputs. Those noisier signals in turn could give rise to an organizational structure
with fewer managers and more subordinates, potentially leading to even noisier signals.
The equilibrium hierarchy may have lower promotion prospects, and retaining high-ability
workers may become more difficult.

2.

Explaining the Trends in Academic Science

2.1.

Background on Academic Science

In academia, laboratory science (or “bench” science) is conducted within relatively hierarchical structures, with similarities to the hierarchy within a firm. A laboratory is headed by
one or two senior scientists. The laboratory is staffed with PhD students and post-doctoral
students, and in some instances, lab technicians and undergraduates. Many students aspire
to head their own laboratory one day; thus academic science is often likened to a tournament, in which many junior staff (the PhD and post-doctoral students) compete, and the
prize is a senior position as a laboratory head (Freeman et al., 2001).
Funding for the equipment and salaries in the laboratory comes primarily from funding
agencies such as the United States’ National Science Foundation (NSF) and National
Workers are in pairs, but if one worker is given responsibility for the project, it is assumed that s/he fully determines
its outcome. If competition is not too intense, wages are low and the firm earns profits from high-ability workers;
then it pays to identify able workers by giving one worker full responsibility.
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Institutes of Health (NIH). Competition for grant funding is intense. Funding organizations
award grants based on both the merit of the proposed research project, and the “track
record” (past success in publishing) of the grant applicants. Funding organizations are
aware that this gives older researchers a significant advantage (Stephan, 2012, Chap. 6).
2.2.

Key Trends in Academic Science

Academic science has undergone huge changes over the last 50 years. The driving force
behind these changes remains a puzzle and an ongoing source of debate.
The most striking change is the declining share of funding being awarded to junior
researchers. Figures 1 and 2 show the age distribution of NIH grant recipients in 1980 and
again in 2013. While in 1980 the median researcher age was around 40 years of age, the
median age increased gradually, to around 50.5 years of age by 2013. This is an enormous
change in the allocation of funding. While it is true that researchers must have a tenuretrack role in order to apply for an R01, and the age of faculty members is also on the
rise, these figures suggest that this is not the bottleneck. Figures 1 and 2 also include the
age distribution of faculty, for those located in medical schools: by 2013, very few of the
younger faculty are securing grants. Experts comment that “The system, at least in the
United States, has particularly failed young investigators” (Stephan, 2012, p.149).
Funding is increasingly tilted toward senior scientists, but particularly toward ’superstars’. Rewards have multiplied for star scientists, both in terms of salaries and grants.
Stephan (2012) records a doubling in the Gini coefficient for salaries of faculty at doctorategranting institutions from 1973 to 2006, for every rank (Assistant, Associate, Full) within
four fields (engineering, math/computer science, physical sciences, and life sciences). At
the same time, superstars are receiving large grants and multiple grants: for example,
the percentage of investigators with more than on R01 grant reached 29 percent in 2009
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(Stephan, 2012, chap. 6). Based on publicly available NIH grant data, we find that total
NIH funding increased by 86% in real terms from 1992 to 2017; over the same period,
funding to the top 0.5% increased by 101% in real terms.2
Successful scientists have used their funding to expand the staff at their laboratories,
and thereby undertake more projects. The majority of the funds allocated to a researcher
are devoted to staff expenditure; for example, it accounts for two-thirds of total direct
R&D expenditure at PhD granting public universities.

3

Thus larger grants for successful

scientists means larger laboratories. Data on laboratory size is extremely difficult to come
by, but Conti and Liu (2015) have carefully documented the evolution of laboratory composition at the MIT Department of Biology from 1966 to 2000. They show that the average
laboratory team size grew from 6 to 12 people over that period (not including the lab
head), and that the increase was entirely of post-doctoral students. A likely explanation
is that NIH funding to these laboratories also doubled over this period (Conti and Liu,
2015).
Also as a result of these trends, prospects have worsened for junior researchers. Worse
success rates in getting grants early in a career, and more money going to ‘superstars,’
mean that a junior’s chances of eventually reaching the top of the scientific career hierarchy
have diminished greatly over these decades. There are fewer laboratories, with a larger
number of staff, relative to the pool of funding, than in prior decades. This change did
not go unnoticed in the scientific community. A commission of the U.S. National Research
Council described how an increasing number science PhD graduates find themselves in
2

Authors’ calculations based on data available at https://report.nih.gov/award/.

3

According to the National Science Foundation (2014), in 2014 U.S. PhD granting universities spent $45 billion on

direct costs, and $29 billion on salaries, wages and fringe benefits. I exclude from direct costs any funding passed on
to sub-recipients, as there is no breakdown of these funds between salaries and other costs.
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Age Distribution of NIH Principal Investigators and Medical School Faculty in 1980 (reproduced from
Rockey (2012))

Figure 2

Age Distribution of NIH Principal Investigators in 2013 (reproduced from Rockey (2012))
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a “holding pattern” as post-doctoral students (National Research Council (1998)). The
commission found that the pool of post-fellows and non-tenure-track staff at academic
institutions grew five-fold from 1973 to 1995 (from 4,000 to over 20,500), while the number
of tenured faculty only doubled.
The predictable result is higher rates of exit for mid-career scientists. “The frustration
of young scientists caught in the holding pattern is understandable. These people, most
of whom are 35-40 years old, typically receive low salaries and have little job security or
status within the university” (National Research Council, 1998, p.3).4 They also work long
hours; the average post-doc worked 2650 hours per year in 2006, well over 50 hours per
week (Stephan, 2012, chap. 4). With little prospect for advancement, remaining in science
loses its appeal. The risk of exit from science has been cause for concern in academic and
policy circles (Preston, 2004).
Available data on exit from academia is limited, because most surveys of PhD recipients
suffer from large attrition. However, by comparing Census data from 1980 to 1990, and
Census data from 2000 to American Community Survey data from 2010, we are able to
estimate exit rates from academia. We measure the number of male scientists5 aged 25-34
years old in academia in 1980, and the number aged 35-44 in 1990, which allows us to
determine how many of that cohort exited over that period. The results must be treated
4

In the life sciences, where salaries are relatively high, the 2010 NIH guidelines indicate $38,000 to $48,000 a year for

a post-doctoral student; these are very low rates considering their years of training (cited in (Stephan, 2012, ft. 38)).
5

We restrict the sample to male scientists, as the number of female scientists in the early period is too small to

be accurate. We consider those who emigrated to the US before 1980 for the first sample period, and before 2000
for the second sample period; but the results will miss those who move abroad for jobs in academic science. For
comparability, we restrict attention to those with Master’s degrees or above in 1990, 2000 and 2010, and those with
6+ years of education beyond High School in 1980. Respondents indicated that their occupation was in science, and
their industry was “Colleges and University.”

de Fontenay, Lim, Snashall-Woodhams, and Basov: Team Size and Signals in Science
Draft Article

11

with caution, as the raw number of scientists is small.6 But the numbers are striking: exit
rates are high in both periods, but much higher in the later period. Of those aged 25-34 in
1980, 42.9% had exited ten years later; but of those aged 25-34 in 2000, 54.8% had exited
ten years later. Of those aged 35-44 in 1980, 48.7% had exited ten years later; but of those
aged 35-44 in 2000, 55.4% had exited ten year later.
2.3.

Common Explanations

In this section, we explore the common explanations, to see whether they can account for
these developments in academic science.
The end of mandatory retirement is the most commonly offered explanation. If productive senior scientists do not have to retire, juniors are now competing for funds against a
much larger pool of successful seniors. Clearly the end of mandatory retirement has aggravated some of the issues above. However, it does not fit the observed trends: mandatory
retirement ended in 1994, but the slow march rightward of the median grant age is evident
since NIH started collecting the data, in 1980 (see Rockey 2012 for biennial graphs from
1980). And the end of mandatory retirement can’t explain why superstars are earning more
rewards today. If anything, the rewards for being high-productivity should be lower, if a
larger number of high-productivity researchers are competing for funds.
It could be that equipment has become more expensive (Collins, 2015). If laboratories must purchase more expensive equipment to be successful in research, grant size will
increase. If larger equipment means that funding organizations no longer have the option
of “trying out” a young researcher with a small grant, young researchers will get fewer
grants. However, this still does not explain the rise of ‘superstar’ researchers with multiple
6

The American Community Survey in 2010 is a 1% sample of the population. The unweighted number of individuals

in the smallest category, those aged 35-44 in 2010, is only 72 persons in 2010.
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grants. And a counter-argument is that working with more expensive equipment does not
necessarily imply a larger grant. Many laboratories share the use of expensive assets such as
telescopes, synchrotrons, and supercomputers (Stephan, 2012, chap. 5). Even moderately
expensive assets such as gene sequencers are often shared. The other counter-argument is
that equipment is still a small share of total costs, on average: in 2014 total direct R&D
expenditure at doctorate-granting U.S. universities was $45 billion, of which equipment
costs were only $1.9 billion (National Science Foundation, 2014).
What about the increased availability of high-quality post-doctoral students from
abroad? The opening of China and improvements in training overseas, combined with the
pre-eminence of the United States in academic research, has meant that laboratory heads
can access foreign post-docs more easily, and may choose to staff more of them. There is
some evidence that this has depressed salaries for post-docs, particularly in fields where
Chinese PhDs are plentiful. One author (Borjas, 2006) estimated that in the period 19932001, US post-doc wages were 40% lower because of the influx of foreign students. However,
because of other factors (such as the response in the form of fewer male PhD students from
wealthy countries) real wages of post-docs only fell by 3.8% in that period (Borjas, 2006).
Therefore it is unlikely that these small wage reductions could fully explain the doubling
of laboratory employment observed by Conti and Liu (2015), for example. And this effect
does not explain the dramatic fall in success rates for young researchers.
A final possibility comes from the work of Jones (2009), which we will discuss further
below. Jones argues that the cumulative nature of knowledge implies that it now takes
longer for researchers to acquire enough knowledge to reach the frontier in any field. One
implication is that scientists now train for longer; could this explain the pattern? If young
scientists are still acquiring skills rather than producing research, this may explain why
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they are not successful in securing grants or tenure-track roles. However, a closer look at
the data seems to suggest that this ‘age’ effect is not large enough (in years) to account
for the change. From 1985 to 1999 the increase in median age of NIH grant recipient was
about 10 years (Rockey, 2012). But over that time period, the increase in length of PhDs
was less than a year on average (Stephan, 2012, chap. 5), while the average ‘age of first
significant invention’ for famous scientists (Jones, 2009) increased by a year as well. Figure
2 also suggests that even once younger researchers are fully trained, they are not accessing
grants.
Thus these explanations, while potentially convincing, do not appear to account for all
the striking developments in academic science over the last four decades.
2.4.

Our explanation: The Rise of Teamwork

The model we develop below shows that these changes can all be explained by increases in
teamwork, both in the prevalence of teams and the size of teams7 . Over the last 30 years,
the production of science has shifted significantly towards larger teams (Wuchty et al.,
2007).
The rise of teamwork is carefully analyzed by Jones (2009). As more knowledge is accumulated in a field, it takes researchers longer to acquire the knowledge necessary to reach
the frontier of knowledge, and begin to produce knowledge themselves. Jones shows empirically that researchers respond by specializing in a narrower field of knowledge, and collaborating with other specialized researchers to produce research. Thus while a laboratory
head 40 years ago would have assigned one project to each student, and provided some
7

This paper will use the term “teams” to describe both groups that form of their own volition, and groups that are

created and given an assignment by a superior. We do this because the current model has implications for both ‘groups’
and ‘teams,’ and also because they coexist in science: some laboratories are very hierarchical, with the laboratory
head forming teams and assigning projects, and some laboratories have a much more organic team formation process.
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input (a team of two), now most projects requires input from several areas of expertise.
For example, most projects collecting and analyzing DNA will now require expertise in
computer science, in addition to more traditional microbiology expertise.
One indicator of larger teams is that there are more authors named on scientific papers
(that is, the credit for scientific work is shared among more scientists). Figure 3, reproduced
from Jones (2011), shows the increase in average number of names on papers over time.
This trend is visible in all sub-disciplines, including in non-laboratory-based science such as
theoretical physics, and even in the social sciences. The universality of the trend suggests
that the trend is not driven by features of bench science, but that it is a more general
phenomenon.8
We argue that one important implication of teamwork has not been considered: larger
teams imply noisier signals of quality. A laboratory head will have more difficulty identifying the quality of a student who is part of a team, relative to a student who worked
on a project with her alone. The head will interact primarily through group ‘laboratory
meetings’ rather than one-on-one. Ideas a student puts forward may be his own, or may
be derived from conversations with other team members. More of the laboratory head’s
information is second-hand, derived from the impressions of other team members. And the
quality of the final product (the papers and patents) provides less information about the
quality of the student.
The issue of noisy signals is particularly acute for funding agencies. For reasons of fairness, a funding agency must usually rely on the more objective signals of quality, such as
publications, project description, and sometimes a written recommendation. But a written
8

There has also been a sharp increase in cross-laboratory collaborations, which is to say, teamwork that spans several

laboratories (Freeman et al., 2014). This suggests that the rise of teamwork is not purely attributable to a shift
toward larger labs; rather, it is a general phenomenon.
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”The Ubiquitous Rise of Teamwork” (reproduced from Jones (2011))

recommendation from a referee the student selects will not encompass all the ‘soft’ information available. And it is difficult to infer the quality of a student or post-doctoral student
who is one of many authors on a paper, as identified by Gans and Murray (2013, 2014) and
Bikard et al. (2015).9 Certainly there are conventions in the order of authors that provide
some information (Stephan, 2012, Chap. 4). In the life sciences, the convention is that the
first author has devoted the greatest number of hours of time to the project, undertaking
much of the bench work. And the final author is generally the head of the laboratory. But
these conventions do not provide any clarity as to who generated the interesting insights in
the paper. For example, the laboratory head may have had the original idea for the paper,
9

These authors have identified the challenges in attribution of jointly-authored scientific work. They have explored

the strategic implications for individual researchers, who must decide when to invest in individual research versus
jointly-authored work, and whether to publish in stages or aim for one important paper. Gans and Murray (2013)
also derive the socially optimal rule for funding organizations to attribute credit for joint work.
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or minimal intellectual input. Key ideas may have come from the first-author student, or
a collaborating student, or from one of several post-doc students tasked with supervising
the student. This information cannot be gleaned from the order of authors on the paper.
For a long time, the funding agencies devolved some of the decision-making to universities: most categories of grants were only accessible to tenure-track faculty, and most
tenure-track faculty at good institutions could access grants. Universities can access more
‘soft’ information on the applicant in making tenure-track appointments: interviews, seminars, conversations with lab heads and others connected to the applicant. But it is worth
bearing in mind that universities have gradually returned decision-making power to the
funding agencies, choosing to take less risk on candidates who may not secure funding. To
take an example from the life sciences, only tenure-track candidates could apply for an R01
grant from NIH. Then NIH introduced the so-called ‘kangaroo’ grants, K99 grants to a
post-doc which can be converted to an R01 if the post-doc secures a tenure-track position.
Anecdotally, it is now difficult to secure a tenure-track position without a K99/R01. If the
funding agencies are key decision-makers as to who gets a lab and a tenure-track job, then
the issue of noisy signals remains a critical one.
Our model will show that noisier signals can lead a funding agency to tilt more funding
towards the ‘safe bets,’ the senior scientists who have already demonstrated their quality.
Fewer junior scientists get enough funding for their own lab, and thus, in the long term,
the pool of senior scientists is smaller. Those successful senior scientists will receive more
funding and more rewards than in earlier periods because of their scarcity. They are more
likely to become superstars.

3.
3.1.

A Model of Career Progression
Model Setup

We present a simplified career trajectory in Figure 4, which forms the basis for the model.
Individuals enter the system by becoming PhD students and then post-doctoral students.
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For simplicity, we will treat the productivity of both types of students as identical, and refer
to them as ‘students;’ and a ‘period’ is the length of time needed to complete a PhD degree
or a post-doctoral fellowship. After each time period, a student may be promoted to a role
as a laboratory head. If she is not promoted, she must decide whether to undertake further
study or to exit to an outside option which has a constant wage w̄. Thus the individuals
who remain in academia as post-doctoral students represent a holding pool, from which
each person hopes to be promoted. New students are recruited to replace those who are
promoted and those who exit. The decision to become a student is not modeled here, as
our focus is on transitions from being a student to being a laboratory head (or exit). Thus
we assume that new students can always be recruited to fill available positions.

Incumbent
Lab Heads

New Lab
Heads

Holding Pool with N students
(Ph.D. and Postdoc)

Exit (Industry, other)

Figure 4

The career path

The quality of each individual is assumed to be either 0 or 1, but the true quality of
students in the pool is not known. Individuals do not posses private information about their
quality; all information is public. When student i enters the pool, she draws a public signal
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of her quality, qi (the probability that she is high quality). Everyone’s beliefs about her
quality are updated as we observe the output of the group she works with. We will describe
the scientist’s ‘type’ as our current beliefs qi about her quality. For convenience, we will
treat students as an infinite population of cardinality of continuum, and the distribution
of initial qualities in the population is also a continuous distribution.
If a student is promoted to be a laboratory head and undertakes her first period as
a lab head, her quality is perfectly observed. After promotion, once quality is revealed,
high-quality lab heads are retained, while low-quality lab heads exit. Incumbent lab heads
stay until they retire/die; for simplicity, we assume a constant survival rate across all
individuals, of δ per period.
The principal in this model is a funding organization. It attempts to maximize the output
of science, subject to a fixed budget constraint. The funding organization decides which
scientists receive enough funding to start their own laboratory, and how big a laboratory.
We assume there is just one central funding organization, and that it has the objectives
of a social planner, so there are no externalities or incentive concerns. In this section, we
also assume that the funding agency is myopic, in the sense that it does not foresee how
its allocation of funds today will affect the distribution of available scientists in the next
period.
Assumption 1 (Myopia): The funding organization chooses which scientists to promote
in order to maximize the output of science in the following period. It does not consider how
its promotion rule affects (1) the decision of students to exit the pool, and (2) the quality
of students who remain in the pool.
We assume this strong form of myopia for tractability, and we include simulation results
for a fully rational and forward-looking funding organization.
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The output of a laboratory is shaped strongly by the quality of the laboratory head. If
θh is the quality of the lab head, and a measure n(q) of students works in her lab, then the
lab’s output in a period is modeled as
sZ
θh

θα dα

(1)

n(q)

which is a concave function of the sum of productivities of teams in her laboratory as
determined by the measure of students in her lab, n(q), and their quality, θ. We choose
this functional form for convenience, but any concave function yields similar results.
We abstract away from matching in this paper, assuming that students are randomly
allocated to laboratories, and to teams within laboratories. Thus every laboratory has the
same distribution of quality, and if q e is the average quality of the student pool, output
becomes approximately10 :

θh

p
q e n(q)

(2)

Notice that we ignore the role of capital goods, assuming only that there is a constant
fixed cost to setting up a laboratory.
The main goal of this paper is a comparative statics exercise: We consider an exogenous
scenario in which the students in these laboratories work in teams of two, and compare
that to an exogenous scenario in which they work in teams of three. (We focus on moving
from two to three, because it is trivial that signals are noisier when students move from
working solo to teams of two.)
If students work in teams of two, then each team’s joint productivity (θi + θj ) is observed;
no individual observation can be made. As θ takes a value of 0 or 1, this joint productivity
10

For a discussion of application of the Law of Large Numbers to a collection of a continuum of independent random

variables, see Judd (1985).
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will take a value of 0, 1, or 2. For example, if a laboratory had a measure
of students with output of 0,

n1 (q)
2

pairs of students with output of 1, and

n0 (q)
2

of pairs

n2 (q)
2

pairs of

students with output of 2, where n0 (q) + n1 (q) + n2 (q) = n(q), the measure of students in
q
p
the lab, then the output of that laboratory would be θh n12(q) + n2 (q) = θh q e n(q).)
If students work in teams of three, then only the three people’s joint productivity (θi +
θj + θk ) is observed. But, whether teams are two-person or three-person, the production
function is as described in (2): thus moving to bigger teams does not confer a productivity advantage, by assumption11 . Moving to bigger teams will only have implications for
information gathering.
3.2.

Tradeoffs Faced by the Myopic Funding Organization

The funding organization allocates its budget M across scientists. Let N be the measure
of the pool of students having F (q) as their cumulative distribution of quality at the
end of each period, once this period’s output is realized and information is updated. Let
H be the measure of incumbent laboratory heads. Then the funding organization must
decide in each period how many students to promote at the end of each period, and what
size of laboratory to give to newly promoted students and to incumbents. In equilibrium,
the funding organization will choose to promote everyone whose probability qi of being
high-quality is above some threshold q̄. Thus its maximization problem is:
Z
max

δNt−1

1

q

p

q e n(q)dF (q) + Ht

p
q e n(1)

q̄
11

Empirically, one surprising feature of the shift towards teamwork in academic science is that it has been

productivity-maintaining rather than productivity-increasing. Jones (2009) shows that researchers who continue to
work individually have faced declining productivity, while researchers who collaborate have been able to keep their
productivity at levels comparable to scientists in earlier decades. In other words, teamwork has served to effectively
counteract the necessity of more narrow specialization. In effect, we can compare current outcomes with outcomes a
few decades ago, viewing productivity as roughly constant.
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1

(s + n(q)) dF (q) + H (s + n(1)) = M

(3)

q̄

The first term of the maximization represents the output of science from new laboratories;
new laboratory heads are the (surviving) students Nt−1 from last period whose quality was
above q̄; they have a distribution of quality from q̄ to 1. The second term represents the
incumbent laboratories, who are all of quality 1. The funding agency will allocate different
levels of funding to laboratories of different expected quality: an incumbent will receive
enough funding to hire n(1) students, where the “1” indicates the quality of the incumbent,
and a new laboratory will receive enough funding to hire n(q) students.
The budget constraint states that the cost of hiring staff and running laboratories must
be equal to the total budget of the funding agency, M , assumed to be constant for simplicity. The fixed cost of a laboratory is assumed to be a constant value s > 1, and includes
the salary of the lab head; the cost of a student’s salary is normalized to one12 .
The first-order conditions for this maximization are:




0.5qe0.5 qn(q)−0.5 = λ



qe0.5 q̄n(q̄)0.5 = λ(s + n(q̄))
where λ is the Lagrange parameter. These imply:
qe0.5 n(q̄)0.5
= 0.5qe0.5 n(q̄)−0.5
s + n(q̄)

(4)

qn(q)−0.5 = q̄n(q̄)−0.5

(5)

and

12

Note that the per-hour costs of a PhD student has been estimated to be very closely comparable to that of a

post-doctoral student, after adjusting for productivity and hours worked and on-costs (Stephan, 2012, chap. 4). Thus
it is reasonable to treat their wages as comparable in the model. Note also that because we are ignoring the role of
universities, we also ignore competition for lab heads in terms of salary.
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Equation (4) implies that for the lowest expected-quality laboratory, the marginal productivity is equal to the average productivity. This highlights a key tradeoff faced by the
funding agency – it faces an extensive margin and an intensive margin. Specifically, either
the agency can lower the quality threshold to fund a larger number of laboratories (of
roughly the lowest type) or the agency can increase the number of staff at those laboratories. This tradeoff determines the equilibrium staff levels at the lowest type of laboratory.
This minimum lab size is independent of the actual value of q̄, the quality threshold above
which labs are funded:
n(q̄) = s

(6)

Equations (5) and (6) imply that the funding for every other type of laboratory is fixed
in proportion to that lowest quality laboratory. The higher a laboratory’s expected quality,
the larger the size of the laboratory:
 2
q
n(q) =
s
q̄

(7)

Equation (7) implies the first proposition:
Proposition 1: The lower the threshold promotion level, q̄, the larger the size of the
laboratories awarded to established scientists.
In other words, if the environment is such that the funding agency chooses to make
bets on some scientists whose quality is quite uncertain (because their quality is around a
low value of q̄), then the funding agency is earning low returns on the extensive margin.
The funding agency will have equalised those returns with its returns on the intensive
margin, by giving large amounts of funding to well-established laboratories, implying that
the marginal dollar to those labs yields a lower return.
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Dynamic Conditions

We consider the law of motion for students and for lab heads, and we re-write these based
on our assumption that the system is in a steady state. First, the total number of students
hired must be working in either a “newbie” lab or in an incumbent lab:

Z

1

n(q)dF (q) + Ht n(1)

Nt = δNt−1

(8)

q̄

which gives us the following steady-state relationship (subscripts omitted to indicate the
steady state):
H q̄ 2
= −δ
N
s

1

Z

q 2 dF (q)

(9)

q̄

Next, the pool of incumbent heads consists of surviving incumbents plus the newly
promoted who were retained. New heads are of high quality with probability q, so they are
retained with probability q. Thus the law of motion is:

Z

2

Ht = δHt−1 + δ Nt−2

1

qdF (q)

(10)

q̄

which implies another steady-state relationship:

H
δ2
=
N 1−δ
3.4.

Z

1

qdF (q)

(11)

q̄

Result: Promoting riskier prospects when there is more uncertainty
H
,
N

Using (9) and (11) to substitute out

we can find an implicit solution for q̄, and from

there, H and N :

q̄ 2
−δ
s

Z
q̄

1

δ2
q dF (q) =
1−δ
2

Z

1

qdF (q)q
q̄

de Fontenay, Lim, Snashall-Woodhams, and Basov: Team Size and Signals in Science
Draft Article

24

Here we describe F (q) a little further. In section 3.5, we show that the nature of the
updating process implies that some students have their quality revealed to be 1; there is
thus a positive probability mass at 1. If we label φ the share of students who have their
quality perfectly revealed to be 1, ψ the share of students who will still have an expected
quality distributed between 0 and 1, and f (q) the density of quality of those students:
Z

q

f (x)dx + φη(q − 1)

F (q) = (1 − ψ − φ)η(q) + ψ
0

where η(.) is a step function equal to one for positive value of the argument and zero
otherwise. Based on that definition of F (q), another way to write the implicit solution for
q̄ is:

2

Z 1

q̄ = sψδ
q̄


δ
sφδ
2
q + q f (q)dq +
1−δ
1−δ

(12)

Notice that the left-hand side of Equation (12) is monotonically increasing in q̄ and the
right-hand side is decreasing in q̄. This implies single crossing: q̄ exists and is unique so
long as

sψδ
1−δ

≤ 1.

Equation (12) also indicates how the threshold q̄ will change when there is less information available on student quality.
Proposition 2: Assume that the promotion threshold q̄ is above the mean of the distribution.
(a) For any exogenous change leading to a distribution of expected quality F1 (q) that
has the same mean, but is less informative than the original distribution F0 (q) according
to the canonical Blackwell ordering of beliefs (Blackwell 1953), the equilibrium value of q̄
is lower.
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(b) For any exogenous change leading to a distribution of expected quality F1 (q) such
that F0 (q) < F1 (q) for all values of q above both means, the equilibrium value of q̄ is lower
under F1 .
Proof: See Appendix 7.1.
Blackwell’s partial ordering states that a density of beliefs f0 is more informative than
a distribution f1 if f0 is a mean-preserving spread of f1 . Intuitively, a density f1 (q) that
has more weight near the mean is actually a density with less information: if our belief
about student i is equal to the mean, this means that we have zero information about
her particular quality. The same ordering is preserved when we consider distributions with
mass at 0 and 1: F1 is less informative than F0 if it has less mass at 0 and 1 and the density
f1 of the continuous component has more weight near the mean.
In combination with Proposition 1, this now implies a number of results: when there
is more uncertainty, there are fewer people whom we are relatively certain to have high
quality. Thus some of the promotions will have quality that is more uncertain; that is,
their expected quality is closer to 0.5 (which means a 50-50 chance of being quality 0 or
1). Therefore (from Proposition 1) when there is more uncertainty, the funding agency will
also give more funding to the “safe bets”, the incumbent scientists.
3.5.

The Updating Process with 2- and 3-person teams

In each period, the output of student teams is observed, and beliefs on each student’s q
are updated. We derive the updating process for the case of two-person teams, and then
compare to the case of three-person teams.
Given that productivity is a 0-1 variable, and we have assumed away uncertainty, the
productivity of a two-person team (θi +θj ) will be 0, 1, or 2. We assume that the productivity
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of a team is observed, but not the individual qualities within the team. Notice that individual
quality will be perfectly observed if both members of team are of high quality or both are
of low quality. If the productivity of the team is 1, then one member of the team is of
high quality and one member is low quality. In that case, beliefs on quality are updated
according to Bayes’ law: the posterior belief for agent a1 paired with agent a2 is

pa1 =

q1 (1 − q2 )
q1 (1 − q2 ) + q2 (1 − q1 )

Assumption 2 (Bounded Rationality): The value of q for each student is known and
updated, but not the identity of her team members in earlier teams. Thus if the quality of
student j is perfectly revealed in this period, we do not use that new information to update
the expected quality of student k who worked with j in previous periods.
We can now think of the updated density of the student population. If g(q) is the
distribution of beliefs about student qualities at the start of the period, the cdf of all
student qualities is a function F :


q1 (1 − q2 )
F (p) = (1 − E(q)) η(p) + 2(E(q) − E(q) )P r
≤ p + E(q)2 η(p − 1)
q1 (1 − q2 ) + q2 (1 − q1 )


q2 p
2
2
= (1 − E(q)) η(p) + 2(E(q) − E(q) )P r q1 ≤
+ E(q)2 η(p − 1)
1 − p − q2 + 2pq2
q2 p
Z 1Z
1−q2 −p(1−2q2 )
2
= (1 − E(q)) η(p) +
(q1 + q2 + 2q1 q2 )g(q1 )g(q2 )dq1 dq2 + E(q)2 η(p − 1)
2

2

0



0

(13)
(Recalling that η(.) is a step function equal to one for any positive value of the argument,
and zero otherwise.)
With this recursive formula, we can derive the stable distribution F (q) of student quality
at the end of each period. We assume (and prove in subsection 3.6) that all students from
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F (p) with quality below a threshold q exit, and those with quality above the threshold q̄ are
promoted. They are replaced with new students drawn from some exogenous distribution
h(q), and the combination produces g(q), and the stable density of student quality at
the start of each period. Appendix 7.2 details the implicit function defining g(q) and by
extension F (q).
A similar updating process takes place for three-person teams, as outlined in
Appendix 7.3. But now the productivity of a team (θi + θj + θk ) can take the values 0, 1,
2 or 3. Now quality is perfectly revealed only if the productivity is 0 or 3. Thus there is
uncertainty about the quality of many more students in the case of three-person teams.
3.6.

The Exit Decision of Students

We now turn to consider the exit decision of students. A student compares her continuation
value from staying with her continuation value from exiting. We adopt a very simple
representation of the outside wage market, and assume that students all expect to find
employment in the outside market, and to earn a wage w̄; thus the continuation value of
exiting is

w̄
.
1−δ

What matters to students is the relative utility from studying, working and being promoted. In order to explore those tradeoffs, we assume that a student’s per-period utility
from working as a student is 0, the per-period utility from working as a laboratory head
is 1, and we consider how the results change as we vary the value of w̄.
We consider the decision to stay for those students who are not promoted, i.e. q < q̄. A
student with a higher q has a greater probability that after working in a new team, her
updated quality will be above the threshold q̄. Thus the continuation value from staying
is higher for a student of higher perceived quality.
We describe the continuation value from staying, V (q), for the case of two-person teams.
In this period, the student of quality q1 will be paired with another student, of quality q2 ,
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drawn from distribution g(q) described in the previous subsection. Recall that students
earn 0 this period when they stay.
• The new team will have productivity of 2 with probability q1 q2 ; then both are known
to be high quality. Then the student is promoted and earns

1
.
1−δ

• The new team will have productivity of 0 with probability (1 − q1 )(1 − q2 ); then both
are known to be low quality. Then the student exits and earns

w̄
.
1−δ

• The new team will have productivity of 1 with probability (q1 (1 − q2 ) + q2 (1 − q1 ));
then updating takes place as to which student is high quality.
q1 (1−q̄)
,
q1 (1−q̄)+q̄(1−q1 )

then the student with quality q1 will not be promoted. Then
h

i
2)
her continuation payoff is 1 + δV q1 (1−qq12(1−q
.
)+q2 (1−q1 )
— If q2 >

q1 (1−q̄)
— If q2 < q1 (1−q̄)+q̄(1−q
, then the student with quality q1 will be promoted. But there
1)

is still a chance that her true quality will be revealed to be low: so her continuation payoff
h

i
q2 (1−q1 )
δ
δ w̄
2)
is 1 + q1 (1−qq12(1−q
+
.
)+q2 (1−q1 ) 1−δ
q1 (1−q2 )+q2 (1−q1 ) 1−δ

Thus:
Z 1
V (q1 ) = δ
0

w̄
1
+ (1 − q1 )(1 − q2 )
q1 q2
1−δ
1−δ

g(q2 )dq2

q1 (1−q̄)
q1 (1−q̄)+q̄(1−q1 )

Z
+δ
0

Z



1

+δ
q1 (1−q̄)
q1 (1−q̄)+q̄(1−q1




1 − w̄
δ w̄
q1 (1 − q2 )
[q1 (1 − q2 ) + q2 (1 − q1 )] 1 +
+
δ
g(q2 )dq2
1 − δ q1 (1 − q2 ) + q2 (1 − q1 )
1−δ


q1 (1 − q2 )
[q1 (1 − q2 ) + q2 (1 − q1 )]V
g(q2 )dq2
q
(1
−
q
)
+
q
(1
−
q
)
1
2
2
1
)

We can now prove that a steady-state equilibrium implies a constant exit threshold:
Proposition 3: In any steady-state equilibrium with a stable distribution of g(q), and
a constant promotion threshold q̄, the exit decision takes the form of a threshold q. All
students with current perceived quality below q exit, and all students with current perceived
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quality above q remain in the pool. This proposition is true for two-person updating and
three-person updating.
Proof: See Appendix 7.4.
The threshold value q will be the value that solves V (q) =

w̄
;
1−δ

in other words, the

continuation value is equal to the outside option. We solve for the threshold value of q in
the numerical simulation.

3.7.

Cycling through Multiple Teams

Thus far we have assumed that in each new period, a student who was not promoted in
the previous period will choose to work with a new team. In other words, a re-shuffling of
teams occurs after each period. We now pause to ask whether this is indeed the case, in
equilibrium.
Suppose now that at the end of each period, students may choose whether to remain
with their current team, or to “cycle” and be assigned to a new team.
Proposition 4: Suppose that a team produces an extra output of science ∆ if it has worked
together in the previous period. Regardless of how large ∆ is, a student will only remain in
the pool if s/he can “cycle,” that is, work with a new team this period.
The output of science does not enter the payoff of the student, only his prospects for
promotion. In a stable equilibrium, the cutoff level of perceived quality is constant. Thus,
if his perceived quality is below that threshold in this period, the only way to move above
that threshold is to update his signal of quality. No additional information can be gleaned
with the current team, thus he will move to a new team.
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The implication is that cycling takes place, even if it is highly inefficient for the total
output of science. A student will need to work with a new team in each period, to have
any chance of promotion.

4.

Simulation Results

4.1.

Simulations with a Myopic Funding Agency

This subsection presents simulation results for the model outlined above, with a myopic
funding organization.
In order to avoid discontinuities, new students are assumed to be drawn from a continuous quality distribution: once student i has committed to their first period of study,
everyone learns the initial belief qi about her quality. These initial beliefs about students’
qualities are accurate: For example, of the students whose initial value of q is around to 0.3,
30% will prove to be high quality and 70% will prove to be low quality. In the simulations
we model students drawn from a Beta(2,2) and then from a Beta(3,5) distribution. We
consider a left-skewed distribution because if there are many high-quality students, the
funding agency promotes only students whose quality is perfectly revealed to be 1.
Figures 5 and 6 plot the exit threshold q and the promotion threshold q̄, holding the
laboratory fixed costs constant, and varying the value of the outside wage opportunity.
New students are drawn from a Beta(2,2) distribution in Figure 5 and from a Beta(3,5)
distribution in Figure 6. The blue line is the promotion threshold for two-person teams,
and the green line is the promotion threshold for three-person teams13 . As predicted, the
promotion threshold is lower for three-person teams, suggesting that the funding organization is forced to promote more uncertain prospects. The funding organization finds itself
13

Notice that the promotion threshold is not very sensitive to the outside wage: the outside wage only affects the exit

pattern of lower-quality students, so it has no direct effect on the promotion threshold. When lower-quality students
exit there may be less information learned about high-quality students in the updating process, so there is a small
indirect effect of exit.
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forced to promote these uncertain prospects because the paucity of highly likely prospects:
the organization promotes everyone who is a “safe bet”, but that is a small number of
students, and so they also promote a few who are higher risk. As a result, incumbents will
be given larger laboratories. Both mechanisms imply that there will be a lower chance of
promotion in the case of three-person teams: the promotion threshold is lower, but fewer
students will fall above the promotion threshold.

Figure 5

Simulated promotion and exit thresholds for two-person and three-person teams, depending on the

wage rate. New students drawn from Beta(2,2) distribution. Fixed costs held constant at s = 1.5 and discount
factor δ = 0.7.

The red and purple lines represent the exit thresholds for the two and three person case,
respectively. Interestingly, the value of quality q for which students exit is similar in both
instances, and very close to the outside wage. Indeed, the main driver of the decision to
exit appears to be the wage rate (the opportunity cost of remaining another period in the
pool).
We now consider the distribution of f (q) for the case of two person and three person
teams, in Figure 7 and 8. These graphs represents the continuous component of the f (q)
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Figure 6

Simulated promotion and exit thresholds for two-person and three-person teams, depending on the

wage rate. New students drawn from Beta(3,5) distribution. Fixed costs held constant at s = 1.5 and discount
factor δ = 0.7.

distribution of beliefs about students just before the promotion and exit decisions. In Figure 7 (a Beta(2,2) distribution), the conditions of Proposition 2(b) are realized: when we
move from two-person to three-person teams, a larger number of students have their quality shown to be zero or one, and the distribution of beliefs about the remaining students is
less informative, because it is more heavily weighted towards the center. Therefore, according to Proposition 2, the promotion threshold will be lower. In Figure 8 (the Beta(3,5)
distribution), the conditions of Proposition 2(b) are also met, because F0 (q) < F1 (q) in the
upper half of the distribution. Interestingly, there is more information available on some
of the lower-quality students in these three-person teams, but this does not matter for the
promotion threshold.14
14

Why is more information revealed on low-quality students in the case of three-person teams? Essentially this is an

artifact of moving from an even number of students in each team to an odd number of students. For students with
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Continuous component of the density f (q) of beliefs about students qualities after team output has

been observed. Two-person teams (blue) and three person teams (red). Students drawn from a Beta(2,2)
distribution. Outside wage w = 0.25, discount factor δ = 0.7, and fixed costs s = 1.5.

The final piece of the picture are the exit and promotion rates. Tables 1 and 2 provide
these for the case of a new student distribution that Beta(2,2) and Beta(3,5), respectively,
and specific values of w, s and δ. The tables list:
• the share of students whose quality is perfectly revealed to be 1 by a team output at
the maximum level (q=1)
• the share of students whose perceived quality is above q̄ but less than 1 (“Other
Promoted”)
similar quality, if they work together in a two-person team, and their quality is not perfectly revealed (i.e. not 0 or
2), then output is 1 and little is learned about their quality. The Beta(3,5) distribution has a strong peak, unlike the
Beta(2,2), so many students have similar qualities. But if they are in a three-person team, the output will be 1 or 2,
and so we will either update positively or negatively. Moving to four-person teams would again restore one outcome
in which not much is learned. But clearly, if we were to compare two- or three-person teams to teams of 100, for
example, much less would be learned in teams of 100.
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Figure 8

Continuous component of the distribution function f (q) of beliefs about students qualities after team

output has been observed. Two-person teams (blue) and three person teams (red). Students drawn from a
Beta(3,5) distribution. Outside wage w = 0.25, discount factor δ = 0.7, and fixed costs s = 1.5.

• the share of students whose quality is perfectly revealed to be 0 by a team output of
0, and therefore exit (q=0)
• the share of students whose perceived quality is above 0 but below q (“Other Exit”)
With three-person teams, a larger share of students choose to exit when their quality is not
perfectly revealed (that is, with a q that is low but not zero). However, a much smaller share
of students have their quality perfectly revealed in each period: for example, in Table 1,
fewer than half as many students have their quality revealed to be Q = 1 or Q = 0. As a
result, the total number of students exiting is actually lower under three-person teams than
two-person teams. One way to interpret this result is to think of it as early-career exit: with
two-person teams, a low-quality student would quickly learn her quality and then choose
an alternative career, if she is not suited for science. Instead, with three-person teams, she
would spend longer in the pool of post-docs (acquiring more skills) before finally giving up
and exiting science.
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In terms of promotions, the share of students promoted is higher under two-person
teams than under three-person teams: even though the cutoff level for promotions q̄ is
lower under three-person teams, there are fewer students being promoted, because there
are fewer students in the upper tail.
Thus the simulations confirm the predictions of the theory: fewer promotions when
teams are three-person teams and, in many cases, a higher incidence of scientists making
a decision to quit even though they might be high-ability.
Our conclusion is that larger teams will have serious implications for the output of
science, because fewer high-ability scientists are identified. In Appendix 7.5 we develop the
formula for the output of science at a given level of q̄ and q. We calculate the output of
science generated at each possible wage level in our running example of students drawn
from a Beta(3,5). We find that the output of science under three-person teams is always
between 4% and 9% less than the output in two-person teams, depending on the wage
rate. Note that because our model of quality is a simplistic one, in that everyone’s true
quality is either 0 or 1, the loss of output is necessarily small. In reality, there is greater
variance in scientists’ true qualities in reality, and the cost of not identifying a genius could
be extremely high.
Recall that the model currently assumes that moving to three person teams confers
no productivity advantage. The implication is that three-person teams would have to be
4-9% more productive to lead to a higher output of science. But notice that even a tiny
productivity advantage would lead to three-person teams being adopted, if lab heads do
not internalize the cost to students’ careers.
4.2.

Simulations with a Fully Rational and Forward-Looking Funding Organization

As a robustness check, we briefly consider the case of a fully-forward-looking funding
organization. When a funding organization is fully rational and forward looking, it considers
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q=1

Other Promoted Total Promoted

q=0

Other Exit Total Exit

Two-person 28.7%

0%

28.7%

21.6%

12.9%

34.5%

Three-person 13.0%

12.0%

25.0%

12.0%

14.3%

26.3%

Table 1

Exit and Promotion Rates for Beta(2,2) with w = 0.25, s = 1.5 and δ = 0.7

q=1

Other Promoted Total Promoted

q=0

Other Exit Total Exit

Two-person 17.0%

5.6%

22.6%

34.6%

9.9%

44.5%

Three-person 6.6%

14.8%

21.4%

21.2%

18.7%

39.9%

Table 2

Exit and Promotion Rates for Beta(3,5) with w = 0.25, s = 1.5 and δ = 0.7

the impact of its choice of a promotion threshold q̄ on (a) the quitting threshold of students,
and (b) on long-run learning about student quality.
The comparative statics are similar to the case of a myopic funding organization. When
new students are drawn from a Beta(3,5), and parameters are chosen as above, moving to
three-person teams from two-person teams again causes the funding organization to choose
a lower promotion threshold. The promotion threshold is lower because there are fewer
good promotion prospects.15
15

Interestingly, being less myopic causes the funding organization to choose a higher threshold: in the case of Beta(3,5)

and two-person teams, where the threshold q̄ for a myopic organization ranged around 0.8, the threshold for a forwardlooking organization is 1. In other words, the only students promoted are those whose quality is perfectly revealed.
And the threshold for the case of three-person teams moves from around 0.71 to around 0.91.
There are two separate effects at work, when we consider the transition from a myopic to a forward-looking funding
organization. First, a forward-looking funding organization will value learning the quality of students, because of
its future benefits. This effect pushes a forward-looking organization to choose a lower value of q̄, so it can learn
about more students’ qualities. Second, a fully rational organization takes into account the impact of the promotion
threshold on the quality of the student pool: promoting more students means that the pool of remaining students
will have lower quality. This effect appears to dominate.

de Fontenay, Lim, Snashall-Woodhams, and Basov: Team Size and Signals in Science
Draft Article

5.

37

A Few Implications of the Model

The theoretical model offers some strong predictions. This section reviews a few of its
predictions, to think about the implications for science policy.
5.1.

Intensive versus Extensive Margin

One of the more unusual features of this model is its notion of margins. The model suggests
that funding organizations face a tradeoff between the ‘extensive margin’ of funding a young
scientist and the ‘intensive margin’ of giving more grants to a senior scientist. Is there any
evidence to support such a tradeoff? The doubling of the NIH budget from 1998 to 2002
provides striking evidence. In a short space of time, NIH had twice as much grant funding
available, in dollars, and had to decide on how to allocate the new funding. “The number of
first-time investigators grew by less than 10 percent during the doubling” but the number
of investigators with more than one R01 grant grew by one-third (Stephan, 2012, chap. 6).
Because of the tradeoff described by the model, when more funding becomes available, it
pays to increase funding to the safe bets, as well as funding some new researchers.
5.2.

Cycling and Exit of Junior Scientists

The model also predicts that young scientists will ‘cycle’ across positions, that is, move
from one laboratory to another during a series of post-docs. The purpose of this cycling
(according to the model) is to work with a diversity of teams so as to generate a clearer
signal of one’s quality. In practice, there may be additional reasons for cycling: one benefit
of moving to a new laboratory is to learn tacit knowledge or skills belonging to that
laboratory (Stephan, 2012, Chap. 4). However, this benefit must be weighed against the
significant costs of cycling. The materials that a young scientist works with are often the
property of the laboratory; in the life sciences, these includes biological cultures and other
proprietary materials that may be costly or impossible to reproduce. Thus a postdoc who
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moves to a new laboratory must often abandon her current line of research and start over.
Cycling therefore potentially involves large losses of discovery, which is both a private and
a social cost. To this must be added the personal cost of changing cities or countries (as
the other labs in one’s field are often elsewhere). Unfortunately, data on cycling is not
available, but anecdotal evidence and the large presence in most OECD countries of postdocs trained elsewhere suggests that it is an important phenomenon (Stephan, 2012, Chap.
8)).
5.3.

Funding Agencies versus Universities

As discussed, the model posits a unitary funding organization which seeks to maximize
social welfare. In reality, both universities and funding agencies play a role in deciding
which scientists to promote. Using insight from the model, we ask how the promotion
decision is affected by these different actors, and what the implications are of universities
playing a smaller role in choosing the lab heads of the future.
On the one hand, universities have access to more accurate sources of information than
just a person’s publication record: universities rely on interviews, seminars, and many soft
signals of quality. Their information has gotten noisier too, but is perhaps less affected
than the information of funding agencies. This may soften the effects of the transition
described in the model.
On the other hand, several papers (Terviö, 2009; Taylor, 2000) have pointed out that
when the decision of whom to promote is devolved to a competitive market, in which the
firms who promote agents bear the risk of the promotion decision, but do not internalize
the gain from identifying the high-ability, too few agents are promoted. Thus the current
trend in which universities devolve more decision-making power to the funding agencies
has an ambiguous effect: the funding agencies are less informed, but should be willing to
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take more risks, in the absence of risk-aversion. We would still predict that the transition to
larger teams and more decision-making to funding agencies is likely to reduce promotions;
but we leave a more detailed exploration to future work.

6.

Conclusion

6.1.

Implications for Science Policy

This paper demonstrates that increasing team size in science can have profound implications for the organization of laboratories, and the careers of scientists.
Jones (2011) and Gans and Murray (2013) discussed the rise of teamwork in science, and
how reward structures might have to evolve in response to greater reliance on teams. But
this is the first paper to fully tease out the implications of teamwork for the hierarchical
structure of science. Using a formal model, we show that larger teams imply that funding
agencies have less clear information about junior scientists. This can lead to fewer promotions, larger laboratories for senior scientists, higher rates of exit of discouraged mid-career
scientists, and lower total output of science. There is a risk of significant waste, as students
cycle across laboratories and thereby lose their laboratory-specific knowledge, and as many
experienced scientists exit, implying a loss of skills.
6.2.

More General Implications

These results also have implications for teamwork in other contexts than academic science.
One of the most dramatic changes in organizations over the last thirty years is the rapid
adoption of teamwork. In the brief period from 1987 to 1999, a survey of Fortune 1000
companies recorded a jump from 37% to 61% of all firms that now have 20% or more of
their employees working in teams (Lawler et al. (2001), and Lawler et al. (1996), compared
in Lazear and Shaw (2007)). In the latest nationally representative US survey, in 1994,
52% of all firms now rely on teamwork as a core part of their production (Bandiera et al.
(2013)).
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The rapid adoption of teams in the last 30 years suggests that firms are keenly aware of
the benefits of teams. Indeed, most managers would consider both the benefits and costs of
teams: increased motivation and employee satisfaction, but also the potential for shirking
and other toxic behavior.16 These benefits and costs may be termed “static”: they have a
direct impact on the productivity of the workers today, and thus if firms are implementing
teams, it is likely that the static benefits outweigh the costs. However, this paper has
identified a “dynamic” cost of teams that may not be as clearly understood.
When individuals move to working in teams, their manager learns about their abilities
only from other team members (who may have strategic incentives) and from aggregate
performance. As a result, managers find it more difficult to identify the good promotion
prospects. The prior literature has no predictions for how this will affect the shape of the
firm. This paper predicts that firms will respond by promoting fewer people, and leaving
a greater number of reports for each manager; Rajan and Wulf (2006) have evidence
that managers now have more direct reports. Interestingly, managers having more direct
reports may further aggravate the noisiness of signals. The equilibrium firm structure
with teamwork could potentially be less productive, particularly if worsening promotion
prospects harm the firm’s ability to attract and retain high-ability workers.
The insights of this paper are important for the organization of teams in general, as well
as for the organization of science. We have shown that the information costs of teams can
have significant implications for the structure of an organization.

16

Teamwork can significantly raise employee satisfaction (Cordery et al. (1991)) and effort (Erez and Somech (1996),

Van Dick et al. (2009)). Teams allow diverse skills to be combined (Hamilton et al., 2012). At the same time, teams
can be “hotbeds of conflict” (Jehn and Mannix, 2001). Teamwork can lead to free riding (Liden et al. (2004), Van Dick
et al. (2009)).
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Appendix

7.1.

Proof of Proposition 2

We are comparing two distributions, F0 and F1 . The promotion threshold q̄ falls above the
mean, by assumption. The statement F0 (q) < F1 (q) is true for all q above the mean, including q̄, because f0 has fatter tails, and there is more probability mass at 1 in distribution
F0 .
Using the definition of the threshold q̄ in equation (12):


Z 1
Z 1
δ
δ
2
2
2
q + q dF0 (q) > s
q + q dF1 (q)
q̄0 = s
1−δ
1−δ
q̄0
q̄0

Z 1
>

s
q̄1


δ
2
q + q dF1 (q) = q̄12
1−δ

because F0 (q) < F1 (q) over this entire range.
7.2.

Implicit function defining the distribution of students in two-person teams

As introduced in section 3.5, once we have derived the distribution of posterior beliefs
about students’ qualities, we can construct Recall from equation (12) that:
q2 p
Z 1Z
1−q2 −p(1−2q2 )
2
F (p) = (1 − E(q)) η(p) +
(q1 + q2 + 2q1 q2 )g(q1 )g(q2 )dq1 dq2 + E(q)2 η(p − 1)
0

0

(14)
The density f (p) is therefore
1
f (p) =
2E(q) − 2E(q)2

dF (p)
1
:
2E(q)−2E(q)2 dp

Z 1
0

(q2 − q22 )2
(1 − q2 − p(1 − 2q2 ))3

 
g


q2 p
g(q2 )dq2
1 − q2 − p(1 − 2q2 )

We construct the implicit function defining g(q): All those with quality below threshold q
exit, and those above q̄ are promoted. They are replaced with new students drawn from
an exogenous distribution h(q):
 

Z 1
(q2 − q22 )2
q2 q
g(q) =δ
g
g(q2 )dq2 × I(q < q < q̄)
(1 − q2 − q(1 − 2q2 ))3
1 − q2 − q(1 − 2q2 )
0
 

Z q̄ Z 1 


q2 q
(q2 − q22 )2
+ 1−
g
g(q2 )dq2 × h(q)
(1 − q2 − q(1 − 2q2 ))3
1 − q2 − q(1 − 2q2 )
q
0
(15)
Likewise F (q) is implicitly defined by (14) and (15).
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7.3.

Implicit function defining the distribution of students in three-person teams

By a similar reasoning, if students work in groups of 3 rather than groups of 2, then the
distribution of student qualities g(q) has the following form (again assuming a uniform
distribution of quality for new students):

g(q) =
Z 1Z 1
δ
0

0

(1 − q2 )2 (1 − q3 )2 (q2 + q3 − 2q2 q3 )2
g
(1 − q2 − q3 + q2 q3 − q(1 − 2q2 − 2q3 + 3q2 q3 ))3



q(q2 + q3 − 2q2 q3 )
1 − q2 − q3 + q2 q3 − q(1 − 2q2 − 2q3 + 3q2 q3 )

+


q22 q32 (q2 + q3 − 2q2 q3 )2
qq2 q3
g
(q2 + q3 − 2q2 q3 − q(q2 + q3 − 3q2 q3 ))3
q2 + q3 − 2q2 q3 − q(q2 + q3 − 3q2 q3 )
× g(q3 )g(q2 )dq2 dq3 I(q < q < q̄)
Z q̄ Z 1 Z 1
(1 − q2 )2 (1 − q3 )2 (q2 + q3 − 2q2 q3 )2
+ 1−δ
3
q
0
0 (1 − q2 − q3 + q2 q3 − q(1 − 2q2 − 2q3 + 3q2 q3 ))


q1 (q2 + q3 − 2q2 q3 )
×g
g(q3 )g(q2 )dq1 dq2 dq3
1 − q2 − q3 + q2 q3 − q1 (1 − 2q2 − 2q3 + 3q2 q3 )
Z q̄ Z 1 Z 1
q22 q32 (q2 + q3 − 2q2 q3 )2
−δ
3
0
0 (q2 + q3 − 2q2 q3 − q1 (q2 + q3 − 3q2 q3 ))
q
!


q1 q2 q3
g(q3 )g(q2 )dq1 dq2 dq3 × h(q)
×g
q2 + q3 − 2q2 q3 − q1 (q2 + q3 − 3q2 q3 )

7.4.

Proof of Proposition 3

Students will exit when V (q1 ) is less than their outside option,

w̄
.
1−δ

We will show that

V (q) is weakly increasing in q over the entire range. It follows that students will use a
w̄
“threshold” rule and exit if their value of q is below some threshold q, such that V (q) = 1−δ
,

as for all values below q, staying will worth less than
will worth weakly more than

w̄
,
1−δ

and for all values above q, staying

w̄
.
1−δ

We prove monotonicity for the case of two-person updating. The proof for three-person
updating is available on request.
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First note that, for any value of q, it must be that
w̄
δ2q
δ 2 w̄(1 − q)
δ
≤ V (q) < δ +
+
≤
1−δ
1−δ
1−δ
1−δ

(16)

That is, the expected utility of staying in the student pool is less than the utility of
being promoted to laboratory head after one period (after which the probability of being
retained is q), as the student earns 0 while in the pool. And the expected utility of staying
is greater than or equal to the outside option, otherwise the student would exit and then
w̄
V (q) = 1−δ
.

V (q1 ) =



M in(

1+

w
, W (q1 ))
1−δ

δq
1−δ



if q < q̄ 


+ δw̄(1−q)
if q ≥ q̄ 
1−δ


Z 1
w̄
1
W (q1 ) = δ
+ (1 − q1 )(1 − q2 )
q1 q2
g(q2 )dq2
1−δ
1−δ
0
q1 (1−q̄)



Z
q1 (1−q̄)+q̄(1−q1 )
δ w̄
q1 (1 − q2 )
1 − w̄
+δ
[q1 (1−q2 )+q2 (1−q1 )] 1 +
+
δ
g(q2 )dq2
1 − δ q1 (1 − q2 ) + q2 (1 − q1 )
1−δ
0


Z 1
q1 (1 − q2 )
[q1 (1 − q2 ) + q2 (1 − q1 )]V
g(q2 )dq2
+δ
q1 (1−q̄)
q1 (1 − q2 ) + q2 (1 − q1 )
q (1−q̄)+q̄(1−q )
1

1

First note that V (q1 ) must be increasing over some of the range of q1 : when q1 = 0, the
value of W (q1 ) is below

w̄
,
1−δ

and therefore V (q1 ) =

w̄
.
1−δ

And when q1 ≥ q̄, V is above

and clearly increasing.
Taking the derivative of W (q1 ) with respect to q1 :

Z 1
∂W (q1 )
1
w̄
=δ
q2
− (1 − q2 )
g(q2 )dq2
∂q1
1−δ
1−δ
0
q1 (1−q̄)





Z
q1 (1−q̄)+q̄(1−q1 )
δ w̄
1 − w̄
+δ
(1 − 2q2 ) 1 +
+ (1 − q2 )δ
g(q2 )dq2
1−δ
1−δ
0


Z 1
q1 (1 − q2 )
+δ
(1 − 2q2 )V
g(q2 )dq2
q1 (1−q̄)
q
(1
−
q
)
+
q
(1
−
q
)
1
2
2
1
q (1−q̄)+q̄(1−q )
1

1

w̄
1−δ
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1



q1 (1 − q2 )
q2 (1 − q2 )
0
V
g(q2 )dq2
+δ
q1 (1−q̄)
q1 (1 − q2 ) + q2 (1 − q1 )
q1 (1 − q2 ) + q2 (1 − q1 )
q1 (1−q̄)+q̄(1−q1 )




 

q1 (1 − q1 )
δ w̄
1 − w̄
q1 (1 − q̄)
+δ
1+
+ q̄δ
− V (q̄) g
q1 (1 − q̄) + q̄(1 − q1 )
1−δ
1−δ
q1 (1 − q̄) + q̄(1 − q1 )
Z

(17)
Note first that the bracket in the bottom line is positive because of inequality (16). Next
we can re-write the first three lines to show that their sum is positive:
Z
δ

q1 (1−q̄)
q1 (1−q̄)+q̄(1−q1 )

0

Z

1

+δ
q1 (1−q̄)
q1 (1−q̄)+q̄(1−q1








δ w̄
1 − w̄
1
w̄
(1 − 2q2 ) 1 +
+ (1 − q2 )δ
+ q2
− (1 − q2 )
g(q2 )dq2
1−δ
1−δ
1−δ
1−δ




q1 (1 − q2 )
δ w̄
q2
− (1 − q2 )
(1 − 2q2 )V
+
g(q2 )dq2
q
(1
−
q
)
+
q
(1
−
q
)
1
−
δ
1
−
δ
1
2
2
1
)

Simple rearrangement of the first integral shows that the integrand is everywhere pos
w̄
w̄
+ δ−
. With the second integral, we consider two cases: If
itive: (1 − q2 ) + (1 − δ)q2 1−δ
1−δ
q2
w̄
w̄
(1−2q2 ) > 0, then using (16), the integrand is greater than (1−2q2 ) 1−δ
+ 1−δ
−(1−q2 ) 1−δ
=

w̄
δ
> 0. If (1 − 2q2 ) < 0, then using (16), the integrand is greater than (1 − 2q2 ) 1−δ
+
q2 1−
1−δ
q2
1−δ

w̄
w̄
− (1 − q2 ) 1−δ
= (1 − q2 ) δ−
+ q2 > 0.
1−δ

Leaves only the integral on the fourth line of (17); we prove by contradiction that this
term cannot be negative. Recall that V (q1 ) cannot be decreasing over the entire range.
Suppose that V were decreasing over the range [q∗, q ∗ ∗], and let q̃ be the value of q for
which V 0 is at is lowest negative value. Calculate the derivative at q1 = q̃. The line will be
smaller in absolute value than V 0 (q̃), because the integral sums over a range less than 1,
and is multiplied by terms that are less than 1. Given that the other terms are positive,
this would imply V 0 (q̃) < V 0 (q̃), a contradiction.
7.5.

Derivation of formula for per-period output

The flow conditions (8) and (10) still hold. Together they imply that
Z
1=δ
q̄

1

δ2
n(q)dF (q) + n(1)
1−δ

Z

1

qdF (q)
q̄

(18)
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If we use equation (5) to re-write n(q), we find that
n(1) =

n(q)
q2

and then we can pin down the value of each n(q):
q2
n(q) = R 1
R1
δ2
δ q̄ q 2 dF (q) + 1−δ
qdF (q)
q̄

(19)

Next, using the budget constraint (3) and (19), we can define N :
N=

M
2

sδ
sδ(1 − F (q̄)) + 1−δ

R1
q̄

qdF (q) + 1

The output of science is
Z
O=

δNt−1

1

q

p
p
q e n(q)dF (q) + Ht q e n(1)

q̄

Substituting the above, this expression becomes:
 R
0.5
R1
1
δ2
M qe 0.5 δ q̄ q 2 dF (q) + 1−δ
qdF
(q)
q̄
O=
R
2
1
sδ
sδ(1 − F (q̄)) + 1−δ
qdF (q) + 1
q̄
and output of science per dollar is O/M .
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