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Practical Question: how to measure scientific output 
and impact at various scales while accounting for 

systemic heterogeneity

● Science

● Country
 
● Institution 

● Lab / Team

● Individual

● Paper 
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C O M M E N TA R Y “ ”
communications, social science, transla-
tional research, complex systems, technol-
ogy, business and management, research 
development, biomedical and life sciences, 
and physical sciences. The increasing inter-
est in professional gatherings centered on 
SciTS combined with recent progress in 
SciTS research and practice suggest that 
this community is coalescing into its own 
area of inquiry.

MULTI-LEVEL, MIXED-METHODS  
APPROACH FOR SCITS
The burgeoning field of SciTS can serve as a 
transformative melting pot of existing the-
ories and scientific techniques. We propose 
a multi-level, mixed-methods approach 
that can serve as a framework capable of 
organizing the diverse forms of inquiry and 
interlink research on individual scientists, 
teams, and populations of teams (Fig. 1).

Researchers working at different levels 
study different facets of the team science 
ecology, contribute different theories and 
techniques, and generate diverse findings. 
Each level might analyze different data; use 
multiple approaches, techniques, and visual 
representations; and provide different in-
sights. The combination of insights from all 
levels is considerably larger than their sum.

First, “macro-level” research examines 
teams at the population level and leads 
to insights about patterns of collabora-
tion that are broad in both their amount 
and their form, and that provide input on 
how to measure the growth and effect of 
knowledge. Macro-level studies might use 
terabytes of data that require large-scale 
computing infrastructures to process and 
communicate results. Recent work com-
bines computational, behavioral, organiza-
tional, and other methodological approach-
es to derive new insights at this broad level. 
Second, “meso-level” research increases 
our understanding at the group level, ex-
amining, for example, how interaction pat-
terns, the nature and amount of intra-team 
communications, and the composition of 
the team contribute to team process and 
outcomes. Such approaches can use net-
work analysis—the representation of data 
as nodes and their interlinkages—to study 
the evolution and impact of (social) net-
work structures at varied time scales or an-
alyze the specific quality and type of inter-
action via examination of communication 
context and patterns within teams (12). 
Third, “micro-level” research considers the 
individuals within the team; their training, 

dispositions, and education; and how such 
factors predispose them to particular types 
of collaboration. Micro-level studies can be 
quantitative and, if considering network 
analyses, involve many attributes for nodes 
and linkages. Other methods include indi-
vidual-level analysis of researchers partici-
pating within teams in which members are 
queried about their experiences as team 
members (13, 14).

Each of these levels addresses different 
issues that can be roughly classified into 

when (temporal), where (geospatial), what 
(topical), with whom (network), how (pro-
cess), and why (modeling) questions. Table 
1 presents key insights from studies apply-
ing these differing levels of analysis.

Each level of team science involves a set 
of challenges. Macro-level challenges ad-
dress organizational change and the exist-
ing culture that either stifles or encourages 
collaboration and interdisciplinarity. Chal-
lenges at the meso-level involve explicat-
ing the group dynamics emerging in team 
science as well as how to better understand 
and train teamwork in science teams. At 
the micro-level (the individual level), but 
tightly intertwined with the macro- and 
meso-level issues, are issues pertaining to 
how individual scientists acquire training 
in the scientific aspects of their work, in the 
process of innovation and discovery, and 
in communication and conflict resolution. 
Table 2 lists key challenges that need to be 
addressed within these three levels.

MOVING FORWARD WITH SCITS
We conclude with a description of the 
more general challenges and opportunities 
surrounding SciTS. First, research relevant 
to SciTS is conducted in a variety of set-
tings—academic and commercial, technol-
ogy development, and government sector. 
As such, the variety of research results pub-
lished, approaches and tools applied, and 
data produced is impressive. We identified 
more than 180 core papers and reports 
that convey key results in team science re-
search. Of those papers, 17 were published 
between 1944 and 2000, with the remain-
der being published since 2001, showcas-
ing a surge of activity on SciTS. Many of 
the reported studies use proprietary pub-
lication data sets (such as Web of Science 
by Thomson Reuters or Scopus by Elsevier) 
and most tools are commercial, making it 
difficult to replicate results. Data such as 
journal publications, conference proceed-
ings, and book chapters, but also patents 
and grant awards, are not comprehensive-
ly collected across the sciences. The data 
studied are typically published in English, 
although science is international and mul-
tilingual. Furthermore, the unification of 
data records (such as the identification of 
all papers by one scholar as stored in differ-
ent databases) and the interlinkage of col-
lections of data (such as the retrieval of all 
papers that were supported by one funding 
award) proves difficult because no unique 
identifiers are available.

Fig. 1. Multi-level, mixed-methods approach 
to SciTS. Team science can be studied at differ-
ent levels using different approaches. Together, 
the insights derived from these studies are worth 
more than the sum of their parts.   C
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K. Börner, et al. A multi-level systems 
perspective for the science of team science. 
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Chain-like NON Star-like NON Tree-like NON

Figure 6 | Three types of loopless NON composed of five coupled
networks. All have the same percolation threshold and the same giant
component. The dark node represents the origin network on which failures
initially occur.

NON, (2) a tree-like random regular fully dependent NON, (3) a
loop-like Erd⇤s–Rényi partially dependent NON and (4) a random
regular network of partially dependent Erd⇤s–Rényi networks.
All cases represent different generalizations of percolation theory
for a single network. In all examples except (3) we apply the
no-feedback condition.

(1) We solve explicitly96 the case of a tree-like NON (Fig. 6)
formed by n Erd⇤s–Rényi networks92–94 with the same average
degrees k, p1 = p, pi = 1 for i ⌃= 1 and qij = 1 (fully interdependent).
From equations (15) and (16) we obtain an exact expression for the
order parameter, the size of the mutual giant component for all p, k
and n values,

P⇧ = p[1�exp(�kP⇧)]n (17)

Equation (17) generalizes known results for n= 1,2. For n= 1, we
obtain the known result pc =1/k, equation (11), of an Erd⇤s–Rényi
network and P⇧(pc) = 0, which corresponds to a continuous
second-order phase transition. Substituting n= 2 in equation (17)
yields the exact results of ref. 73.

Solutions of equation (17) are shown in Fig. 7a for several values
of n. The special case n= 1 is the known Erd⇤s–Rényi second-order
percolation law, equation (12), for a single network. In contrast,
for any n> 1, the solution of (17) yields a first-order percolation
transition, that is, a discontinuity of P⇧ at pc.

Our results show (Fig. 7a) that the NON becomes more vul-
nerable with increasing n or decreasing k (pc increases when
n increases or k decreases). Furthermore, for a fixed n, when
k is smaller than a critical number kmin(n), pc ⇤ 1, meaning
that for k < kmin(n) the NON will collapse even if a single
node fails96.

(2) In the case of a tree-like network of interdependent random
regular networks97, where the degree k of each node in each network
is assumed to be the same, we obtain an exact expression for the
order parameter, the size of the mutual giant component for all
p, k and n values,

P⇧ = p
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(18)

Numerical solutions of equation (18) are in excellent agreement
with simulations. Comparing with the results of the tree-like
Erd⇤s–Rényi NON, we find that the robustness of n interdependent
random regular networks of degree k is significantly higher than
that of the n interdependent Erd⇤s–Rényi networks of average
degree k. Moreover, whereas for an Erd⇤s–Rényi NON there exists
a critical minimum average degree k = kmin that increases with n
(below which the system collapses), there is no such analogous kmin
for the random regular NON system. For any k > 2, the random
regular NON is stable, that is, pc < 1. In general, this is correct
for any network with any degree distribution, Pi(k), such that

Pi(0) = Pi(1) = 0, that is, for a network without disconnected or
singly connected nodes97.

(3) In the case of a loop-like NON (for dependences in
one direction) of n Erd⇤s–Rényi networks96, all the links are
unidirectional, and the no-feedback condition is irrelevant. If the
initial attack on each network is the same, 1�p, qi�1i = qn1 = q and
ki =k, using equations (15) and (16)we obtain thatP⇧ satisfies

P⇧ = p(1�e�kP⇧)(qP⇧ �q+1) (19)

Note that if q = 1 equation (19) has only a trivial solution
P⇧ = 0, whereas for q = 0 it yields the known giant component
of a single network, equation (12), as expected. We present
numerical solutions of equation (19) for two values of q in
Fig. 7b. Interestingly, whereas for q = 1 and tree-like structures
equations (17) and (18) depend on n, for loop-like NON structures
equation (19) is independent of n.

(4) For NONs where each ER network is dependent on exactly
m other Erd⇤s–Rényi networks (the case of a random regular
network of Erd⇤s–Rényi networks), we assume that the initial attack
on each network is 1� p, and each partially dependent pair has
the same q in both directions. The n equations of equation (15)
are exactly the same owing to symmetries, and hence P⇧ can be
obtained analytically,

P⇧ = p
2m

(1�e�kP⇧)[1�q+
⇣
(1�q)2 +4qP⇧]m (20)

from which we obtain

pc =
1

k(1�q)m
(21)

Again, as in case (3), it is surprising that both the critical threshold
and the giant component are independent of the number of
networks n, in contrast to tree-like NON (equations (17) and (18)),
but depend on the coupling q and on both degrees k and
m. Numerical solutions of equation (20) are shown in Fig. 7c,
and the critical thresholds pc in Fig. 7c coincide with the
theory, equation (21).

Remark on scale-free networks
The above examples regarding Erd⇤s–Rényi and random regular
networks have been selected because they can be explicitly
solved analytically. In principle, the generating function formalism
presented here can be applied to randomly connected networks
with any degree distribution. The analysis of the scale-free networks
with a power-law degree distribution P(k) ⌅ k�⌦ is extremely
important, because many real networks can be approximated
by a power-law degree distribution, such as the Internet, the
airline network and social-contact networks, such as networks
of scientific collaboration2,10,51. Analysis of fully interdependent
scale-free networks73 shows that, for interdependent scale-free
networks, pc > 0 even in the case ⌦ ⇥ 3 for which in a single
network pc = 0. In general, for fully interdependent networks,
the broader the degree distribution the greater pc for networks
with the same average degree73. This means that networks with a
broad degree distribution become less robust than networks with
a narrow degree distribution. This trend is the opposite of the
trend found in non-interacting isolated networks. The explanation
of this phenomenon is related to the fact that in randomly
interdependent networks the hubs in one network may depend on
poorly connected nodes in another. Thus the removal of a randomly
selected node in one network may cause a failure of a hub in
a second network, which in turn renders many singly connected
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Quantifying social group evolution
Gergely Palla1, Albert-László Barabási2 & Tamás Vicsek1,3

The rich set of interactions between individuals in society1–7

results in complex community structure, capturing highly con-
nected circles of friends, families or professional cliques in a social
network3,7–10. Thanks to frequent changes in the activity and com-
munication patterns of individuals, the associated social and com-
munication network is subject to constant evolution7,11–16. Our
knowledge of themechanisms governing the underlying commun-
ity dynamics is limited, but is essential for a deeper understanding
of the development and self-optimization of society as a whole17–22.
We have developed an algorithm based on clique percolation23,24

that allows us to investigate the time dependence of overlapping
communities on a large scale, and thus uncover basic relationships
characterizing community evolution. Our focus is on networks
capturing the collaboration between scientists and the calls be-
tween mobile phone users. We find that large groups persist for
longer if they are capable of dynamically altering their member-
ship, suggesting that an ability to change the group composition
results in better adaptability. The behaviour of small groups dis-
plays the opposite tendency—the condition for stability is that
their composition remains unchanged. We also show that know-
ledge of the time commitment of members to a given community
can be used for estimating the community’s lifetime. These find-
ings offer insight into the fundamental differences between the
dynamics of small groups and large institutions.

The data sets we consider are (1) the monthly list of articles in the
Cornell University Library e-print condensed matter (cond-mat)
archive spanning 142 months, with over 30,000 authors25, and (2)
the record of phone calls between the customers of a mobile phone
company spanning 52weeks (accumulated over two-week-long per-
iods), and containing the communication patterns of over 4 million
users. Both types of collaboration events (a new article or a phone
call) document the presence of social interaction between the
involved individuals (nodes), and can be represented as (time-
dependent) links. The extraction of the changing link weights from
the primary data is described in Supplementary Information. In
Fig. 1a, b we show the local structure at a given time step in the
two networks in the vicinity of a randomly chosen individual
(marked by a red frame). The communities (social groups repre-
sented by more densely interconnected parts within a network of
social links) are colour coded, so that black nodes/edges do not
belong to any community, and those that simultaneously belong to
two or more communities are shown in red.

The two networks have rather different local structure: the collab-
oration network of scientists emerges as a one-mode projection of the
bipartite graph between authors and papers, so it is quite dense and
the overlap between communities is very significant. In contrast, in the
phone-call network the communities are less interconnected and are
often separated by one ormore inter-community nodes/edges. Indeed,
whereas the phone record captures the communication between two
people, the publication record assigns to all individuals that contribute
to a paper a fully connected clique. As a result, the phone data are

dominated by single links, whereas the co-authorship data have many
dense, highly connected neighbourhoods. Furthermore, the links in
the phone network correspond to instant communication events, cap-
turing a relationship as it happens. In contrast, the co-authorship data

1Statistical and Biological Physics ResearchGroup of theHAS, Pázmány P. stny. 1A, H-1117 Budapest, Hungary. 2Center for ComplexNetwork Research andDepartments of Physics and
Computer Science, University of Notre Dame, Indiana 46566, USA. 3Department of Biological Physics, Eötvös University, Pázmány P. stny. 1A, H-1117 Budapest, Hungary.
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Figure 1 | Structure and schematic dynamics of the two networks
considered. a, The co-authorship network. The figure shows the local
community structure at a given time step in the vicinity of a randomly selected
node. b, As a but for the phone-call network. c, The filled black symbols
correspond to the average size of the largest subset of members with the same
zip-code, Ænrealæ, in the phone-call communities divided by the same quantity
found in randomsets, Ænrandæ, as a function of the community size, s. Similarly,
the open symbols show the average size of the largest subset of community
members with an age falling in a three-year time window, divided by the same
quantity in random sets. The error bars in both cases correspond to Ænrealæ/
(Ænrandæ1srand) and Ænrealæ/(Ænrandæ2srand), where srand is the standard
deviation in the case of the random sets. d, The Ænrealæ/s as a function of s, for
both the zip-code (filledblack symbols) and theage (open symbols).e, Possible
events in community evolution. f, The identificationof evolving communities.
The links at t (blue) and the links at t1 1 (yellow) aremerged into a joint graph
(green). Any CPM community at t or t1 1 is part of a CPM community in the
joined graph, so these can be used to match the two sets of communities.
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Limited complexity
in small knowledge networks
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⇒

Emergent complexity
in large knowledge networks
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e.g. same market capitalization as Enel and 
Mitsubishi)

Admin. staff
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11,000 medical
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Harvard University
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How might paradigm shifts in science affect science careers?

Micro (individual careers)
• Growth of careers
• Collaboration patterns within careers
• Competition
• Issues of ethics  (rules of the game)

Macro (institutions)
• Exponential growth of Science
• Economics of research universities 
and govt. funding
• Increasing role of teams    (division of 
labor) in science with implications on 
allocation of resources

Access to new opportunities increasingly dependent on the embedding 
within teams / organizational units

g=0.030(1)

g=0.013(1)



Increased competition for limited resources
–  Bottle-neck in the tenure track model: redirection of PhDs into postdocs and non-

tenure track personnel
–Demographic shifts: aging, globalization, and brain drain (e.g. 2004 Euro expansion)

Science	
  and	
  Engineering	
  Fields

Science Technology & Medicine Faculties (STEM), USA



Ethical scandals reveal the price of success
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EFFECT OF DOSE ON SIDE EFFECTS

The US National Institutes of Health is to 
crack down on scientists ‘brain doping’ 
with performance-enhancing drugs such 

as Provigil and Ritalin, a press release declared 
last week. The release, brainchild of evolution-
ary biologist Jonathan Eisen of the University 
of California, Davis, turned out to be an April 
Fools’ prank. And the World Anti-Brain Dop-
ing Authority website that it linked to was like-
wise fake. But with a number of co-conspirators 
spreading rumours about receiving anti-doping 
affidavits with their first R01 research grants, 
the ruse no doubt gave pause to a few of the 
respondents to Nature’s survey on readers’ 
use of cognition-enhancing drugs.

The survey was triggered by a Com-
mentary by behavioural neuroscientists 
Barbara Sahakian and Sharon Morein-
Zamir of the University of Cambridge, 
UK, who had surveyed their colleagues 
on the use of drugs that purportedly enhance 
focus and attention (Nature 450, 1157–1159; 
2007). In the article, the two scientists asked 
readers whether they would consider “boost-
ing their brain power” with drugs. Spurred by 
the tremendous response, Nature ran its own 
informal survey. 1,400 people from 60 coun-
tries responded to the online poll. 

We asked specifically about three drugs: 
methylphenidate (Ritalin), a stimulant nor-
mally used to treat attention-deficit hyper-
activity disorder but well-known on college 
campuses as a ‘study aid’; modafinil (Provigil), 
prescribed to treat sleep disorders but also 
used off-label to combat general fatigue or 
overcome jet lag; and beta blockers, drugs 

prescribed for cardiac arrhythmia that also 
have an anti-anxiety effect. Respondents who 
had not taken these drugs, or who had taken 
them for a diagnosed medical condition were 
directed straight to a simple questionnaire 
about general attitudes. Those who revealed 
that they had taken these drugs, or others, for 
non-medical, cognition-enhancing purposes 

were asked several additional questions about 
their use. Here’s what they had to say:

One in five respondents said they had used 
drugs for non-medical reasons to stimulate 
their focus, concentration or memory. Use did 
not differ greatly across age-groups (see line 
graph, left), which will surprise some. Nora 
Volkow, director of the National Institute on 
Drug Abuse (NIDA) in Bethesda, Maryland, 
says that household surveys suggest that stimu-
lant use is highest in people aged 18–25 years, 
and in students. 

For those who choose to use, methylpheni-
date was the most popular: 62% of users 
reported taking it. 44% reported taking 
modafinil, and 15% said they had taken 
beta blockers such as propanolol, reveal-
ing an overlap between drugs. 80 respond-
ents specified other drugs that they were 
taking. The most common of these was 
adderall, an amphetamine similar to meth-
ylphenidate. But there were also reports 
of centrophenoxine, piractem, dexedrine 
and various alternative medicines such as 
ginkgo and omega-3 fatty acids.

The most popular reason for taking 
the drugs was to improve concentra-
tion. Improving focus for a specific task 
(admittedly difficult to distinguish from 
concentration) ranked a close second 
and counteracting jet lag ranked fourth, 

Poll results: look who’s doping
In January, Nature launched an informal survey into readers’ use of cognition-enhancing drugs. Brendan 
Maher has waded through the results and found large-scale use and a mix of attitudes towards the drugs.

behind ‘other’ which received a few interesting 
reasons, such as “party”, “house cleaning” and 
“to actually see if there was any validity to the 
afore-mentioned article”.

Our question on frequency of use, for those 
who took drugs for non-medical purposes, 
revealed an even split between those who took 
them daily, weekly, monthly, or no more than 
once a year. Roughly half reported unpleasant 
side effects, and some discontinued use because 
of them. Some might expect that negative side 
effects would correlate positively with a low 
frequency of use, but that doesn’t seem to be 
the case in our sample (see bar graph, below). 

Reported side effects included headaches, jit-
teriness, anxiety and sleeplessness. 

Neuroscientist Anjan Chatterjee of the 
University of Pennsylvania in Philadelphia 
predicts a rise in the use of these drugs and 

other neuroenhancing products and proce-
dures as they become available (A. Chatterjee 
Cam. Q. Healthc. Ethics 16, 129–137; 2007). 
Like the rise in cosmetic surgery, use of cogni-
tive enhancers is likely to increase as bioethical 
and psychological concerns are overcome (see 
‘Worrying words’) and as the products gain 
cultural acceptance. One difference, Chatterjee 
says, is that use of cognitive enhancers doesn’t 
rely on training of medical specialists such as 
surgeons. Internet availability will also greatly 
accelerate use, he says.

Our poll found that one-third of the drugs 
being used for non-medical purposes were 
purchased over the Internet (see pie chart). The 
rest were obtained from pharmacies or on pre-
scription. It is unclear whether the prescribed 

674
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Today there are several drugs on the 
market that improve memory, concen-
tration, planning and reduce impulsive 

behaviour and risky decision-making, and 
many more are being developed. Doctors 
already prescribe these drugs to treat cogni-
tive disabilities and improve quality of life 
for patients with neuropsychiatric disorders 
and brain injury. The prescription use of such 
drugs is being extended to other conditions, 
including shift-workers. Meanwhile, off-label 
and non-prescription use by the general public 
is becoming increasingly commonplace. 

Although the appeal of pharmaceutical cog-
nitive enhancers — to help one study longer, 
work more effectively or better manage eve-
ryday stresses — is understandable, potential 
users, both healthy and diseased, must consider 
the pros and cons of their choices. To enable 
this, scientists, doctors and policy-makers 
should provide easy access to information about 
the advantages and dangers of using cognitive-
enhancing drugs and set out clear guidelines for 
their future use. To trigger broader discussion of 
these issues we offer the following questions, to 
which readers can respond in an online forum. 
Now, on to the questions. 

Should adults with severe memory and 
concentration problems from neuropsy-
chiatric disorders be given cognitive-
enhancing drugs? 
We believe the answer is a resounding yes. 
A large debilitating aspect of many neuropsy-
chiatric disorders is cognitive impairment. 
Thus, cognitive-enhancing drugs are a useful 
therapy option for several disorders, includ-
ing Alzheimer’s disease and Attention Deficit 
Hyperactivity Disorder (ADHD). 

Alzheimer’s disease is a 
neurodegenerative disease of 
the ageing mind character-
ized by a decline in cognitive 
and behavioural functioning, 
and in particular learning and 
memory. There are, at present, no treatments 
for Alzheimer’s disease that can stop or reverse 
the decline in brain function, but cholineste-
rase inhibitors are being used to ameliorate the 
impaired neural transmission in the cholin-
ergic system. Such drugs aim to increase the 
levels of acetylcholine, a neurotransmitter 
important for maintaining attention and 
in forming new memories, and may have 

additional neuro-protective effects. 
Countries with ageing populations are seeing 

a surge in the number of people with Alzheim-
er’s. The personal and social costs are stagger-
ing and in the United Kingdom, economic 
costs associated with dementias1 are estimated 
to rise to £10.9 billion (US$22 billion) by 2031. 
According to a report commissioned by the 
Alzheimer’s Research Trust in Cambridge, UK, 
treatment that would reduce severe cognitive 
impairment in older people by just 1% a year 

has been estimated to cancel 
out all predicted increases in 
long-term care costs due to the 
ageing population1. 

For all medications, the chief 
concern cautioning against 

their use is adverse side effects that affect the 
individual’s health and well being. These may 
range from mild, temporary physical symp-
toms, such as dry mouth and headaches, to 
more severe side effects such as vomiting and 
joint pain and even cardiac arrhythmia or psy-
chosis. All medications also carry contraindi-
cations for certain conditions, such as high 
blood pressure, when one should not take the 

drug. For patients with neuropsychiatric disor-
ders, the benefits of the drugs must be weighed 
against the potential short-term and long-term 
side effects, and these factors should be dis-
cussed with the individual’s doctor to ascertain 
the level of acceptable risk in each case.

If drugs can be shown to have mild side 
effects, should they be prescribed more 
widely for other psychiatric disorders? 
We believe that cognitive-enhancing drugs 
with minimal side effects would also benefit 
many of the patients with schizophrenia, a 
condition for which they are not yet routinely 
prescribed. Currently, the disorder affects 
about 24 million people worldwide. 

As with Alzheimer’s, the personal and social 
costs are immense, with economic costs in the 
United States estimated in the tens of billions of 
dollars2. It is common knowledge that people 
with schizophrenia typically have hallucina-
tions and delusions, yet it is the long-term cog-
nitive impairments that often impede everyday 
function and quality of life for many patients.  
Even small improvements in cognitive func-
tions could help patients with schizophrenia 

Professor’s little helper
The use of cognitive-enhancing drugs by both ill and healthy individuals raises ethical questions that 
should not be ignored, argue Barbara Sahakian and Sharon Morein-Zamir.
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Morning pick-me-up: will drugs that help you stay alert become as widely acceptable as coffee?

“The chief concern 
cautioning against the 
use of medications is 
adverse side effects.”
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make the transition to independent living3. 
Thus, cognitive-enhancing drugs are 

increasingly being considered as possible add-
ons to antipsychotic medication, and long-
term clinical trials are underway with drugs 
such as modafinil, which promotes wakeful-
ness4. Although the mechanisms of modafinil 
are not fully understood, it has been found 
to have direct and indirect effects on various 
neurotransmitter systems. Behaviourally, an 
acute dose of modafinil has been found to 
increase alertness, memory and planning in 
healthy young adults and cognitive flexibility 
in patients with chronic schizophrenia5.

Due to the stated economic and personal 
costs, the pharmaceutical industry is targeting 
drugs that would improve impaired cognition 
in specific neuropsychiatric disorders. Often 
when a drug is approved for one disorder, its 
efficacy in improving cognition in additional 
disorders is investigated and thus its use can 
be extended to multiple patient groups. In our 
view, the original justification for drug treat-
ment improving quality of life still holds in 
these other disorders.

Do the same arguments apply for 
young children and adolescents with 
neuropsychiatric disorders, such as those 
with ADHD?
At present, children diagnosed with ADHD 
are routinely prescribed long-term medi-
cations including atomoxetine and stimu-
lants, such as methylphenidate (Ritalin) and 
amphetamine. Both methylphenidate and 
atomoxetine increase the levels of the neuro-
transmitter noradrenaline. Generally, the thera-
peutic effects of these drugs include reductions 
in inattention, hyperactivity and impulsivity, 
although their widespread and long-term use 
in younger children has been controversial.

ADHD is a heritable and disabling condition 
characterized by core cognitive and behav-
ioural symptoms of impulsivity, hyperactivity 
and/or inattention. ADHD affects 4–10% of 
children worldwide, and is the most prevalent 
neuropsychiatric disorder of childhood. 
ADHD is associated with increased lev-
els of drop-outs from education, job 
dismissal, criminal activities, sub-
stance abuse, other mental illness 
and accidents6. Long-term drug 
treatment seems to be beneficial 
in many cases.

However, the side effects of chronic 
drug use may only become noticeable in 
the longer term, for example, with apparent 
reductions in normal growth rates in chil-
dren with ADHD who are taking stimulant 
medication7. In fact, for many drugs there is 
limited information on long-term effects and 
in many areas the findings are inconsistent7. 
Consequently, in all the cases outlined above, 
we believe the medical consensus would be 
that medication choice, dose and timing, 
therapeutic effects and safety should be moni-
tored for individual patients by a healthcare 

professional. This is particularly important 
because of potential drug interactions, and so 
we do not advocate self-medication.  

Would you boost your own brain power? 
Cognitive-enhancing drugs are increasingly 
being used in non-medical situations such as 
shift work and by active military personnel. 
This is where the debate about their use begins 
in earnest. How should the use of cognitive-
enhancing drugs be regulated in healthy peo-
ple? Should their use always be monitored by 
healthcare professionals? 

If offered by a friend or col-
league, would you, the reader, 
take a pill that would help you 
to better focus, plan or remem-
ber? Under what conditions 
would you feel comfortable 
taking a pill, and under what conditions would 
you decline? 

The answers to such questions hinge on 
many factors, including the exact drug being 
discussed, its short-term and long-term ben-
efits and risks, and the purpose for which it is 
used. There are instances in which most people 
would agree that the use of cognitive-enhanc-
ing drugs should be prevented or at least 
regulated and monitored, such as by healthy 

children or in competitive settings (including 
entrance exams to university). 

There are also situations in which many 
would agree that the use of drugs to improve 
concentration or planning may be tolerated, 

if not encouraged, such as by air-traffic con-
trollers, surgeons and nurses who work long 
shifts. One can even imagine situations where 
such enhancing-drug-taking would be recom-
mended, such as for airport-security screeners, 
or by soldiers in active combat. But there are 
no straightforward answers and any fruitful 
debate must address each situation in turn. 

How would you react if you knew your 
colleagues — or your students — were 
taking cognitive enhancers?
In academia, we know that a number of our 
scientific colleagues in the United States and 
the United Kingdom already use modafinil 
to counteract the effects of jetlag, to enhance 
productivity or mental energy, or to deal with 
demanding and important intellectual chal-
lenges (see graphic opposite). Modafinil and 
other drugs are available online, but their non-
prescription and long-term use has not been 
monitored in healthy individuals. 

For many, it seems that the immediate and 
tangible benefits of taking these drugs are more 
persuasive than concerns about legal status and 
adverse effects. There are clear trends suggest-
ing that the use of stimulants such as methyl-
phenidate on college campuses is on the rise, 

and is becoming more common-
place in ever younger students8. 
Universities may have to decide 
whether to ban drug use alto-
gether, or to tolerate it in some 
situations (whether to enable all-
night study sessions or to boost 

alertness during lectures).
The debate over cognitive-enhancing drugs 

must also consider the expected magnitude of 
the benefits and weigh them against the risks 
and side effects of each drug. Most readers 
would not consider that having a double shot 
of espresso or a soft drink containing caffeine 
would confer an unfair advantage at work. 
The use of caffeine to enhance concentration 
is commonplace, despite having side effects in 
at least some individuals9. Often overlooked 
in media reports on cognitive enhancers is the 
fact that many of the effects  in healthy individ-

uals are transient and small-to-mod-
erate in size. Just as one would 
hardly propose that a strong cup 
of coffee could be the secret of 
academic achievement or faster 
career advancement, the use of 

such drugs does not necessarily 
entail cheating.
Cognitive enhancers with 

small or no side effects but with moder-
ate enhancing effects that alleviate for-

getfulness or enable one to focus better on 
the task at hand during a tiring day at work 
would be unlikely to meet much objection. 
And does it matter if it is delivered as a pill 
or a drink? Would you, the reader, welcome 
a cognitive enhancer delivered in a bever-
age that is readily obtainable and afford-
able, and has a moderate yet noticeable effect 

”Most would not 
consider that an 
espresso confers 

an unfair advantage 
at work.”
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Is it cheating to use cognitive-enhancing drugs?

Quick fix: but what are the long-term side effects?
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EFFECT OF DOSE ON SIDE EFFECTS

The US National Institutes of Health is to 
crack down on scientists ‘brain doping’ 
with performance-enhancing drugs such 

as Provigil and Ritalin, a press release declared 
last week. The release, brainchild of evolution-
ary biologist Jonathan Eisen of the University 
of California, Davis, turned out to be an April 
Fools’ prank. And the World Anti-Brain Dop-
ing Authority website that it linked to was like-
wise fake. But with a number of co-conspirators 
spreading rumours about receiving anti-doping 
affidavits with their first R01 research grants, 
the ruse no doubt gave pause to a few of the 
respondents to Nature’s survey on readers’ 
use of cognition-enhancing drugs.

The survey was triggered by a Com-
mentary by behavioural neuroscientists 
Barbara Sahakian and Sharon Morein-
Zamir of the University of Cambridge, 
UK, who had surveyed their colleagues 
on the use of drugs that purportedly enhance 
focus and attention (Nature 450, 1157–1159; 
2007). In the article, the two scientists asked 
readers whether they would consider “boost-
ing their brain power” with drugs. Spurred by 
the tremendous response, Nature ran its own 
informal survey. 1,400 people from 60 coun-
tries responded to the online poll. 

We asked specifically about three drugs: 
methylphenidate (Ritalin), a stimulant nor-
mally used to treat attention-deficit hyper-
activity disorder but well-known on college 
campuses as a ‘study aid’; modafinil (Provigil), 
prescribed to treat sleep disorders but also 
used off-label to combat general fatigue or 
overcome jet lag; and beta blockers, drugs 

prescribed for cardiac arrhythmia that also 
have an anti-anxiety effect. Respondents who 
had not taken these drugs, or who had taken 
them for a diagnosed medical condition were 
directed straight to a simple questionnaire 
about general attitudes. Those who revealed 
that they had taken these drugs, or others, for 
non-medical, cognition-enhancing purposes 

were asked several additional questions about 
their use. Here’s what they had to say:

One in five respondents said they had used 
drugs for non-medical reasons to stimulate 
their focus, concentration or memory. Use did 
not differ greatly across age-groups (see line 
graph, left), which will surprise some. Nora 
Volkow, director of the National Institute on 
Drug Abuse (NIDA) in Bethesda, Maryland, 
says that household surveys suggest that stimu-
lant use is highest in people aged 18–25 years, 
and in students. 

For those who choose to use, methylpheni-
date was the most popular: 62% of users 
reported taking it. 44% reported taking 
modafinil, and 15% said they had taken 
beta blockers such as propanolol, reveal-
ing an overlap between drugs. 80 respond-
ents specified other drugs that they were 
taking. The most common of these was 
adderall, an amphetamine similar to meth-
ylphenidate. But there were also reports 
of centrophenoxine, piractem, dexedrine 
and various alternative medicines such as 
ginkgo and omega-3 fatty acids.

The most popular reason for taking 
the drugs was to improve concentra-
tion. Improving focus for a specific task 
(admittedly difficult to distinguish from 
concentration) ranked a close second 
and counteracting jet lag ranked fourth, 

Poll results: look who’s doping
In January, Nature launched an informal survey into readers’ use of cognition-enhancing drugs. Brendan 
Maher has waded through the results and found large-scale use and a mix of attitudes towards the drugs.

behind ‘other’ which received a few interesting 
reasons, such as “party”, “house cleaning” and 
“to actually see if there was any validity to the 
afore-mentioned article”.

Our question on frequency of use, for those 
who took drugs for non-medical purposes, 
revealed an even split between those who took 
them daily, weekly, monthly, or no more than 
once a year. Roughly half reported unpleasant 
side effects, and some discontinued use because 
of them. Some might expect that negative side 
effects would correlate positively with a low 
frequency of use, but that doesn’t seem to be 
the case in our sample (see bar graph, below). 

Reported side effects included headaches, jit-
teriness, anxiety and sleeplessness. 

Neuroscientist Anjan Chatterjee of the 
University of Pennsylvania in Philadelphia 
predicts a rise in the use of these drugs and 

other neuroenhancing products and proce-
dures as they become available (A. Chatterjee 
Cam. Q. Healthc. Ethics 16, 129–137; 2007). 
Like the rise in cosmetic surgery, use of cogni-
tive enhancers is likely to increase as bioethical 
and psychological concerns are overcome (see 
‘Worrying words’) and as the products gain 
cultural acceptance. One difference, Chatterjee 
says, is that use of cognitive enhancers doesn’t 
rely on training of medical specialists such as 
surgeons. Internet availability will also greatly 
accelerate use, he says.

Our poll found that one-third of the drugs 
being used for non-medical purposes were 
purchased over the Internet (see pie chart). The 
rest were obtained from pharmacies or on pre-
scription. It is unclear whether the prescribed 
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“One in five respondents said 
they had used drugs for non-
medical reasons to stimulate 
their focus, concentration or 
memory. Use did not differ 
greatly across age-groups..., 
which will surprise some. “

case it would prevent a valid measure of the 
competency of the examinee and would 
therefore be unfair. But if it were to enhance 
long-term learning, we may be more willing 
to accept enhancement. After all, unlike ath-
letic competitions, in many cases cognitive 
enhancements are not zero-sum games. Cog-
nitive enhancement, unlike enhancement for 
sports competitions, could lead to substantive 
improvements in the world.

Fairness in cognitive enhancements has a 
dimension beyond the individual. If cognitive 
enhancements are costly, they may become the 
province of the rich, adding to the educational 
advantages they already enjoy. One could miti-
gate this inequity by giving every exam-taker 
free access to cognitive enhancements, as some 
schools provide computers during exam week 
to all students. This would help level the play-
ing field. 

Policy governing the use of cognitive 
enhancement in competitive situations should 
avoid exacerbating socioeconomic inequali-
ties, and should take into account the validity 
of enhanced test performance. In developing 
policy for this purpose, problems of enforce-
ment must also be considered. In spite of strin-
gent regulation, athletes continue to use, and be 
caught using, banned performance-enhancing 
drugs.

We call for enforceable policies concern-
ing the use of cognitive-enhancing drugs to 
support fairness, protect individuals from 
coercion and minimize enhancement-related 
socioeconomic disparities.

Maximum benefit, minimum harm
The new methods of cognitive enhance-
ment are ‘disruptive technologies’ 
that could have a profound 
effect on human life in the 
twenty-first century. A 
laissez-faire approach 
to these methods will 
leave us at the mercy 
of powerful market 
forces that are bound 
to be unleashed by the 
promise of increased 
productivity and competi-
tive advantage. The concerns 
about safety, freedom and fair-
ness, just reviewed, may well 
seem less important than the 
attractions of enhancement, 
for sellers and users alike. 

Motivated by some of the same considera-
tions, Fukuyama21 has proposed the formation 
of new laws and regulatory structures to protect 
against the harms of unrestrained biotechno-
logical enhancement. In contrast, we suggest a 

policy that is neither laissez-faire nor prima-
rily legislative. We propose to use a variety of 
scientific, professional, educational and social 
resources, in addition to legislation, to shape 
a rational, evidence-based policy informed 
by a wide array of relevant experts and stake-
holders. Specifically, we propose four types of 
policy mechanism.

The first mechanism is an accelerated 
programme of research to build a knowledge 
base concerning the usage, benefits and asso-
ciated risks of cognitive enhancements. Good 
policy is based on good information, and there 
is currently much we do not know about the 
short- and long-term benefits and risks of the 
cognitive-enhancement drugs currently being 
used, and about who is using them and why. For 
example, what are the patterns of use outside of 
the United States and outside of college commu-
nities? What are the risks of dependence when 
used for cognitive enhancement? What special 
risks arise with the enhancement of children’s 
cognition? How big are the effects of currently 
available enhancers? Do they change ‘cogni-
tive style’, as well as increasing how quickly 
and accurately we think? And given that most 
research so far has focused on simple laboratory 
tasks, how do they affect cognition in the real 
world? Do they increase the total knowledge 
and understanding that students take with 
them from a course? How do they affect various 
aspects of occupational performance?

We call for a programme of research into the 
use and impacts of cognitive-enhancing drugs 
by healthy individuals.

The second mechanism is the participa-
tion of relevant professional organizations 

in formulating guidelines for their 
members in relation to cognitive 

enhancement. Many dif-
ferent professions have a 

role in dispensing, using 
or working with peo-
ple who use cognitive 
enhancers. By creating 
policy at the level of 
professional societies, 
it will be informed by 

the expertise of these 
professionals, and their 

commitment to the goals of 
their profession.

One group to which this 
recommendation applies is 
physicians, particularly in 
primary care, paediatrics and 

psychiatry, who are most likely to be asked for 
cognitive enhancers. These physicians are some-
times asked to prescribe for enhancement by 
patients who exaggerate or fabricate symptoms 
of ADHD, but they also receive frank requests, 

as when a patient says “I know I don’t meet diag-
nostic criteria for ADHD, but I sometimes have 
trouble concentrating and staying organized, 
and it would help me to have some Ritalin on 
hand for days when I really need to be on top of 
things at work.” Physicians who view medicine 
as devoted to healing will view such prescribing 
as inappropriate, whereas those who view medi-
cine more broadly as helping patients live better 
or achieve their goals would be open to consid-
ering such a request22. There is certainly a prec-
edent for this broader view in certain branches 
of medicine, including plastic surgery, derma-
tology, sports medicine and fertility medicine.

Because physicians are the gatekeepers to 
medications discussed here, society looks to 
them for guidance on the use of these medica-
tions and devices, and guidelines from other 
professional groups will need to take into 
account the gatekeepers’ policies. For this rea-
son, the responsibilities that physicians bear for 
the consequences of their decisions are particu-
larly sensitive, being effectively decisions for all 
of us. It would therefore be helpful if physicians 
as a profession gave serious consideration to 
the ethics of appropriate prescribing of cogni-
tive enhancers, and consulted widely as to how 
to strike the balance of limits for patient benefit 
and protection in a liberal democracy. Exam-
ples of such limits in other areas of enhancement 
medicine include the psychological screening of 
candidates for cosmetic surgery or tubal ligation, 
and upper bounds on maternal age or number 
of embryos transferred in fertility treatments. 
These examples of limits may not be specified by 
law, but rather by professional standards.

Other professional groups to which this 
recommendation applies include educators 
and human-resource professionals. In differ-
ent ways, each of these professions has respon-
sibility for fostering and evaluating cognitive 
performance and for advising individuals who 
are seeking to improve their performance, and 
some responsibility also for protecting the 
interests of those in their charge. In contrast 
to physicians, these professionals have direct 
conflicts of interest that must be addressed in 
whatever guidelines they recommend: liberal 
use of cognitive enhancers would be expected 
to encourage classroom order and raise stand-
ardized measures of student achievement, both 
of which are in the interests of schools; it would 
also be expected to promote workplace produc-
tivity, which is in the interests of employers.

Educators, academic admissions officers and 
credentials evaluators are normally responsible 
for ensuring the validity and integrity of their 
examinations, and should be tasked with for-
mulating policies concerning enhancement by 
test-takers. Laws pertaining to testing accom-
modations for people with disabilities provide 
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The prescription drug Ritalin is 
illegally traded among students.
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Towards responsible use of cognitive-
enhancing drugs by the healthy
Society must respond to the growing demand for cognitive enhancement. That response must start by 
rejecting the idea that ‘enhancement’ is a dirty word, argue Henry Greely and colleagues.

Today, on university campuses around 
the world, students are striking deals to 
buy and sell prescription drugs such as 

Adderall and Ritalin — not to get high, but to 
get higher grades, to provide an edge over their 
fellow students or to increase in some meas-
urable way their capacity for learning. These 
transactions are crimes in the United States, 
punishable by prison. 

Many people see such penalties as appro-
priate, and consider the use of such drugs to 
be cheating, unnatural or dangerous. Yet one 
survey1 estimated that almost 7% of students in 
US universities have used prescription stimu-
lants in this way, and that on some campuses, 
up to 25% of students had used them in the 
past year. These students are early adopters of 
a trend that is likely to grow, and indications 
suggest that they’re not alone2. 

In this article, we propose actions that will 
help society accept the benefits of enhance-
ment, given appropriate research and evolved 
regulation. Prescription drugs are regulated as 
such not for their enhancing properties but pri-
marily for considerations of safety and potential 
abuse. Still, cognitive enhancement has much 
to offer individuals and society, and a proper 
societal response will involve making enhance-
ments available while managing their risks.

Paths to enhancement 
Many of the medications used to treat psychi-
atric and neurological conditions also improve 
the performance of the healthy. The drugs most 
commonly used for cognitive enhancement at 
present are stimulants, namely Ritalin (methy-
phenidate) and Adderall (mixed amphetamine 
salts), and are prescribed mainly for the treat-
ment of attention deficit hyperactivity disorder 
(ADHD). Because of their effects on the cat-
echolamine system, these drugs increase exec-
utive functions in patients and most healthy 
normal people, improving their abilities to 
focus their attention, manipulate information 
in working memory and flexibly control their 
responses3. These drugs are widely used thera-
peutically. With rates of ADHD in the range of 
4–7% among US college students using DSM 
criteria4, and stimulant medication the stand-
ard therapy, there are plenty of these drugs on 

campus to divert to enhancement use. 
A newer drug, modafinil (Provigil), has also 

shown enhancement potential. Modafinil is 
approved for the treatment of fatigue caused by 
narcolepsy, sleep apnoea and shift-work sleep 
disorder. It is currently prescribed off label for a 
wide range of neuropsychiatric and other medi-
cal conditions involving fatigue5 as well as for 
healthy people who need to stay alert and awake 
when sleep deprived, such as physicians on night 
call6. In addition, laboratory studies have shown 
that modafinil enhances aspects of executive 
function in rested healthy adults, particularly 
inhibitory control7. Unlike Adderall and Rita-
lin, however, modafinil prescriptions are not 
common, and the drug is consequently rare on 
the college black market. But anecdotal evidence 
and a readers’ survey both suggest that adults 
sometimes obtain modafinil from their physi-
cians or online for enhancement purposes2.

A modest degree of memory enhancement 
is possible with the ADHD medications just 
mentioned as well as with medications devel-
oped for the treatment of Alzheimer’s disease 
such as Aricept (donepezil), which raise levels 
of acetylcholine in the brain8. Several other 
compounds with different pharmacological 
actions are in early clinical trials, having shown 
positive effects on memory in healthy research 
subjects (see, for example, ref. 9). It is too early 
to know whether any of these new drugs will 

be proven safe and effective, but if one is it will 
surely be sought by healthy middle-aged and 
elderly people contending with normal age-
related memory decline, as well as by people 
of all ages preparing for academic or licensure 
examinations. 

Favouring innovation
Human ingenuity has given us means of enhanc-
ing our brains through inventions such as writ-
ten language, printing and the Internet. Most 
authors of this Commentary are teachers and 
strive to enhance the minds of their students, 
both by adding substantive information and by 
showing them new and better ways to process 
that information. And we are all aware of the 
abilities to enhance our brains with adequate 
exercise, nutrition and sleep. The drugs just 
reviewed, along with newer technologies such 
as brain stimulation and prosthetic brain chips, 
should be viewed in the same general category 
as education, good health habits, and informa-
tion technology — ways that our uniquely inno-
vative species tries to improve itself.

Of course, no two enhancements are equiva-
lent in every way, and some of the differences 
have moral relevance. For example, the ben-
efits of education require some effort at self-
improvement whereas the benefits of sleep do 
not. Enhancing by nutrition involves changing 
what we ingest and is therefore invasive in a way 

C
. G

A
LL

A
G

H
ER

/S
PL

Adderall is one of several drugs 
increasingly used to enhance 
cognitive function.
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“...one survey estimated that almost 7% of students in US 
universities have used prescription stimulants [Adderall 

and Ritalin] in this way, and that on some campuses, up to 
25% of students had used them in the past year. These 
students are early adopters of a trend that is likely to 
grow, and indications suggest that they’re not alone.”
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FIG. 2: Persistent growth of team size in patents The cumulative probability distribution (cdf) of the number of coinventors per patent over
consecutive non-overlapping 3-year periods across the 30-year period 1979–2008. (Right panels) For each 3-year period we plot the mean of
the distribution hai, the standard deviation �a, and the value Q95 corresponding to the 95th percentile.

FIG. 3: Increasing complexity with team size. a denotes the number of team members (nodes), N the number of “associations” (links),
and the ratio a/N is a simple measure for the transparency of the contributions of the team’s members. The maximum number of links in a
network with a members is N = a(a � 1)/2

Team Ethics: Credit distribution in large team science

Cutting the “credit pie” fairly: 
Who gets credit? “Who’s on first”?

Citation (impact) credit:
- Is it shared equally amongst a coauthors?

Fraud/Retraction anti-credit:
- can impact all a coauthors
- If credit is shared equally then should 
blame also?a = 30, N = 138

2008-2012
NEJM (Medicine),   P ( ≥ 30) = 0.065 
PRL (Physics),        P ( ≥ 30) = 0.040
Cell (Biology),        P ( ≥ 30) = 0.017

~ factor of 20 increase in retractions from 2000 - 2010
The retraction penalty: Evidence from the web of science.   
Lu SF, Jin GZ, Uzzi B, Jones B. Scientific Reports 3, 3146 (2013).

The reward system in science developed during a period when teams were relatively 
small. Hence, there is an inherent difficulty in distributing fairly sliced credits in large 
modular teams comprised of heterogenous members
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Quantifying career growth in science
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FIG. 1: Longitudinal analysis of publication and citation growth patterns. (a,b) Growth curves, appropriately rescaled to start from
unity, show the characteristic career trajectories of the scientists in each cohort. The characteristic ↵ and ⇣ exponents shown in each legend
are calculated over the growth phase of the career, in (a) over the first 30 years and in (b) over the first 20 years. The mathematicians [E]
have distinct career trajectories, with ↵ ⇡ 1 since collaboration spillovers play a smaller role in their production growth. (c) Schematic
illustration of the multiplex scientific network surrounding career i. Links in the upper network represent the dynamic collaborations between
scientists (nodes); links within the lower network represent the citation network between papers (nodes); the cross-links between the networks
represent the association between individual careers and the corresponding publication portfolio, serving as a platform for reputation signaling
[14, 21, 23].

• coevolutionary system: 
• knowledge 
• institutions 
• careers

• social processes:
• behavioral aspects
• economic incentives
• cumulative advantage mechanisms 
• collaboration / competition

Complexity 

Science careers are embedded in a co-evolving network of networks
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Quantitative evaluation in science is increasingly based on 
productivity and citations measures

The data: longitudinal Web of Science 
publication and citation data for 450 top 

scientists; 83,693 papers, 7,577,084 
citations tracked over 387,103 years

Highly-cited scientists establish upper 
limits to longitudinal career growth

Set A: 100 most-cited physicists, average 
h-index,〈h〉= 61 ± 21 

Set B: 100 additional highly-prolific 
physicists,〈h〉 = 44 ± 15 

Set C: 100 assistant professors from 50 
US physics depts.,〈h〉 = 15 ± 7 

Set D: 100 most-cited cell biologists,
〈h〉 = 98 ± 35 

Set E: 50 highly-cited pure 
mathematicians,〈h〉 = 20 ± 10

ζ > α > 1: knowledge, reputation, 
and collaboration spillovers 
contribute to sustainable growth 
across the academic career



Benchmark patterns of microscopic career growth dynamics

Statistical regularities in the rank-citation profile of scientists, A. M. Petersen, H. E. Stanley, S. Succi. Scientific Reports 1, 181 (2011).

paper, unless otherwise noted, we use T
i

= Min[30, l
i

] in order to restrict our analysis on the

“growth period” of the academic career.

Fig. 3(B) shows the characteristic production trajectory obtained by averaging together the

A individual trajectories ˜N
i

(t) belonging to each dataset, h ˜N(t)i ⌘ A�1
P

A

i=1 Ni

(t)/hn
i

i, We

rescale the characteristic trajectory by h ˜N(1)i,

hN 0
(t)i = h ˜N(t)i/h ˜N(1)i ⇠ t↵ (S1)

resulting in arbitrary ordinate units but a common starting point at (1, 1), which make it easier to

visually compare the scaling exponents ↵ across datasets in Fig. 3. We calculate ↵ using OLS

regression of lnhN 0
(t)i versus ln t over the range t 2 [1, 30]. We perform analogous OLS regres-

sion of individual N
i

(t) over the range t 2 [3, T
i

] to calculate individual ↵
i

(see Tables S1-S9).

These empirical facts demonstrate that accelerated career growth ↵
i

> 1 is a characteristic prop-

erty of the top cohort, consistent with increasing returns arising from knowledge and production

spillovers.

B. Longitudinal citation dynamics

The scientific impact of a paper p is universally measured by the cumulative number of citations
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tp,0+⌧�1X
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p

(x) , (S2)

where we define �c
p

(t) as the number of citations received by the paper in career year t, with

the definition for paper age ⌧ = t � t
p,0 + 1 which defines the relation between the paper age ⌧ ,

the career age t, and the first year the paper was cited, t
p,0. Without loss of generality, the paper

index p can be replaced by a rank-ordered index r. Hence, the total number of citations to the

papers coauthored by individual i is calculated by integrating the rank-ordered citation distribution

c
i

(r, t),

C
i

(t) =

Ni(t)X

r=1

c
i

(r, t) . (S3)

Figures 4 and S1–S3 illustrate longitudinal citation profiles for 33 scientists, showing the citation

trajectories for their top papers as well as C
i

(t).

5

paper, unless otherwise noted, we use T
i

= Min[30, l
i

] in order to restrict our analysis on the

“growth period” of the academic career.

Fig. 3(B) shows the characteristic production trajectory obtained by averaging together the

A individual trajectories ˜N
i

(t) belonging to each dataset, h ˜N(t)i ⌘ A�1
P

A

i=1 Ni

(t)/hn
i

i, We

rescale the characteristic trajectory by h ˜N(1)i,

hN 0
(t)i = h ˜N(t)i/h ˜N(1)i ⇠ t↵ (S1)

resulting in arbitrary ordinate units but a common starting point at (1, 1), which make it easier to

visually compare the scaling exponents ↵ across datasets in Fig. 3. We calculate ↵ using OLS

regression of lnhN 0
(t)i versus ln t over the range t 2 [1, 30]. We perform analogous OLS regres-

sion of individual N
i

(t) over the range t 2 [3, T
i

] to calculate individual ↵
i

(see Tables S1-S9).

These empirical facts demonstrate that accelerated career growth ↵
i

> 1 is a characteristic prop-

erty of the top cohort, consistent with increasing returns arising from knowledge and production

spillovers.

B. Longitudinal citation dynamics

The scientific impact of a paper p is universally measured by the cumulative number of citations

c
p

(⌧) =

tp,0+⌧�1X

x=tp,0

�c
p

(x) , (S2)

where we define �c
p

(t) as the number of citations received by the paper in career year t, with

the definition for paper age ⌧ = t � t
p,0 + 1 which defines the relation between the paper age ⌧ ,

the career age t, and the first year the paper was cited, t
p,0. Without loss of generality, the paper

index p can be replaced by a rank-ordered index r. Hence, the total number of citations to the

papers coauthored by individual i is calculated by integrating the rank-ordered citation distribution

c
i

(r, t),

C
i

(t) =

Ni(t)X

r=1

c
i

(r, t) . (S3)

Figures 4 and S1–S3 illustrate longitudinal citation profiles for 33 scientists, showing the citation

trajectories for their top papers as well as C
i

(t).

5

tt cumulative # of citations at paper age τ

cumulative citations by career age t

The rank-citation profile illustrates
 the evolution of the publication-

impact portfolio

The Discrete Generalized Beta Distribution (DGBD) model for ci(r) 

Statistical regularities in the rank-citation profile
of scientists
Alexander M. Petersen ⇥, H. Eugene Stanley ⇥ , Sauro Succi † ‡

�Center for Polymer Studies and Department of Physics, Boston University, Boston, Massachusetts 02215, USA,†Istituto Applicazioni Calcolo C.N.R., Rome, IT, and
‡Freiburg Institute for Advanced Studies, Albertstrasse, 19, D-79104, Freiburg, Germany

Submitted to Proceedings of the National Academy of Sciences of the United States of America

Scientific careers can be difficult to summarize since success and
the potential for future success are related to a large variety of
different factors. Here we analyze the complete publication ca-
reers of 200 scientists and find remarkable statistical regularity in
the functional form of the rank-citation profile ci(r) for each sci-
entist i. The quantifiable regularity suggests that there is a fun-
damental underlying mechanism for career development, which
presumably applies in general to many types of competitive ca-
reers. Specifically, we find that the rank-ordered citation distri-
bution ci(r) can be approximated by a discrete generalized beta
distribution (DGBD) over the entire range of ranks r, which allows
for the characterization and comparison of ci(r) using a common
framework. The functional form of the DGBD has two scaling ex-
ponents, �i and ⇥i, which determine the scaling behavior of ci(r)
for both small and large rank r. The crossover between two scal-
ing regimes suggests a complex relation between the success of
a scientist’s most famous papers and the success of their com-
plementary papers, together constituting their career publication
works. We use the analytic properties of the DGBD to derive an
exact expression for the crossover value r⇥ which highlights the
distinguished papers of a given author, characterized by the c-star
value ci(r⇥), in analogy to the h-index. We compare the c(r⇥), �,
⇥, and h-index values, and several other metrics, for 200 success-
ful scientists from the physics community. Furthermore, we also
develop a new function, the “gap index" G(�h), which has predic-
tive capability in estimating the future increase �h of the h-index
using the values of ci(r) for r � h.

socio-physics | productivity | Zipf law | legacy

A scientist’s career is subject over time to a myriad of random
factors. As a result, the path to success is neither simple nor

regular. The rank-citation profile ci(r), where ci(r) is the number
of citations of individual i to his/her paper r ranked in decreasing
order ci(1) ⌅ ci(2) ⌅ . . . ci(N), quantitatively summarizes the
publication career of a given scientist. In order to better understand
the statistical regularities of scientific careers, we analyze the career
citation data of 200 highly cited scientists.

We select a given scientist based upon the cumulative number of
citations he/she has obtained from his/her publications in the jour-
nal Physical Review Letters (PRL), comparing all scientists who have
published at least one article in PRL over the 50-year period 1958-
2008. Although all scientists analyzed here can be considered largely
successful, we separate the scientists into two data sets for compari-
son:

[A] The 100 most-cited scientists according to the citation shares met-
ric [1] (with a set average h-index ⌃h⌥ = 61 ± 21).

[B] 100 other “control" scientists, taken from the same PRL database
(with a set average h-index ⌃h⌥ = 44 ± 15).

We describe in more detail the selection procedure for these two sets
in the Methods section of the Supporting Information (SI) text.

There are many conceivable ways to quantify the impact of a
scientist’s N articles constituting ci(r). The h-index [2] is widely
acknowledged as a single number conveying an approximate quan-
tification of a scientist’s cumulative impact. The h-index of a given
scientist i is defined by a single point on the rank-citation profile ci(r)
satisfying

c(h) = h . [1]

In Fig. 1 we plot the number of citations ci(r) for the top 4 physi-
cists, ranked according to their h-indices. Additionally, we plot the
lines Hp(r) ⇥ p r for 5 values of p = {1, 2, 5, 20, 80}. We use the
“generalized h-index" hp, proposed in [3] and further analyzed in [4],
defined as the intersection of Hp(r) with ci(r),

c(hp) = php [2 ]

with the relation hp ⇤ hq for p > q. The value p ⇥ 1 recovers the
h-index proposed by Hirsch so that h = h1. We will use the gener-
alized h-index to establish quantitative indicators of scale invariance
in the citation profiles, as well as the mobility of the h index.

Model for c(r)
For each scientist i analyzed, we find that ci(r) can be approximated
by the discrete generalized beta distribution (DGBD) [5, 6],

c(r) ⇥ Ar��(N + 1� r)⇥ . [3]

The parameters A, �, and ⇥ and N are each defined for a given
ci(r) corresponding to an individual scientists i, however we suppress
the index i in equations to keep the notation concise. We estimate
the two scaling parameters � and ⇥ using multiple linear regression
of log ci(r), replacing N with r1, the largest value of r for which
c(r) ⌅ 1 (we find that r1/N ⇧ 0.84 ± 0.01 for all careers ana-
lyzed). Fig. 1 demonstrates the excellent approximation of ci(r) by
the DGBD, for both large and small r. The regression correlation
coefficient R > 0.97 for all log ci(r) profiles analyzed.

The DGBD proposed in [5] is an improvement over the Zipf-law
(power-law) model and the stretched exponential model [2] since it
reproduces the varying curvature in ci(r) for both small and large
r. The DGBD has been successfully used to model numerous rank-
ordering profiles analyzed in [5, 6] which arise in the natural and
socio-economic sciences. Typically, an exponential cutoff is imposed
in the power-law model, and justified as a finite-size effect. The
DGBD does not require this assumption, but rather, introduces a sec-
ond scaling exponent ⇥ which controls the curvature in ci(r) for large
r values. The relative values of the � and ⇥ exponents are thought
to capture two distinct scales that contribute to the evolution of ci(r)
[5, 6]. In the case of citation statistics analyzed here, there is likely a
rank-dependent dynamics that distinguishes between “heavy-weight”
papers and “newborn” papers in the time evolution of ci(r).

The exponent � defines an approximate scaling regime that is
truncated for rank values larger than a rank cutoff rc ⇥ (r1 + 1)/⇥.
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β

⇒ Hence, 

knowing both 
the

 h-index and C is 
≈ redundant

Ni = # of publications
βi = scaling slope of top papers
γi = truncation scaling of less-cited papers
Ci = total citations from all papers

Scaling 
relation 
between 

C, h, and β

C ~ h1+β

total citations C
i

and h
i

was shown to be

C
i

⇠ h1+�i
i

. (S12)

The DGBD is an improvement over the Zipf law (also called the generalized power-law or Lotka-

law) model and the stretched exponential model since it reproduces the varying curvature in c
i

(r)

for both small and large r. Instead of discarding the curvature in the large r regime as finite-size

effects, the DGBD accounts for the curvature using a second scaling exponent �
i

. The parameters

A
i

, �
i

, �
i

and N
i

are each defined for a given c
i

(r) corresponding to an individual scientists i.

We estimate the two scaling parameters �
i

and �
i

using Mathematica software to perform a

multiple linear regression of ln c
i

(r) = lnA
i

��
i

ln r+�
i

ln(N
i

+1� r) in the base functions ln r

and ln(N
i

+1� r). In our fitting procedure we replace N with r1, the largest value of r for which

c(r) � 1 (for example, we find that r1/Ni

⇡ 0.84 ± 0.01 for careers in datasets [A] and [B] for

which the regression correlation coefficient R
i

> 0.97 in all cases). To properly weight the data

points for better regression fit over the entire range, we use only 20 values of c
i

(r) data points that

are equally spaced on the logarithmic scale in the range r 2 [1, r1].

The �
i

value determines the relative change in the c
i

(r) values for the high-rank papers, and

thus it can be used to further distinguish the careers of two scientists with the same h-index. In

particular, smaller �
i

values characterize flat profiles with relatively low contrast between the high

and low-rank regions of any given profile, while larger �
i

values indicate a sharper separation

between the two regions.

In order to demonstrate the common functional form of the DGBD model, we collapse

all 200 c
i

(r) in datasets [C] and [D] along a universal scaling function c(r0) = 1/r0 by using

the rescaled rank values r0 ⌘ r�i defined for each curve. In Fig. S7 we plot the quantity

c
i

(r0) ⌘ c
i

(r)/A(r1 + 1 � r)� , using the best-fit �
i

and A
i

parameter values for each individual

c
i

(r) profile. While the c
i

(r) curves in the left panels are jumbled and distributed over a large

range of c(r) values, the rescaled c
i

(r) all lie approximately along the master curve c(r0) = 1/r0.
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Scientific careers can be difficult to summarize since success and
the potential for future success are related to a large variety of
different factors. Here we analyze the complete publication ca-
reers of 200 scientists and find remarkable statistical regularity in
the functional form of the rank-citation profile ci(r) for each sci-
entist i. The quantifiable regularity suggests that there is a fun-
damental underlying mechanism for career development, which
presumably applies in general to many types of competitive ca-
reers. Specifically, we find that the rank-ordered citation distri-
bution ci(r) can be approximated by a discrete generalized beta
distribution (DGBD) over the entire range of ranks r, which allows
for the characterization and comparison of ci(r) using a common
framework. The functional form of the DGBD has two scaling ex-
ponents, �i and ⇥i, which determine the scaling behavior of ci(r)
for both small and large rank r. The crossover between two scal-
ing regimes suggests a complex relation between the success of
a scientist’s most famous papers and the success of their com-
plementary papers, together constituting their career publication
works. We use the analytic properties of the DGBD to derive an
exact expression for the crossover value r⇥ which highlights the
distinguished papers of a given author, characterized by the c-star
value ci(r⇥), in analogy to the h-index. We compare the c(r⇥), �,
⇥, and h-index values, and several other metrics, for 200 success-
ful scientists from the physics community. Furthermore, we also
develop a new function, the “gap index" G(�h), which has predic-
tive capability in estimating the future increase �h of the h-index
using the values of ci(r) for r � h.

socio-physics | productivity | Zipf law | legacy

A scientist’s career is subject over time to a myriad of random
factors. As a result, the path to success is neither simple nor

regular. The rank-citation profile ci(r), where ci(r) is the number
of citations of individual i to his/her paper r ranked in decreasing
order ci(1) ⇧ ci(2) ⇧ . . . ci(N), quantitatively summarizes the
publication career of a given scientist. In order to better understand
the statistical regularities of scientific careers, we analyze the career
citation data of 200 highly cited scientists.

We select a given scientist based upon the cumulative number of
citations he/she has obtained from his/her publications in the jour-
nal Physical Review Letters (PRL), comparing all scientists who have
published at least one article in PRL over the 50-year period 1958-
2008. Although all scientists analyzed here can be considered largely
successful, we separate the scientists into two data sets for compari-
son:

[A] The 100 most-cited scientists according to the citation shares met-
ric [1] (with a set average h-index  h⌦ = 61 ± 21).

[B] 100 other “control" scientists, taken from the same PRL database
(with a set average h-index  h⌦ = 44 ± 15).

We describe in more detail the selection procedure for these two sets
in the Methods section of the Supporting Information (SI) text.

There are many conceivable ways to quantify the impact of a
scientist’s N articles constituting ci(r). The h-index [2] is widely
acknowledged as a single number conveying an approximate quan-
tification of a scientist’s cumulative impact. The h-index of a given
scientist i is defined by a single point on the rank-citation profile ci(r)
satisfying

c(h) = h . [1]

In Fig. 1 we plot the number of citations ci(r) for the top 4 physi-
cists, ranked according to their h-indices. Additionally, we plot the
lines Hp(r) ⇤ p r for 5 values of p = {1, 2, 5, 20, 80}. We use the
“generalized h-index" hp, proposed in [3] and further analyzed in [4],
defined as the intersection of Hp(r) with ci(r),

c(hp) = php [2 ]

with the relation hp ⌅ hq for p > q. The value p ⇤ 1 recovers the
h-index proposed by Hirsch so that h = h1. We will use the gener-
alized h-index to establish quantitative indicators of scale invariance
in the citation profiles, as well as the mobility of the h index.

Model for c(r)
For each scientist i analyzed, we find that ci(r) can be approximated
by the discrete generalized beta distribution (DGBD) [5, 6],

c(r) ⇤ Ar��(N + 1 � r)⇥ . [3]

The parameters A, �, and ⇥ and N are each defined for a given
ci(r) corresponding to an individual scientists i, however we suppress
the index i in equations to keep the notation concise. We estimate
the two scaling parameters � and ⇥ using multiple linear regression
of log ci(r), replacing N with r1, the largest value of r for which
c(r) ⇧ 1 (we find that r1/N ⌃ 0.84 ± 0.01 for all careers ana-
lyzed). Fig. 1 demonstrates the excellent approximation of ci(r) by
the DGBD, for both large and small r. The regression correlation
coefficient R > 0.97 for all log ci(r) profiles analyzed.

The DGBD proposed in [5] is an improvement over the Zipf-law
(power-law) model and the stretched exponential model [2] since it
reproduces the varying curvature in ci(r) for both small and large
r. The DGBD has been successfully used to model numerous rank-
ordering profiles analyzed in [5, 6] which arise in the natural and
socio-economic sciences. Typically, an exponential cutoff is imposed
in the power-law model, and justified as a finite-size effect. The
DGBD does not require this assumption, but rather, introduces a sec-
ond scaling exponent ⇥ which controls the curvature in ci(r) for large
r values. The relative values of the � and ⇥ exponents are thought
to capture two distinct scales that contribute to the evolution of ci(r)
[5, 6]. In the case of citation statistics analyzed here, there is likely a
rank-dependent dynamics that distinguishes between “heavy-weight”
papers and “newborn” papers in the time evolution of ci(r).

The exponent � defines an approximate scaling regime that is
truncated for rank values larger than a rank cutoff rc ⇤ (r1 + 1)/⇥.

Reserved for Publication Footnotes

www.pnas.org — — PNAS Issue Date Volume Issue Number 1–5

⤸

8

100
101
102
103
104

ci
ta

tio
ns

, c
(z

)

-150 -100 -50 0 50 100 150
centered rank, z  = r - (N+1)/2

10-2

10-1

100

- !
(z

)

z- z+zx

r*

-!

H1
c(r*) h1

b

c

100 101 102

paper rank, r
100
101
102
103
104

ci
ta

tio
ns

, c
(r

) z- z+
zx

r*

H1

c*

h1

a

FIG. 5: Characteristic properties of the DGBD. We graphically illustrate the derivation of the characteristic c
i

(r) crossover values that
locate the two tail regimes of c

i

(r), in particular, the distinguished “peak” paper regime corresponding to paper ranks r  r⇤ (shaded region).
The crossover between two scaling regimes suggests a complex reinforcement relation between the impact of a scientist’s most famous papers
and the impact of his/her other papers. (a) The c

i

(r) plotted on log-log axes with N = 278, � = 0.83 and � = 0.67, corresponding to the
average values of the Dataset [A] scientists.The hatched magenta curve is the H1(z) line on the log-linear scale with corresponding h-index
value h = 104. The r⇤ value for c

i

(r) is not visibly obvious. (b) We plot on log-linear axes the centered citation profile c
i

(z) (solid black
curve) given by the symmetric rank transformation z = r� z0 in Eq. [7]. This representation better highlights the peak paper regime, but fails
to highlight the power-law � scaling. (c) We plot the corresponding logarithmic derivative �(z) of c(z) (solid black curve), which represents
the relative change in c(z). The dashed red line corresponds to��, where � is the average value of �(z) given by Eq. [12]. The values of z±,
indicated by the solid vertical green lines, are defined as the intersection of � with �(z) given by Eq. [13]. The regime z < z� corresponds to
the best papers of a given author. The hatched blue line corresponds to z�

x

which marks the crossover between the � and � scaling regimes.
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curve) given by the symmetric rank transformation z = r� z0 in Eq. [7]. This representation better highlights the peak paper regime, but fails
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⇒ Hence, 

knowing both the
 h-index and C is 
≈ redundant

Ni = # of publications
βi = scaling slope of top papers
γi = truncation scaling of less-cited papers
Ci = total citations from all papers

Scaling 
relation 

between C, 
h, and β

C ~ h1+β

A. M. Petersen,  H. E. Stanley, S. Succi. 
Statistical regularities in the rank-
citation profile of scientists. 
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Scientific careers can be difficult to summarize since success and
the potential for future success are related to a large variety of
different factors. Here we analyze the complete publication ca-
reers of 200 scientists and find remarkable statistical regularity in
the functional form of the rank-citation profile ci(r) for each sci-
entist i. The quantifiable regularity suggests that there is a fun-
damental underlying mechanism for career development, which
presumably applies in general to many types of competitive ca-
reers. Specifically, we find that the rank-ordered citation distri-
bution ci(r) can be approximated by a discrete generalized beta
distribution (DGBD) over the entire range of ranks r, which allows
for the characterization and comparison of ci(r) using a common
framework. The functional form of the DGBD has two scaling ex-
ponents, �i and ⇥i, which determine the scaling behavior of ci(r)
for both small and large rank r. The crossover between two scal-
ing regimes suggests a complex relation between the success of
a scientist’s most famous papers and the success of their com-
plementary papers, together constituting their career publication
works. We use the analytic properties of the DGBD to derive an
exact expression for the crossover value r⇥ which highlights the
distinguished papers of a given author, characterized by the c-star
value ci(r⇥), in analogy to the h-index. We compare the c(r⇥), �,
⇥, and h-index values, and several other metrics, for 200 success-
ful scientists from the physics community. Furthermore, we also
develop a new function, the “gap index" G(�h), which has predic-
tive capability in estimating the future increase �h of the h-index
using the values of ci(r) for r � h.

socio-physics | productivity | Zipf law | legacy

A scientist’s career is subject over time to a myriad of random
factors. As a result, the path to success is neither simple nor

regular. The rank-citation profile ci(r), where ci(r) is the number
of citations of individual i to his/her paper r ranked in decreasing
order ci(1) ⇧ ci(2) ⇧ . . . ci(N), quantitatively summarizes the
publication career of a given scientist. In order to better understand
the statistical regularities of scientific careers, we analyze the career
citation data of 200 highly cited scientists.

We select a given scientist based upon the cumulative number of
citations he/she has obtained from his/her publications in the jour-
nal Physical Review Letters (PRL), comparing all scientists who have
published at least one article in PRL over the 50-year period 1958-
2008. Although all scientists analyzed here can be considered largely
successful, we separate the scientists into two data sets for compari-
son:

[A] The 100 most-cited scientists according to the citation shares met-
ric [1] (with a set average h-index  h⌦ = 61 ± 21).

[B] 100 other “control" scientists, taken from the same PRL database
(with a set average h-index  h⌦ = 44 ± 15).

We describe in more detail the selection procedure for these two sets
in the Methods section of the Supporting Information (SI) text.

There are many conceivable ways to quantify the impact of a
scientist’s N articles constituting ci(r). The h-index [2] is widely
acknowledged as a single number conveying an approximate quan-
tification of a scientist’s cumulative impact. The h-index of a given
scientist i is defined by a single point on the rank-citation profile ci(r)
satisfying

c(h) = h . [1]

In Fig. 1 we plot the number of citations ci(r) for the top 4 physi-
cists, ranked according to their h-indices. Additionally, we plot the
lines Hp(r) ⇤ p r for 5 values of p = {1, 2, 5, 20, 80}. We use the
“generalized h-index" hp, proposed in [3] and further analyzed in [4],
defined as the intersection of Hp(r) with ci(r),

c(hp) = php [2 ]

with the relation hp ⌅ hq for p > q. The value p ⇤ 1 recovers the
h-index proposed by Hirsch so that h = h1. We will use the gener-
alized h-index to establish quantitative indicators of scale invariance
in the citation profiles, as well as the mobility of the h index.

Model for c(r)
For each scientist i analyzed, we find that ci(r) can be approximated
by the discrete generalized beta distribution (DGBD) [5, 6],

c(r) ⇤ Ar��(N + 1 � r)⇥ . [3]

The parameters A, �, and ⇥ and N are each defined for a given
ci(r) corresponding to an individual scientists i, however we suppress
the index i in equations to keep the notation concise. We estimate
the two scaling parameters � and ⇥ using multiple linear regression
of log ci(r), replacing N with r1, the largest value of r for which
c(r) ⇧ 1 (we find that r1/N ⌃ 0.84 ± 0.01 for all careers ana-
lyzed). Fig. 1 demonstrates the excellent approximation of ci(r) by
the DGBD, for both large and small r. The regression correlation
coefficient R > 0.97 for all log ci(r) profiles analyzed.

The DGBD proposed in [5] is an improvement over the Zipf-law
(power-law) model and the stretched exponential model [2] since it
reproduces the varying curvature in ci(r) for both small and large
r. The DGBD has been successfully used to model numerous rank-
ordering profiles analyzed in [5, 6] which arise in the natural and
socio-economic sciences. Typically, an exponential cutoff is imposed
in the power-law model, and justified as a finite-size effect. The
DGBD does not require this assumption, but rather, introduces a sec-
ond scaling exponent ⇥ which controls the curvature in ci(r) for large
r values. The relative values of the � and ⇥ exponents are thought
to capture two distinct scales that contribute to the evolution of ci(r)
[5, 6]. In the case of citation statistics analyzed here, there is likely a
rank-dependent dynamics that distinguishes between “heavy-weight”
papers and “newborn” papers in the time evolution of ci(r).

The exponent � defines an approximate scaling regime that is
truncated for rank values larger than a rank cutoff rc ⇤ (r1 + 1)/⇥.
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Aggregating across the career, the minimum spanning tree representation of the

collaboration network shown in Fig. 1(E) illustrates a taxonomic core structure

from which radiate three branches of research communities most associated with

each of the three core scientists. In research groups with large and dense collabo-

ration structures, a scenario which is becoming increasingly common with the in-

creasing prevalence of team science [41], team e�ciency and ethical team work are

important features that are often overlooked as success factors underlying scientific

productivity [15, 39].

This case of a stellar career was intended to graphically motivate the premise for

studying the complex patterns underlying career growth. But indeed every star has

his/her own ascent to success, and so in the next sections we systematically analyze

the top researchers within highly competitive journal arenas in order to gain insight

into the mechanisms of career growth.

2.2 The superstar ascent

In this section we take to the task of analyzing the trajectories of individual scientists

within the competitive arenas formed by high-impact journals. The high-impact

journals analyzed in this manuscript are intended to represent those journals with

limited capacity yet high visibility and prestige within the local community (see the

Data & Methods section 4 for the complete list of journals along with a discussion

of our disambiguation strategy). Specific to the focus of this manuscript, these

are the journals targeted by the majority of publishing researchers on the tenure-

track in either economics or the natural sciences. Our justification for choosing

these journals, anecdotally speaking, is the unwritten rule-of-thumb that young

researchers should have at least one publication in Nature, PNAS, or Science in

order to be competitive for top research university faculty positions.

Operating under these assumptions of the high levels of competition for publi-

cations in these journals, we analyzed the cumulative number of citations C̃i by

any given individual researcher i within (i) the economics arena defined by a col-

lection of 14 highly cited economics journals, and (ii) the multidisciplinary natural

science arena defined by the collection of the journals Nature, PNAS, or Science.

Our disambiguation technique within each journal set was to analyze the set of

author names which are statistically “unique” within the dataset. The assumption

of this method is that the profiles that remain after pruning su↵er from type II

error (“overmatching” or “clumping” of distinct researchers) with a relatively low

likelihood (see [42, 43] for further discussion of these disambiguation methods).

Analyzing the cumulative impact of each author’s publications within each jour-

nal collection is complicated by the fact that citations are time-dependent as well

as discipline dependent. However, by calculating a standardized citation measure

which discounts the total citation count by the average number of citations for all

publications from the same year we approximately remove the underlying time de-

pendence and achieve universal log-normal citation distributions [44, 45]. Hence, we

use the normalized impact transformation

c̃i,p(y) = c

j
i,p(y)/hc

j(y)i (1)
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where c

j
i,p(y) is the total number of citations to publication p from journal j pub-

lished in year y; And hcj(y)i is the average over all publications from the same

year. The year Y indicates the census year when the citation data was collected

(corresponding to 2010 for the natural sciences journals and 2012 for the economics

journals, see the Data & Methods section 4 for further explanation).

Using the normalized citation count c̃ we define the net citation count C̃i(y) by

aggregating across a scientist’s publication record,

C̃i(y) =

Nj(y)X

p=1

c̃i,p(y) , (2)

using only theNj(y) publications in a given journal set. Hence, for a given researcher

i the time variable y varies from the first year yji,0 he/she published in the journal

set j to the arbitrary year Y . Due to the finite citation life cycle of most publications

[25], as long as t is su�ciently long after the publication (5 years being a safe lower

bound), then c̃i,p(y) should be relative stable in the ranking of publications from

the same journal set, and hence our definition of C̃i(y) should be a significantly

robust measure of citation impact that can be aggregated with publications from

other years. Methods for further accounting for variable team size e↵ects have also

been developed and shown to be necessary for any appraisal scheme which mixes

scientists from varying time, discipline, and even subdiscipline [46, 47]. In a very

general sense, we note that this detrending principle is readily extended to other

competitive arenas where the underlying success rate may be time dependent, such

as in the case of competitive sports [48].

Figures 2 and 3 illustrate the ascent of the top researchers within each arena.

Each panel depicts the scientists who entered the journal set in a specific time pe-

riod cohort with the greatest C̃i(Y ). Interestingly, in the case of the economics, there

appears to be a greater level of separation (divergence) among the top ranks as qual-

itatively indicated by the gap between the top (red) curves and the other top-cited

economists. For Nature/PNAS/Science the first-mover advantage does not appear

to be significant, especially with more-distant age-cohorts. A single dot corresponds

to a scientist with a single publication, such as S. Nicklen with more than 63,800

citations arising from “DNA sequencing with chain-terminating inhibitors” (PNAS

74, 1977), and highlights the potentially high returns from a single high-impact

publication. The 1970-1980 cohort also is indicative of the di�culty to follow an

extremely stellar performance, as the first publication of U. Laemmli accrued more

than 65,500 citations whereas the following 3 publications tallied together “only”

about 440 citations.

Altogether, the analysis of top-cited researchers within each arena show that the

extremely heavy-tail of the success distribution arises from a mixture of individuals

with a monumental contribution with individuals who rose to the top via persis-

tent production of high-impact publications. In the next section we emphasize that

despite the variability in the paths of ascent, there are remarkable statistical regu-

larities in the distribution of C̃i across all researchers in the system.

Normalized citation impact Aggregate impact (color value)
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We start with two motivational questions to help guide our intuition on the path

researchers take to success: Are the citation trajectories of top-cited scientists simi-

lar? Are the growth patterns smooth or marked by singular events? To answer these

questions we first calculate the cumulative citation impact achieved by a given re-

searcher, i, via his or her publications in a given journal set, j. It is important to

note that citation counts are time and discipline dependent, and so we standardized

our citation measures by normalizing each publication’s net citation count by the

average total citation count of all publications published in the same year y in j.

This method e↵ectively suppresses the time and discipline dependence [35, 36].

Hence, the normalized citations of a paper, p, published in a journal belonging to

the journal set j in year y is given by

c̃

j
i,p(y) = c

j
i,p,Y (y) / hcjY (y)i, (1)

where c

j
i,p,Y (y) is the total number of citations in census year Y to publication p

published in j in year y, and hcjY (y)i is the average citations calculated over all

publications in j from the same year. Y is the year when the citation data was

collected from TRWOK (corresponding to 2009 for Nat./PNAS/Sci. and 2012 for

the economics journals, see the Data & Methods Section 4 for further explanation).

It is worth mentioning that, despite the fact that Nature, PNAS, and Science are

multidisciplinary journals, for the sake of our analysis, controlling for the base

citation rate is the most important reason for the normalization in Eq. (1). Hence,

in this regard, PNAS, Science and Nature are comparable since they each have

roughly the same order of magnitude in their base citations rates (i.e. the total

number of times their articles are cited per year).

Using the normalized citation count c̃, we define a scientist’s net citation count

C̃

j
i (y) as the sum,

C̃

j
i (y) =

Nj
p(y)X

p=1

c̃

j
i,p(y) . (2)

Here N j
p (y) represents the scientist’s total publications up to year y. The measure is

the scientist’s cumulative citations measured in units of the mean citation baseline

hcjY (y)i. For a given researcher, i, the time variable y runs from the first year y

j
i,0

he/she published in j to the arbitrary census year Y . Due to the finite citation

life cycle of most publications [25], as long as the di↵erence between Y and y

is su�ciently long, then the publication p should have a relative stable ranking

amongst the publications from its journal-year cohort. In our citation analyses we

require the di↵erence Y �y to be at least 7 years. As such, C̃j
i (y) is a robust measure

of cumulative citation impact. Additional methods have also been developed to

account for variable team size by further normalizing by coauthor number, thus

providing a way to aggregate scientists from varying time, discipline, and even sub-

disciplines [37, 38]. In a very general sense, this detrending approach can be easily

applied to other competitive arenas, such as professional sports, where success rates

can be explicitly era dependent [39].
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Inequality and cumulative advantage in science 
careers: a case study of high-impact journals. 
A. M Petersen, O. Penner. 
EPJ Data Science (2014).

Detrending citation counts to account for cohort bias

Measuring cumulative citation impact within 
high-impact journals

Levels of inequality in science careers

Scientific careers demonstrate a 
wide range of long-normally 
distributed citation impact, even 
after controlling for censoring 
bias, cohort bias, and controlling 
for career longevity.

Log-normal “size” distributions 
suggests that      follows a Gibrat 
proportional growth process
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Journal set j Cohort entry years G(C̃) f1%(C̃) G(Np) f1%(Np)

Economics 1970 – 1995 0.80 0.23 0.54 0.09

1970 – 1980 0.83 0.26 0.56 0.10

1980 – 1990 0.79 0.21 0.55 0.09

1990 – 1995 0.74 0.19 0.47 0.07

Nat./PNAS/Sci. 1970 – 1995 0.69 0.18 0.46 0.10

1970 – 1980 0.74 0.22 0.53 0.12

1980 – 1990 0.67 0.15 0.45 0.08

1990 – 1995 0.63 0.12 0.35 0.06

Table 2 Summary of the Gini index (G) and top-1% share (f1%) inequality measures calculated
from the distributions of citation impact (C̃) and productivity (Np) for the cohorts of scientists
whose first publication occurred in the indicated time intervals.

the lower bound of C̃ arising from variability in the value of hcjY (y)i. Moreover, the

poor fit for small C̃ further indicates that the aggregate empirical distributions are

likely mixtures of underlying log-normal distributions with slightly varying shape

and location parameters.

For example, in the 1980-1990 Economics cohort in Fig. 2(A) we calculate µ = 0.23

and �LN = 1.53 and for the 1980-1990 Nat./PNAS/Sci. cohort in Fig. 2(B) we

calculate µ = 0.30 and �LN = 1.25. For contrast, the subset of Nat./PNAS/Sci.

scientists in Fig. 2(C) with L � 11 (with hLi = 20, hNpi = 6.8 and hC̃i = 8.3) have

parameters µ = 1.31 and �LN = 1.26. These values can be used to model the growth

of C̃ using Gibrat’s stochastic (proportional) growth model, �C̃t = C̃t�1(1 + ⌘),

where ⌘ is white noise with mean and standard deviation depending on the log-

normal counterparts, µ and �LN . The limiting distribution of this multiplicative

process is the log normal distribution (see [40] for recent empirical and theoretical

results on firm growth that provides an appropriate starting point for the modeling

of researchers’ publication portfolios as companies in the small size limit).

To provide additional intuition regarding the level of “inequality” within these ci-

tation distributions, we calculated the Gini index G as well as the citation share f1%
of the top 1% of researchers in each P (C̃). For example, for the 1970-1980 cohort

we observe G = 0.83 (economics) and G = 0.74 (Nat./PNAS/Sci.) and found that

the top 1% of researchers (comprised of 17 and 139 researchers, respectively) held

a significantly disproportionate share of 26% and 22% of the total C̃ aggregated

across all researchers in each distribution. Table 2 shows the G(C̃) and f1%(C̃) for

each cohort group, which indicate for both journal sets a decreasing trend in the

citation inequality over time. We note that our calculations do not control for the

increasing prevalence of large collaborations in science [3]. Therefore, because there

are correlations between the number of coauthors and the average citations a pub-

lication receives [22], and because we didn’t control for multiple counting of single

publications in the calculation of the total C̃, it is di�cult to assess whether the dif-

ference between the inequality values calculated for economics (where coauthorship

e↵ect is weak because the number of coauthors is typically small) and for natural

sciences is attributable to this feature of the data.

For comparison, a recent analysis of US research funding at the institutional level

provides a di↵erent picture, indicating a slow but steady increase in the Gini index

Citation inequality levels are high, but over time, science appears 
to becoming more equitable!  (**Possibly a collaboration effect)

Gini index and top-1% share of total citations in high-impact journals 

Interestingly, this story seems to be opposite of what has been observed in a recent 
analysis of US research institute funding, which indicates a slow but steady increase in 
the G across U.S. universities over the last 20 years, with current estimates of the Gini 
inequality index for university expenditure around G ≈ 0.8 (Xie, Science, 2014).  
For comparison, the 2010 U.S. income Gini coefficient was G = 0.4, and the top 1% share of 
individual income (USA) has increased from roughly 10% to 20% over the last half century.

Decreasing 
levels of 
inequality
over time
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What generic processes might contribute to sustained growth across the career?

Macro-level of career trajectories



For each career i we track his/her longitudinal publication rate by 
aggregating over publications in a specific set of high-impact journals

τi(n) is the waiting 
time between an 
author’s nth paper 
and (n+1)th paper?

 By the 10th paper, the 
waiting time between 

publications has 
decreased by ~ factor of 

2 from τi(1) !

 profiles with
 L ≥ 5 and Np ≥ 10

How long does a researcher typically wait before 
his/her next publication in a prestigious journal?

(top 14)



For each career i we track his/her longitudinal publication rate by 
aggregating over publications in a specific set of high-impact journals

τi(n) is the waiting 
time between an 
author’s nth paper 
and (n+1)th paper?

The trend in the 
average ⟨τ(n)⟩ is 
not just a “tail 
effect” , but is 

apparent in a shift in 
the entire distribution 

of waiting times

How long does a researcher typically wait before 
his/her next publication in a prestigious journal?
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Abstract

“One-hit wonders” and “Iron Horses”

Stochastic model for career progress: spatial Poisson process

The “Rich-get-richer” Matthew effect Career success metrics in sports

Decreasing inter-publication time !(n)
The Matthew effect refers to the adage written some two-thousand years ago in the Gospel of St.
Matthew: ``For to all those who have, more will be given". Even two millennia later, this idiom is
used by sociologists to qualitatively describe individual progress and the interplay between status
and reward. Quantitative studies of professional careers are traditionally limited by the difficulty in
measuring progress and the lack of data on individual careers. However, in some professions,
there are well-defined metrics that quantify career longevity, success, and prowess, which together
contribute to the overall success rating for an individual employee. Here we demonstrate  testable
evidence, inherent  in the remarkable statistical regularity of career longevity distributions, of the
age-old Matthew ``rich get richer"  effect, in which  longevity and past success lead to cumulative
advantage.  We develop an exactly solvable  stochastic model that quantitatively incorporates  the
Matthew  effect such that it can be validated in competitive professions. These results demonstrate
that statistical laws can exist at even the microscopic social level, where the collective behaviour of
individuals can lead to emergent phenomena. We test our model on the careers of 400,000
scientists using data from six high-impact journals. We further confirm our findings by testing the
model on the careers of more than 20,000 athletes in four sports leagues.
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We analyze the professional careers of:

• 400,000 scientists publishing in 6 high-impact journals: Nature, the Proceedings of the

National Academy of Science, Science, CELL, the New England Journal of Medicine,

and Physical Review Letters

• 20,000 professional athletes: Major League Baseball (1920-2004), Korean

Professional Baseball League 1982-2007, National Basketball Association 1946-2004,

English Premier League 1992-2007

Theoretical curves (solid green lines) derived from our stochastic model show excellent

agreement with empirical data. We define metrics for career longevity that are inherently

related to the time spent in the career, and according to the available data.

•  scientific longevity: x = y last - y first+1

 which is the time interval in years between a scientist’s first and last publication in a

given high-impact journal

• sports longevity: x = total number of in-game opportunities over the career

- Baseball: At-bats (AB), Innings Pitched in Outs (IPO)

- Basketball: minutes played

- Soccer: games played

We model progress in competitive professions as a random hopping process with two main ingredients:

• random forward progress up the career ladder

• random stopping times, terminating the career

We solve the corresponding master equation governing the evolution of P(x,t), the probability that an individual is at career

position x at time t. The progress rate parameter g(x) determines the relative difference in late-career progress versus

early-career progress. We choose a functional form for g(x) that increases with x, capturing the salient feature of the

Matthew effect that it becomes easier to make progress the further along is the career.

- ``For to all those who have, more will be given”
Matthew 25:29

For " > 1 :  P(x) is bimodal

For " < 1 :  P(x) is a truncated power-law,

We choose a functional form for the progress rate g(x) which is characterized by two parameters:

(1) " is a scaling exponent which quantifies the growth of g(x) for small values of x. For small x < xc  the progress rate g(x) ~ x"

Two different types of career longevity probability density function (pdf) emerge depending on the value of " :

(i) For convex " > 1 it is more difficult to make progress early in the career, and hence, P(x) is bimodal, with one group of stunted

careers grouped around small x < xc values and another group of successful careers grouped around larger x > xc values.

(ii) For concave " < 1 it is easier to make progress early in the career. This feature results in a remarkable statistical regularity

over several orders of magnitude captured by a truncated power-law with scaling exponent ".

(2)  xc is a career length scale which separates newcomers from veterans on the career ladder. The width xw of the “potential barrier”   

which newcomers must overcome scales as   xw / xc ! xc
-1/"

We observe " < 1 for all careers analyzed. The statistical regularity implies that the relative number of individuals with career longevity

x1and  x2 are given approximately by the ratio   P(x1)/P(x2) = (x2/x1)" which is quantified only by a scale-free ratio and the  scaling

exponent.

xw

Xc # 103

" = 0.40
In sports, successes are obtained in proportion to the total number of opportunities.

Hence, the probability density function P(z) of career successes z is also a truncated

power law with the same scaling exponent " as the corresponding longevity

distribution.

•  (A) MLB Baseball: xc
Hits ! 1200, xc

RBI ! 600.

  One hit wonders: 5% of all fielders 1920-Present finish career with only 1 hit !

3% of all pitchers finish career with less than an inning pitched!

•  (B) NBA Basketball: xc
Points ! 8000, xc

Rebounds ! 3500

Furthermore, we approximate P(z) with the Gamma pdf, and use the extreme
statistics of the Gamma distribution to estimate benchmarks which distinguish stellar
careers (e.g. Hall of Fame). See [1] and [2] for a discussion of establishing statistically
significant milestones for HR, K, RBI, and W in professional baseball.

See Ref. [1,2,4] for more details.

See Ref. [1] for more details.

See Ref. [3] for more details.
See Ref. [1] for more details.

.

.

.

See Ref. [1,2,3,4] for more details.

We analyze the inter-publication waiting time !(n) between an author’s paper n and

paper n+1 in a given journal. The quantity !(n) is inversely proportional to the

progress probability g(x) used in the stochastic model. We find that the average

inter-publication time ‹ !(n) › decreases with increasing number publications,

consistent with the Matthew effect. The values of ‹ !(1) › are 2.2 (CELL, PRE), 3.0

(Nature, PNAS, Science), and 3.5 (NEJM) years.

‹ !(n) › = 1 / g(n)

Lou Gehrig HOF plaque

g(x) = 1 / ⟨τ(x)⟩
The progress probability g is the 

inverse of the mean waiting time τ

n and the paper n+1. The values of !!"1#$ for each journal
are 2.2 "CELL, PRL#, 3.0 "Nature, PNAS, Science# and 3.5
"NEJM# years. The decrease in waiting time between publi-
cations is a signature of the cumulative advantage mecha-
nism qualitatively described in %19& and quantitatively ana-
lyzed in %16,18&. To avoid presenting statistical fluctuations
arising from the small size of data sets, we only present
!!"n#$ computed for data sets exceeding 75 observations.

To explain the steady decline of the curve for PRL we
mention that PRL has many authors with many articles
"n"100#. A possible explanation is that a significant number
of these authors are involved in large particle accelerator
experiments with multiple collaborating groups. These mul-
tilateral projects contribute significantly to the heavy tail ob-
served in the pdf of the number of authors per paper "Fig. 3#.
Hence, the decay in the curve for PRL which approaches
zero might be due to the project leaders at large experimental

institutions which produce over many years many significant
results per year. Furthermore, the organization of the curves
in Fig. 7 suggests that it is more difficult at the beginning of
a career to repeatedly publish in CELL than PRL. Reaching a
crossover point along the career ladder is a generic phenom-
enon observed in many professions. Accordingly, surmount-
ing this abstract crossover is motivated by significant per-
sonal incentives, such as salary increase, job security, and
managerial responsibility.

IV. DISCUSSION

Scientific careers share many qualities with other com-
petitive careers, such as the careers of professional sports
players, inventors, entertainers, actors, and musicians
%15,32,33&. Limited resources such as employment, salary,
creativity, equipment, events, data samples, and even indi-
vidual lifetime contribute to the formation of generic arenas
for competition. Hence, of interest here is the distribution of
success and productivity in high-impact journals which in
principle have high standards of excellence.

In science, there are unwritten guides to success requiring
ingenuity, longevity, and publication. We observe a quantifi-
able statistical regularity describing publication careers of
individual scientists across both time and discipline. Interest-
ingly, we find that the scaling exponent for individual papers
"#'3# is larger than the scaling exponent for total citation
shares "$'2.5# and the scaling exponent for total paper
shares "$'2.6#, which indicates that there is a higher fre-
quency of stellar careers than stellar papers. This is consis-
tent with the observation that a stellar career can result from
an arbitrary combination of stellar papers and consistent suc-
cess, as demonstrated in Table III. In all, the statistical regu-
larity found in the distributions for both citation shares and
paper shares lend naturally to methods based on extreme
statistics in order to distinguishing stellar careers. Such
methods have been developed for Hall of Fame candidacy in
baseball %16,34&, where statistical benchmarks are estab-
lished using the distribution of success.

Statistical physicists have long been interested in complex
interacting systems, and are beginning to succeed in describ-
ing social dynamics using models that were developed in the
context of concrete physical systems %35&. This study is in-
spired by the long term goal of using quantitative methods
from statistical physics to answer traditional questions rooted
in social science %36&, such as the nature of competition,
success, productivity, and the universal features of human
activity. Many studies begin as empirical descriptions, such
as the studies of common mobility patterns %37&, sexuality
%38,39&, and financial fluctuations %40&, and lead to a better
understanding of the underlying mechanics. It is possible that
the empirical laws reported here will motivate useful descrip-
tive theories of success and productivity in competitive en-
vironments.
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TABLE IV. Summary of paper shares for “completed” careers.
The value of the log-normal fit parameters % and & correspond to
the pdf before the cutoff value of Ps

c'2 paper shares. The values of
$ are calculated using a data values after the cutoff Ps

c(1 paper
shares, which corresponds to approximately 8% of the total data for
each journal.

Journal % & $

CELL −1.7'0.1 0.7'0.1 2.60'0.05
NEJM −1.7'0.1 1.0'0.1 2.60'0.02
Nature −1.3'0.1 1.0'0.1 2.74'0.05
PNAS −1.6'0.1 0.7'0.1 2.56'0.02
PRL −1.1'0.1 1.0'0.1 2.35'0.02
Science −1.4'0.1 0.9'0.1 2.61'0.02
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FIG. 7. "Color online# A decreasing waiting time !"n# between
publications in a given journal suggests that a longer publication
career "larger n# facilitates future publications, as predicted by the
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is possible in this high-impact letters journal.
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Methods for measuring the citations and productivity 
of scientists across time and discipline, A. M. 
Petersen, F. Wang, H. E. Stanley. Phys. Rev. E 81, 
036114 (2010). 

Quantitative and empirical demonstration of the Matthew 
effect in a study of career longevity. A. M. Petersen, W.-
S. Jung, J.-S. Yang, H. E. Stanley. Proc. Natl. Acad. Sci. 
USA 108, 18-23 (2011).

Cumulative advantage model:  Two main ingredients

1) Forward progress follows a stochastic “progress rate” g(x). Cumulative advantage 
corresponds to g(x) increasing with career position x 

2) Random termination of the career due to hazards (e.g. decreased work performance, economic 
down, economic downturn, health, retirement, etc.)

These empirical findings of decreasing waiting time are consistent with
 a “Matthew Effect” rich-get-richer model



Statistical regularities in the career longevity distribution

opportunities ~ time duration

• 130+ years of player statistics, ~ 
15,000 careers

Major League Baseball

• 3% of all fielders finish their 
career with ONE at-bat!

• 3% of all pitchers finish their 
career with less than one inning 
pitched!

``One-hit wonders”

``Iron horses”

• Lou Gehrig (the Iron Horse): NY Yankees 
(1923-1939)

• Played in 2,130 consecutive games in 15 
seasons! 8001 career at-bats!

• Career & life stunted by the fatal 
neuromuscular disease, amyotrophic lateral 
sclerosis (ALS), aka Lou Gehrig’s Disease
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Inequality and cumulative advantage in science careers: a case study of high-impact journals

Alexander M. Petersen and Orion Penner
Laboratory for the Analysis of Complex Economic Systems and Laboratory of Innovation Management and Economics,

IMT Lucca Institute for Advanced Studies, Lucca 55100, Italy

For the long published version, complete with full analy-
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Analyzing a large data set of publications drawn from the
most competitive journals in the natural and social sciences
we show that research careers exhibit the broad distribu-
tions of individual achievement characteristic of systems in
which cumulative advantage plays a key role. While most re-
searchers are personally aware of the competition implicit in
the publication process, little is known about the levels of in-
equality at the researcher level.

Here we analyzed both productivity and impact mea-
sures for a large set of researchers publishing in high-impact
journals, accounting for censoring biases in the publication
data by using distinct researcher cohorts defined over non-
overlapping time periods. For each researcher cohort we cal-
culated Gini inequality coefficients, with average Gini values
around 0.48 for total publications and 0.73 for total citations.
For perspective, these observed values are well in excess of
the inequality levels observed for personal income in devel-
oping countries.

Investigating possible sources of this inequality, we iden-
tify two potential mechanisms that act at the level of the in-
dividual that may play defining roles in the emergence of the
broad productivity and impact distributions found in science.
First, we show that the average time interval between a re-
searcher’s successive publications in top journals decreases
with each subsequent publication. Second, after controlling
for the time dependent features of citation distributions, we
compare the citation impact of subsequent publications within
a researcher’s publication record. We find that as researchers
continue to publish in top journals, there is more likely to be a
decreasing trend in the relative citation impact with each sub-
sequent publication. This pattern highlights the difficulty of
repeatedly producing research findings in the highest citation-
impact echelon, as well as the role played by finite career and
knowledge life-cycles. It also points to the intriguing possibil-
ity of confirmation bias in the evaluation of science careers.

Our focal unit throughout the analysis is the scientific ca-
reer, even though we use publication and citation counts as
the central quantitative measure. Our data comprises 412,498
publications drawn from 23 individual high-impact journals
indexed by Thompson Reuters Web of Knowledge (TRWOK).
From these data we extracted the publication trajectory of
258,626 individual scientists, where each trajectory is defined
within a set of similar journals. The three principal journal
sets analyzed are Nature/PNAS/Science, a collection of 14
high-impact economics journals, and a collection of 3 pres-

tigious management science journals. For each analysis, we
carefully selected comparable sets of researcher profiles using
thresholds that controlled for possible censoring and cohort
biases in the data.

By analyzing researcher profiles within prestigious jour-
nals, we gather insights into the ascent of top scientists and
the operational value of these highly-selective competitive
arenas. Our analysis starts with the basic question: How do
such skewed achievement distributions emerge, even within
the highest-impact journals? To this end, we used the longi-
tudinal aspects of the data to quantify the role of cumulative
advantage in science careers, summarized in 3 parts:

(a) What are the levels of “inequality” within these high-
impact distributions? For example, for researchers who
had their first publication between 1970-1980, we calcu-
lated a Gini index G = 0.83 (economics) and G = 0.74
(Nat./PNAS/Sci.) and found that the top 1% of researchers
(comprised of 17 and 139 researchers, respectively) held a
significantly disproportionate share of 26% and 22% of the
total C̃ aggregated across all researchers in each distribution.
For perspective, these inequality levels are in excess of those
observed for personal income in developing countries. Never-
theless, analysis of G for different time periods indicates that
both productivity and impact equality is increasing over time.

(b) How long does a researcher typically wait before his/her
next high-profile publication? For each author, i, we define
a sequence of waiting times, ⌧i(n), for which the nth en-
try is the number of years between his/her publication n and
publication n + 1 in a given journal set. The longest wait-
ing time is typically between the first and second publica-
tion. For example, the average waiting time in both NEJM
and Nat./PNAS/Sci. is roughly h⌧(1)i ⇡ 4 years, whereas in
the biology journal Cell and the physics journal PRL the ini-
tial mean waiting times are closer to h⌧(1)i ⇡ 3 years. With
each successive publication, we found that h⌧(n)i decreases
significantly, so that by the 10th publication the waiting time
has decreased to roughly 1/2 of the initial waiting time ⌧(1).
This shifting towards smaller waiting times with increasing n
is further evident in the entire distribution of waiting times,
P (⌧(n)).

(c) Focusing only on publications within high-impact jour-
nals, are researcher’s later publications more or less cited than
their previous publications? To investigate the longitudinal
variation in the citation impact, we map the citation count
c j
i,p,y of the nth publication of researcher i, published in jour-

nal set j to a z-score,

zi(n) ⌘
ln c j

i,p,y(n)� hln cjyi
�[ln cjy]

, (1)

which allows for comparison across time since publications

How to account for temporal bias?

2

FIG. 1: Quantifying success in the Nature/PNAS/Science arena. (A) Skewed citation distributions. The citation measure C̃j
i is the total

number of normalized citations (each paper is normalized to the average citation value of publications from the same year) a given researcher
i gained from papers in the journal set j. We account for censoring bias by aggregating researchers into non-overlapping subsets depending
on when the researcher first published in the journal set. The P (C̃) are extremely skewed, ranging over 4 orders of magnitude, and are well-
fit by the log-normal distribution, except for in the lower tail. (B) Increasing publication rate. Shown are the complementary cumulative
probability distributions, P (� ⌧(n)), indicating the waiting time ⌧(n) between two successive publications, for n = 1...15. By n = 10 the
observed likelihood of waiting 3 or more years, P (� 3|n = 10), falls to roughly 0.2. (inset) The average waiting time, h⌧ j(n)i, decreases
significantly from 3.6 years for n = 1 to 1 year by n = 16. The values of h⌧ j(1)i = 3.6 yrs. Only research profiles with L � 5 years
and Np � 5 are included. (C,D) Mean citation impact decreases with increasing n. For scientists with between 11 and 20 publications
in the Nat./PNAS/Sci. journal set, we find a significant negative trend in hz̃(n)i (black curve) with each successive publication. We also
estimated the slope si of individual z̃i(n) trajectories. The empirical cumulative distribution P ( si) and the mean value hsii (vertical solid
blue line) are shifted towards negative si values. For comparison, we apply a shuffling technique to randomize z̃i(n) and then recalculate each
si. The P ( si) for shuffled data (dashed black curve, mean indicated by vertical dashed gray line) are centered around 0. We apply the
Kolmogorov-Smirnov test between the empirical and shuffled distributions, and the p-value confirms that the two sets of si values belong to
different distributions. In order to ensure that the relative citation impact zp of a given publication had sufficient time to stabilize within the
journal set dataset, only publications published prior to 2002 for Nat./PNAS/Sci. were analyzed (since the publication citation counts used
were current as of our 2009 census year). In order to reduce censoring bias arising form careers that started before the beginning of each data
sample, we only included trajectories with the first publication year yj

i,0 � 1970.

are measured relative to publications from the same publi-
cation year y. In order to account for author-specific het-
erogeneity before we aggregate citation trajectories across
scientists, we centered the z-score around the mean value
hzii ⌘ N�1

p

P
n=1 zi(n) calculated for the Np publications

of a given scientist i. As a result, we obtain the relative cita-
tion impact trajectory,

z̃i(n) ⌘ zi(n)� hzii . (2)

This normalization also helps in controlling for latent ef-
fects caused by disciplinary variation within the aggregated
economies and multidisciplinary natural science journal sets,
which could affect the overall citation potential of a paper over
time. Using these standardized z̃i(n) trajectories, we pooled
the data across scientists, noting that z̃i(n) is still measured in

normalized units of the standard deviation �ln c. For each jour-
nal set j we observed a negative trend in z̃i(n) for increasing
n, e.g. see Fig.1 (C,D).

This result is indicative of the complex prestige system in
science. Finite career and knowledge lifecycles, as well as
the intriguing possibility of identifying institutional confirma-
tion bias in the evaluation process of science careers, likely
play a role in this the decreasing trend in z̃i(n). This lat-
ter explanation represents a possibly counterproductive role
of cumulative advantage in science, since the publication of
a high-impact publication early in the career, which may or
may not be an appropriate predictor of sustainable impact in
the future, nevertheless appears to facilitate additional future
opportunities in these highly-competitive journals.

Are researcher’s later publications more or less 
cited than their previous publications?

Inequality and cumulative advantage in science 
careers: a case study of high-impact journals. 
A. M Petersen, O. Penner. 
EPJ Data Science (2014).

z(1)

This decreasing impact pattern 
highlights the difficulty of repeatedly 
producing research findings in the 
highest citation-impact echelon, as 
well as the role played by finite 
career and knowledge life-cycles.

(top 14 = QJE,
AER, JPE, …)



Indication of confirmation bias in science career evaluation?



What is the impact of author reputation on 
a paper’s citation rate  (i ⟶ p) ?

iB) Reputation flows in the collaboration-citation network

Collaboration and citation networks provide 
channels for reputation signaling

Micro-level of citation trajectories



1. preferential attachment 
2. citation life-cycles  
3. author reputation effect

Reputation effect citation model
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FIG. 3: Quantifying the life-cycle of both papers and stellar ca-
reers. (A) Relation between ⇤1/2 and cumulative citations cp. (B,C)
Growth trajectories of the cumulative publications N(t) and citations
C(t), appropriately rescaled to start from unity in each ordinate, cap-
ture the persistence of career growth in top careers. The characteris-
tic � and ⇥ exponents shown in each legend are calculated over the
growth phase of the career, in (B) over the first 30 years and in (C)
over the first 20 years. The mathematicians [E] have distinct career
trajectories, with � � 1 since collaboration spillovers via division of
labor likely play a smaller role in publication rate growth. See Tables
S1–S9 for �i and ⇥i values calculated for individual careers.

Ci(t) ⌅
�Ni(t)

p=1 ci,p(t) for a large part of a scientist’s “growth
phase,” which we find to be ⌥ 30 years after their first publi-
cation. Figures 3(B) and 3(C) show the characteristic growth
trajectories ↵N ⇤(t)� ⌃ t� and ↵C ⇤(t)� ⌃ t⌅ , calculated by
an appropriate average over individual Ni(t) and Ci(t), re-
spectively, using arbitrary normalized ordinate units (see the
methods described in the SI) so that each longitudinal curve

starts from the same point, namely ↵N ⇤(1)� = ↵C ⇤(1)� ⌅ 1.
The growth trajectories are characterized by superlinear al-
gebraic growth, with � � 1 and ⇤ > � (values shown in
Fig. 3). Individual exponents �i and ⇤i are also calculated
for the Ni(t) and Ci(t) of each author, and they are listed
along with many other quantitative measures for each career
in Tables S1–S9 of the SI. We averaged both �i and ⇤i within
each dataset and confirm that ↵�i� ⌃= �, and ↵⇤i� ⌃= ⇤. Thus
the aggregate patterns hold at the individual scale. Figure 4
shows the evolution of the publication portfolio quantified by
the Zipf distribution of the papers ranked in decreasing order
ci(1) ⇧ ci(2) ⇧ · · · ⇧ ci(Ni) of rank r. The curve ci(r)
belongs to the class of the discrete generalized beta distribu-
tions (DGBD), c(r)  r�⇥(N + 1� r)⇤ . We use ⇤i and ⇥i as
quantitative benchmarks to confirm that our stochastic model
matches to values observed for real careers [4].

D. Measuring the reputation effect

The interacting networks illustrated in Fig. 1 serve as a
platform for reputation signaling, a process used to overcome
information asymmetries between scientists and other aca-
demic agents [14, 21, 22]. We measure author reputation
by Ci(t), which possibly discounts the role of mentor repu-
tation effects early in the career [23]. Nevertheless, because
we analyze top scientists, the signaling advantage they re-
ceive early in their careers by working with prestigious men-
tors/coauthors should be negligible over the long run [22].
Furthermore, by analyzing top scientists, we reduce the com-
pound reputation effect occurring when two or more highly
reputable scientists are coauthors on a publication, a scenario
where it may be difficult to estimate the differential impact of
these scientists on the citation rate. Hence, we assume that a
majority of the reputation signal is attributable to the central
scientist i. Also, by analyzing top-cited cohorts, we can es-
tablish an upper bound to the strength of the reputation effect.

To measure the role of author reputation vis-à-vis paper im-
pact, we use a regression model that simultaneously accounts
for three factors: (i) the paper citation effect ⇥p(t) ⌅ [cp(t)]⇧ ,
(ii) the life cycle effect Ap(⌥) ⌅ exp[�⌥p/⌥ ], and (iii) the au-
thor reputation effect Ri(t) ⌅ [Ci(t)]⌃. Again, we note that
the reputation factor R(t) ⌥

�
j Rj should conceivably ag-

gregate the cumulative reputations measures of all coauthors
j, however due to data limitations requiring disambiguation
and career data for all coauthors, we make the approximation
R(t) ⌥ Ri(t). We perform a multiple regression to estimate
the ⇧, ⌥ , and ⌃ values which parameterize the citation model,

�ci,p(t + 1) ⌅ ⌅ ⇤⇥p(t)⇤Ap(⌥)⇤Ri(t) , (1)

with the additional multiplicative noise term ⌅.
To test for basic mechanistic differences between the cita-

tion dynamics of highly-cited papers and less-cited papers, we
first analyze the relation between �cp(t + 1) and cp(t) (cor-
responding to the limit ⌥ � ⌦ and ⌃ = 0). This analysis
shown in Fig. S8 indicates that papers with citations above a
slow but substantial citation crossover value c⇥ obey a distinct
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FIG. 3: Quantifying the life-cycle of both papers and stellar ca-
reers. (A) Relation between ⇤1/2 and cumulative citations cp. (B,C)
Growth trajectories of the cumulative publications N(t) and citations
C(t), appropriately rescaled to start from unity in each ordinate, cap-
ture the persistence of career growth in top careers. The characteris-
tic � and ⇥ exponents shown in each legend are calculated over the
growth phase of the career, in (B) over the first 30 years and in (C)
over the first 20 years. The mathematicians [E] have distinct career
trajectories, with � � 1 since collaboration spillovers via division of
labor likely play a smaller role in publication rate growth. See Tables
S1–S9 for �i and ⇥i values calculated for individual careers.

Ci(t) ⌅
�Ni(t)

p=1 ci,p(t) for a large part of a scientist’s “growth
phase,” which we find to be ⌥ 30 years after their first publi-
cation. Figures 3(B) and 3(C) show the characteristic growth
trajectories ↵N ⇤(t)� ⌃ t� and ↵C ⇤(t)� ⌃ t⌅ , calculated by
an appropriate average over individual Ni(t) and Ci(t), re-
spectively, using arbitrary normalized ordinate units (see the
methods described in the SI) so that each longitudinal curve

starts from the same point, namely ↵N ⇤(1)� = ↵C ⇤(1)� ⌅ 1.
The growth trajectories are characterized by superlinear al-
gebraic growth, with � � 1 and ⇤ > � (values shown in
Fig. 3). Individual exponents �i and ⇤i are also calculated
for the Ni(t) and Ci(t) of each author, and they are listed
along with many other quantitative measures for each career
in Tables S1–S9 of the SI. We averaged both �i and ⇤i within
each dataset and confirm that ↵�i� ⌃= �, and ↵⇤i� ⌃= ⇤. Thus
the aggregate patterns hold at the individual scale. Figure 4
shows the evolution of the publication portfolio quantified by
the Zipf distribution of the papers ranked in decreasing order
ci(1) ⇧ ci(2) ⇧ · · · ⇧ ci(Ni) of rank r. The curve ci(r)
belongs to the class of the discrete generalized beta distribu-
tions (DGBD), c(r)  r�⇥(N + 1� r)⇤ . We use ⇤i and ⇥i as
quantitative benchmarks to confirm that our stochastic model
matches to values observed for real careers [4].

D. Measuring the reputation effect

The interacting networks illustrated in Fig. 1 serve as a
platform for reputation signaling, a process used to overcome
information asymmetries between scientists and other aca-
demic agents [14, 21, 22]. We measure author reputation
by Ci(t), which possibly discounts the role of mentor repu-
tation effects early in the career [23]. Nevertheless, because
we analyze top scientists, the signaling advantage they re-
ceive early in their careers by working with prestigious men-
tors/coauthors should be negligible over the long run [22].
Furthermore, by analyzing top scientists, we reduce the com-
pound reputation effect occurring when two or more highly
reputable scientists are coauthors on a publication, a scenario
where it may be difficult to estimate the differential impact of
these scientists on the citation rate. Hence, we assume that a
majority of the reputation signal is attributable to the central
scientist i. Also, by analyzing top-cited cohorts, we can es-
tablish an upper bound to the strength of the reputation effect.

To measure the role of author reputation vis-à-vis paper im-
pact, we use a regression model that simultaneously accounts
for three factors: (i) the paper citation effect ⇥p(t) ⌅ [cp(t)]⇧ ,
(ii) the life cycle effect Ap(⌥) ⌅ exp[�⌥p/⌥ ], and (iii) the au-
thor reputation effect Ri(t) ⌅ [Ci(t)]⌃. Again, we note that
the reputation factor R(t) ⌥

�
j Rj should conceivably ag-

gregate the cumulative reputations measures of all coauthors
j, however due to data limitations requiring disambiguation
and career data for all coauthors, we make the approximation
R(t) ⌥ Ri(t). We perform a multiple regression to estimate
the ⇧, ⌥ , and ⌃ values which parameterize the citation model,

�ci,p(t + 1) ⌅ ⌅ ⇤⇥p(t)⇤Ap(⌥)⇤Ri(t) , (1)

with the additional multiplicative noise term ⌅.
To test for basic mechanistic differences between the cita-

tion dynamics of highly-cited papers and less-cited papers, we
first analyze the relation between �cp(t + 1) and cp(t) (cor-
responding to the limit ⌥ � ⌦ and ⌃ = 0). This analysis
shown in Fig. S8 indicates that papers with citations above a
slow but substantial citation crossover value c⇥ obey a distinct
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FIG. 3: Quantifying the life-cycle of both papers and stellar ca-
reers. (A) Relation between ⇤1/2 and cumulative citations cp. (B,C)
Growth trajectories of the cumulative publications N(t) and citations
C(t), appropriately rescaled to start from unity in each ordinate, cap-
ture the persistence of career growth in top careers. The characteris-
tic � and ⇥ exponents shown in each legend are calculated over the
growth phase of the career, in (B) over the first 30 years and in (C)
over the first 20 years. The mathematicians [E] have distinct career
trajectories, with � � 1 since collaboration spillovers via division of
labor likely play a smaller role in publication rate growth. See Tables
S1–S9 for �i and ⇥i values calculated for individual careers.

Ci(t) ⌅
�Ni(t)

p=1 ci,p(t) for a large part of a scientist’s “growth
phase,” which we find to be ⌥ 30 years after their first publi-
cation. Figures 3(B) and 3(C) show the characteristic growth
trajectories ↵N ⇤(t)� ⌃ t� and ↵C ⇤(t)� ⌃ t⌅ , calculated by
an appropriate average over individual Ni(t) and Ci(t), re-
spectively, using arbitrary normalized ordinate units (see the
methods described in the SI) so that each longitudinal curve

starts from the same point, namely ↵N ⇤(1)� = ↵C ⇤(1)� ⌅ 1.
The growth trajectories are characterized by superlinear al-
gebraic growth, with � � 1 and ⇤ > � (values shown in
Fig. 3). Individual exponents �i and ⇤i are also calculated
for the Ni(t) and Ci(t) of each author, and they are listed
along with many other quantitative measures for each career
in Tables S1–S9 of the SI. We averaged both �i and ⇤i within
each dataset and confirm that ↵�i� ⌃= �, and ↵⇤i� ⌃= ⇤. Thus
the aggregate patterns hold at the individual scale. Figure 4
shows the evolution of the publication portfolio quantified by
the Zipf distribution of the papers ranked in decreasing order
ci(1) ⇧ ci(2) ⇧ · · · ⇧ ci(Ni) of rank r. The curve ci(r)
belongs to the class of the discrete generalized beta distribu-
tions (DGBD), c(r)  r�⇥(N + 1� r)⇤ . We use ⇤i and ⇥i as
quantitative benchmarks to confirm that our stochastic model
matches to values observed for real careers [4].

D. Measuring the reputation effect

The interacting networks illustrated in Fig. 1 serve as a
platform for reputation signaling, a process used to overcome
information asymmetries between scientists and other aca-
demic agents [14, 21, 22]. We measure author reputation
by Ci(t), which possibly discounts the role of mentor repu-
tation effects early in the career [23]. Nevertheless, because
we analyze top scientists, the signaling advantage they re-
ceive early in their careers by working with prestigious men-
tors/coauthors should be negligible over the long run [22].
Furthermore, by analyzing top scientists, we reduce the com-
pound reputation effect occurring when two or more highly
reputable scientists are coauthors on a publication, a scenario
where it may be difficult to estimate the differential impact of
these scientists on the citation rate. Hence, we assume that a
majority of the reputation signal is attributable to the central
scientist i. Also, by analyzing top-cited cohorts, we can es-
tablish an upper bound to the strength of the reputation effect.

To measure the role of author reputation vis-à-vis paper im-
pact, we use a regression model that simultaneously accounts
for three factors: (i) the paper citation effect ⇥p(t) ⌅ [cp(t)]⇧ ,
(ii) the life cycle effect Ap(⌥) ⌅ exp[�⌥p/⌥ ], and (iii) the au-
thor reputation effect Ri(t) ⌅ [Ci(t)]⌃. Again, we note that
the reputation factor R(t) ⌥

�
j Rj should conceivably ag-

gregate the cumulative reputations measures of all coauthors
j, however due to data limitations requiring disambiguation
and career data for all coauthors, we make the approximation
R(t) ⌥ Ri(t). We perform a multiple regression to estimate
the ⇧, ⌥ , and ⌃ values which parameterize the citation model,

�ci,p(t + 1) ⌅ ⌅ ⇤⇥p(t)⇤Ap(⌥)⇤Ri(t) , (1)

with the additional multiplicative noise term ⌅.
To test for basic mechanistic differences between the cita-

tion dynamics of highly-cited papers and less-cited papers, we
first analyze the relation between �cp(t + 1) and cp(t) (cor-
responding to the limit ⌥ � ⌦ and ⌃ = 0). This analysis
shown in Fig. S8 indicates that papers with citations above a
slow but substantial citation crossover value c⇥ obey a distinct
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FIG. 3: Quantifying the life-cycle of both papers and stellar ca-
reers. (A) Relation between ⇤1/2 and cumulative citations cp. (B,C)
Growth trajectories of the cumulative publications N(t) and citations
C(t), appropriately rescaled to start from unity in each ordinate, cap-
ture the persistence of career growth in top careers. The characteris-
tic � and ⇥ exponents shown in each legend are calculated over the
growth phase of the career, in (B) over the first 30 years and in (C)
over the first 20 years. The mathematicians [E] have distinct career
trajectories, with � � 1 since collaboration spillovers via division of
labor likely play a smaller role in publication rate growth. See Tables
S1–S9 for �i and ⇥i values calculated for individual careers.
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p=1 ci,p(t) for a large part of a scientist’s “growth
phase,” which we find to be ⌥ 30 years after their first publi-
cation. Figures 3(B) and 3(C) show the characteristic growth
trajectories ↵N ⇤(t)� ⌃ t� and ↵C ⇤(t)� ⌃ t⌅ , calculated by
an appropriate average over individual Ni(t) and Ci(t), re-
spectively, using arbitrary normalized ordinate units (see the
methods described in the SI) so that each longitudinal curve

starts from the same point, namely ↵N ⇤(1)� = ↵C ⇤(1)� ⌅ 1.
The growth trajectories are characterized by superlinear al-
gebraic growth, with � � 1 and ⇤ > � (values shown in
Fig. 3). Individual exponents �i and ⇤i are also calculated
for the Ni(t) and Ci(t) of each author, and they are listed
along with many other quantitative measures for each career
in Tables S1–S9 of the SI. We averaged both �i and ⇤i within
each dataset and confirm that ↵�i� ⌃= �, and ↵⇤i� ⌃= ⇤. Thus
the aggregate patterns hold at the individual scale. Figure 4
shows the evolution of the publication portfolio quantified by
the Zipf distribution of the papers ranked in decreasing order
ci(1) ⇧ ci(2) ⇧ · · · ⇧ ci(Ni) of rank r. The curve ci(r)
belongs to the class of the discrete generalized beta distribu-
tions (DGBD), c(r)  r�⇥(N + 1� r)⇤ . We use ⇤i and ⇥i as
quantitative benchmarks to confirm that our stochastic model
matches to values observed for real careers [4].

D. Measuring the reputation effect

The interacting networks illustrated in Fig. 1 serve as a
platform for reputation signaling, a process used to overcome
information asymmetries between scientists and other aca-
demic agents [14, 21, 22]. We measure author reputation
by Ci(t), which possibly discounts the role of mentor repu-
tation effects early in the career [23]. Nevertheless, because
we analyze top scientists, the signaling advantage they re-
ceive early in their careers by working with prestigious men-
tors/coauthors should be negligible over the long run [22].
Furthermore, by analyzing top scientists, we reduce the com-
pound reputation effect occurring when two or more highly
reputable scientists are coauthors on a publication, a scenario
where it may be difficult to estimate the differential impact of
these scientists on the citation rate. Hence, we assume that a
majority of the reputation signal is attributable to the central
scientist i. Also, by analyzing top-cited cohorts, we can es-
tablish an upper bound to the strength of the reputation effect.

To measure the role of author reputation vis-à-vis paper im-
pact, we use a regression model that simultaneously accounts
for three factors: (i) the paper citation effect ⇥p(t) ⌅ [cp(t)]⇧ ,
(ii) the life cycle effect Ap(⌥) ⌅ exp[�⌥p/⌥ ], and (iii) the au-
thor reputation effect Ri(t) ⌅ [Ci(t)]⌃. Again, we note that
the reputation factor R(t) ⌥
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j Rj should conceivably ag-

gregate the cumulative reputations measures of all coauthors
j, however due to data limitations requiring disambiguation
and career data for all coauthors, we make the approximation
R(t) ⌥ Ri(t). We perform a multiple regression to estimate
the ⇧, ⌥ , and ⌃ values which parameterize the citation model,

�ci,p(t + 1) ⌅ ⌅ ⇤⇥p(t)⇤Ap(⌥)⇤Ri(t) , (1)

with the additional multiplicative noise term ⌅.
To test for basic mechanistic differences between the cita-

tion dynamics of highly-cited papers and less-cited papers, we
first analyze the relation between �cp(t + 1) and cp(t) (cor-
responding to the limit ⌥ � ⌦ and ⌃ = 0). This analysis
shown in Fig. S8 indicates that papers with citations above a
slow but substantial citation crossover value c⇥ obey a distinct
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Variability in the citation life-cycle. To isolate the effect of author
reputation upon the citation dynamics of individual papers it is impor-
tant to first have an understanding of the general citation dynamics of
papers. To this end, we first present results on general citation dynam-
ics that justify the components of our final model which accounts for
the finite citation life time of a publication. However, in studying ci-
tation dynamics several additional specific observations can be made
regarding the relative obsolescence of high and low impact publica-
tions.

Important scientific discoveries can cause paradigm shifts and sig-
nificantly boost the reputation of scientists associated with the discov-
ery [18]. However, most publications are not seminal contributions
but rather incremental advances with relatively short-term relevance.
In general, this means that the long-term citation rate of individual
papers decays according to a characteristic time scale. The relation
between the decay time scale and the cumulative citation impact of
a publication remains poorly understood, especially at the disaggre-
gated level of individual publication portfolios. Hence, in this section
we analyze the dynamics of the citation trajectory �cp(⌧), the num-
ber of new citations received in paper year ⌧ , where ⌧ is the number
of years since the paper was first cited.

We analyze �cp(⌧) at two levels of aggregation: (i) For each
discipline, we calculate an averaged �cp(⌧) calculated by collecting
papers with similar total citation counts cp. To achieve a scaled trajec-
tory that is better suited for averaging we normalize each individual
�cp(⌧) by its peak citation value, �c

0

p(⌧) ⌘ �cp(⌧)/Max[�cp(⌧)].
The top panels in Fig. 2 show the characteristic citation trajectory
of papers belonging to each of the top 5 quintiles of the aggregate
citation distribution. Each curve represents the average trajectory
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p(⌧) calculated from the Nq papers in quin-
tile q. (ii) For each career i, we calculate h�c

0

i(⌧)i by averaging over
groups of ranked citation sets within the publication portfolio. The
bottom panels in Fig. 2 show that even within top careers, there is a
significant variation in the publication life cycle.

At both levels of aggregation, the impact life cycle typically peaks
before paper age ⌧ ⇡ 5 years, except in cases where the paper is con-
ceivably ahead of its time and does not receive peak attention until
a later time (e.g., experimental validation of a previous theoretical
prediction, and vice versa). We define the half-life ⌧1/2 as the time to
reach half the peak citation rate, �c

0

(⌧1/2) = 1/2 in the decay phase.
Papers in the theoretical domains of mathematics and physics can have
extremely long ⌧1/2 > 40 years. Remarkably, some top mathematics
papers even have ⌧1/2 that span nearly the entire data sample dura-
tion 100 years for some papers, reflecting the foundational nature of
“progress by proof.” This is in contrast to top-cited cell biology pa-
pers in the last 50 years: even in the top 10% of most cited works
the value ⌧1/2 ⇡ 10 years, possibly reflecting a significantly higher
discovery rate, and in a related sense, a relatively faster obsolescence
rate.

Fig. 3(A) shows the scaling relation ⌧1/2 ⇠ c

⌦
p calculated for pa-

pers grouped into logarithmic bins of cp. Physics and biology differ
mainly for the highly cited papers, cp & 40, whereas mathematics
shows larger variation in ⌧1/2 per citation. For papers of varying im-
pact, the obsolescence rate can vary dramatically, and is quantified
by the ⌦ value which provides an approximate relation between cita-
tions and time. In mathematics ⌧1/2 / cp, indicating that the impact
is distributed roughly uniformly across time. However, for biology
papers the sub-linear relation with ⌦ ⇡ 0.30 indicates that for two
papers, one with twice the citation impact as the other, the more cited
paper gained twice the number of citations over a ⌧1/2 that was less
than twice as large as the ⌧1/2 of the less-cited paper. These differ-
ences in citation bursting across field are possibly related to the role
of bursty technological advancement, bursty funding initiatives, and
other social aspects of science that can give rise to non-linearities in
scientific advancement.

Patterns of growth for longitudinal reputation measures. Life-
cycle patterns of top scientists serve as a benchmarks characteristic
of sufficiently founded careers in that they are insignificantly affected
by negative productivity shocks across the career. Many top scien-
tists become directors of large labs, and so their creative endeavors
consist of parallel research efforts [19], where each production stream
requires a significant investment with uncertain “payoff ” and “payout
date”. Because of this uncertainty over the horizon of the investment,
especially in the context of finite lifetime of the scientist, theoretical
models predict a decrease in research productivity with age for scien-
tists who are more motivated by investment incentives as opposed to
problem-solving incentives [20]. These steadily increasing patterns
for top scientists suggest that the problem-solving attribute is a key
driver of extremely ambitious individuals. In this section we inves-
tigate the patterns of productivity and reputation growth across the
career, and use these patterns as statistical benchmarks for a career
portfolio model developed in the final section.

One of the most striking statistical patterns of all careers analyzed
in our top scientists dataset is the faster than linear growth in time,
both in cumulative publication number Ni(t) ⌘

Pt
t0=1 ni(t
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) and
in cumulative citation count Ci(t) ⌘

PNi(t)
p=1 ci,p(t) for a large part

of a scientist’s “growth phase,” which we find to be ⇡ 30 years after
their first publication. Figures 3(B) and 3(C) show the characteristic
growth trajectories hN 0

(t)i ⇠ t

↵ and hC0

(t)i ⇠ t

⇣ , calculated by
an appropriate average over individual Ni(t) and Ci(t), respectively,
using arbitrary normalized ordinate units (see the methods described
in the SI) so that each longitudinal curve starts from the same point,
namely hN 0

(1)i = hC0

(1)i ⌘ 1. The growth trajectories are char-
acterized by superlinear algebraic growth, with ↵ & 1 and ⇣ > ↵

(values shown in Fig. 3). Individual exponents ↵i and ⇣i are also
calculated for the Ni(t) and Ci(t) of each author, and they are listed
along with many other quantitative measures for each career in Ta-
bles S1–S9 of the SI. We averaged both ↵i and ⇣i within each dataset
and confirm that h↵ii ⇠= ↵, and h⇣ii ⇠= ⇣. Thus the aggregate pat-
terns hold at the individual scale. Figure 4 shows the evolution of the
publication portfolio quantified by the Zipf distribution of the papers
ranked in decreasing order ci(1) � ci(2) � · · · � ci(Ni) of rank r.
The curve ci(r) belongs to the class of the discrete generalized beta
distributions (DGBD), c(r) / r

��
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� . We use ⇣i and �i as
quantitative benchmarks to confirm that our stochastic model matches
to values observed for real careers [4].

Measuring the reputation effect. The interacting networks illus-
trated in Fig. 1 serve as a platform for reputation signaling, a process
used to overcome information asymmetries between scientists and
other academic agents [14, 21, 22]. We measure author reputation
by Ci(t), which possibly discounts the role of mentor reputation ef-
fects early in the career [23]. Nevertheless, because we analyze top
scientists, the signaling advantage they receive early in their careers
by working with prestigious mentors/coauthors should be negligible
over the long run [22]. Furthermore, by analyzing top scientists, we
reduce the compound reputation effect occurring when two or more
highly reputable scientists are coauthors on a publication, a scenario
where it may be difficult to estimate the differential impact of these
scientists on the citation rate. Hence, we assume that a majority of
the reputation signal is attributable to the central scientist i. Also, by
analyzing top-cited cohorts, we can establish an upper bound to the
strength of the reputation effect.

To measure the role of author reputation vis-à-vis paper impact,
we use a regression model that simultaneously accounts for three
factors: (i) the paper citation effect ⇧p(t) ⌘ [cp(t)]

⇡ , (ii) the life
cycle effect Ap(⌧) ⌘ exp[�⌧p/⌧ ], and (iii) the author reputation
effect Ri(t) ⌘ [Ci(t)]

⇢. Again, we note that the reputation factor
R(t) ⇡

P
j Rj should conceivably aggregate the cumulative repu-

tations measures of all coauthors j, however due to data limitations
requiring disambiguation and career data for all coauthors, we make
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Variability in the citation life-cycle. To isolate the effect of author
reputation upon the citation dynamics of individual papers it is impor-
tant to first have an understanding of the general citation dynamics of
papers. To this end, we first present results on general citation dynam-
ics that justify the components of our final model which accounts for
the finite citation life time of a publication. However, in studying ci-
tation dynamics several additional specific observations can be made
regarding the relative obsolescence of high and low impact publica-
tions.

Important scientific discoveries can cause paradigm shifts and sig-
nificantly boost the reputation of scientists associated with the discov-
ery [18]. However, most publications are not seminal contributions
but rather incremental advances with relatively short-term relevance.
In general, this means that the long-term citation rate of individual
papers decays according to a characteristic time scale. The relation
between the decay time scale and the cumulative citation impact of
a publication remains poorly understood, especially at the disaggre-
gated level of individual publication portfolios. Hence, in this section
we analyze the dynamics of the citation trajectory �cp(⌧), the num-
ber of new citations received in paper year ⌧ , where ⌧ is the number
of years since the paper was first cited.

We analyze �cp(⌧) at two levels of aggregation: (i) For each
discipline, we calculate an averaged �cp(⌧) calculated by collecting
papers with similar total citation counts cp. To achieve a scaled trajec-
tory that is better suited for averaging we normalize each individual
�cp(⌧) by its peak citation value, �c
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p(⌧) ⌘ �cp(⌧)/Max[�cp(⌧)].
The top panels in Fig. 2 show the characteristic citation trajectory
of papers belonging to each of the top 5 quintiles of the aggregate
citation distribution. Each curve represents the average trajectory
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groups of ranked citation sets within the publication portfolio. The
bottom panels in Fig. 2 show that even within top careers, there is a
significant variation in the publication life cycle.

At both levels of aggregation, the impact life cycle typically peaks
before paper age ⌧ ⇡ 5 years, except in cases where the paper is con-
ceivably ahead of its time and does not receive peak attention until
a later time (e.g., experimental validation of a previous theoretical
prediction, and vice versa). We define the half-life ⌧1/2 as the time to
reach half the peak citation rate, �c
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(⌧1/2) = 1/2 in the decay phase.
Papers in the theoretical domains of mathematics and physics can have
extremely long ⌧1/2 > 40 years. Remarkably, some top mathematics
papers even have ⌧1/2 that span nearly the entire data sample dura-
tion 100 years for some papers, reflecting the foundational nature of
“progress by proof.” This is in contrast to top-cited cell biology pa-
pers in the last 50 years: even in the top 10% of most cited works
the value ⌧1/2 ⇡ 10 years, possibly reflecting a significantly higher
discovery rate, and in a related sense, a relatively faster obsolescence
rate.

Fig. 3(A) shows the scaling relation ⌧1/2 ⇠ c
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pers grouped into logarithmic bins of cp. Physics and biology differ
mainly for the highly cited papers, cp & 40, whereas mathematics
shows larger variation in ⌧1/2 per citation. For papers of varying im-
pact, the obsolescence rate can vary dramatically, and is quantified
by the ⌦ value which provides an approximate relation between cita-
tions and time. In mathematics ⌧1/2 / cp, indicating that the impact
is distributed roughly uniformly across time. However, for biology
papers the sub-linear relation with ⌦ ⇡ 0.30 indicates that for two
papers, one with twice the citation impact as the other, the more cited
paper gained twice the number of citations over a ⌧1/2 that was less
than twice as large as the ⌧1/2 of the less-cited paper. These differ-
ences in citation bursting across field are possibly related to the role
of bursty technological advancement, bursty funding initiatives, and
other social aspects of science that can give rise to non-linearities in
scientific advancement.

Patterns of growth for longitudinal reputation measures. Life-
cycle patterns of top scientists serve as a benchmarks characteristic
of sufficiently founded careers in that they are insignificantly affected
by negative productivity shocks across the career. Many top scien-
tists become directors of large labs, and so their creative endeavors
consist of parallel research efforts [19], where each production stream
requires a significant investment with uncertain “payoff ” and “payout
date”. Because of this uncertainty over the horizon of the investment,
especially in the context of finite lifetime of the scientist, theoretical
models predict a decrease in research productivity with age for scien-
tists who are more motivated by investment incentives as opposed to
problem-solving incentives [20]. These steadily increasing patterns
for top scientists suggest that the problem-solving attribute is a key
driver of extremely ambitious individuals. In this section we inves-
tigate the patterns of productivity and reputation growth across the
career, and use these patterns as statistical benchmarks for a career
portfolio model developed in the final section.

One of the most striking statistical patterns of all careers analyzed
in our top scientists dataset is the faster than linear growth in time,
both in cumulative publication number Ni(t) ⌘
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of a scientist’s “growth phase,” which we find to be ⇡ 30 years after
their first publication. Figures 3(B) and 3(C) show the characteristic
growth trajectories hN 0
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↵ and hC0

(t)i ⇠ t

⇣ , calculated by
an appropriate average over individual Ni(t) and Ci(t), respectively,
using arbitrary normalized ordinate units (see the methods described
in the SI) so that each longitudinal curve starts from the same point,
namely hN 0
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(1)i ⌘ 1. The growth trajectories are char-
acterized by superlinear algebraic growth, with ↵ & 1 and ⇣ > ↵

(values shown in Fig. 3). Individual exponents ↵i and ⇣i are also
calculated for the Ni(t) and Ci(t) of each author, and they are listed
along with many other quantitative measures for each career in Ta-
bles S1–S9 of the SI. We averaged both ↵i and ⇣i within each dataset
and confirm that h↵ii ⇠= ↵, and h⇣ii ⇠= ⇣. Thus the aggregate pat-
terns hold at the individual scale. Figure 4 shows the evolution of the
publication portfolio quantified by the Zipf distribution of the papers
ranked in decreasing order ci(1) � ci(2) � · · · � ci(Ni) of rank r.
The curve ci(r) belongs to the class of the discrete generalized beta
distributions (DGBD), c(r) / r
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� . We use ⇣i and �i as
quantitative benchmarks to confirm that our stochastic model matches
to values observed for real careers [4].

Measuring the reputation effect. The interacting networks illus-
trated in Fig. 1 serve as a platform for reputation signaling, a process
used to overcome information asymmetries between scientists and
other academic agents [14, 21, 22]. We measure author reputation
by Ci(t), which possibly discounts the role of mentor reputation ef-
fects early in the career [23]. Nevertheless, because we analyze top
scientists, the signaling advantage they receive early in their careers
by working with prestigious mentors/coauthors should be negligible
over the long run [22]. Furthermore, by analyzing top scientists, we
reduce the compound reputation effect occurring when two or more
highly reputable scientists are coauthors on a publication, a scenario
where it may be difficult to estimate the differential impact of these
scientists on the citation rate. Hence, we assume that a majority of
the reputation signal is attributable to the central scientist i. Also, by
analyzing top-cited cohorts, we can establish an upper bound to the
strength of the reputation effect.

To measure the role of author reputation vis-à-vis paper impact,
we use a regression model that simultaneously accounts for three
factors: (i) the paper citation effect ⇧p(t) ⌘ [cp(t)]

⇡ , (ii) the life
cycle effect Ap(⌧) ⌘ exp[�⌧p/⌧ ], and (iii) the author reputation
effect Ri(t) ⌘ [Ci(t)]

⇢. Again, we note that the reputation factor
R(t) ⇡

P
j Rj should conceivably aggregate the cumulative repu-

tations measures of all coauthors j, however due to data limitations
requiring disambiguation and career data for all coauthors, we make
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Variability in the citation life-cycle. To isolate the effect of author
reputation upon the citation dynamics of individual papers it is impor-
tant to first have an understanding of the general citation dynamics of
papers. To this end, we first present results on general citation dynam-
ics that justify the components of our final model which accounts for
the finite citation life time of a publication. However, in studying ci-
tation dynamics several additional specific observations can be made
regarding the relative obsolescence of high and low impact publica-
tions.

Important scientific discoveries can cause paradigm shifts and sig-
nificantly boost the reputation of scientists associated with the discov-
ery [18]. However, most publications are not seminal contributions
but rather incremental advances with relatively short-term relevance.
In general, this means that the long-term citation rate of individual
papers decays according to a characteristic time scale. The relation
between the decay time scale and the cumulative citation impact of
a publication remains poorly understood, especially at the disaggre-
gated level of individual publication portfolios. Hence, in this section
we analyze the dynamics of the citation trajectory �cp(⌧), the num-
ber of new citations received in paper year ⌧ , where ⌧ is the number
of years since the paper was first cited.

We analyze �cp(⌧) at two levels of aggregation: (i) For each
discipline, we calculate an averaged �cp(⌧) calculated by collecting
papers with similar total citation counts cp. To achieve a scaled trajec-
tory that is better suited for averaging we normalize each individual
�cp(⌧) by its peak citation value, �c
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p(⌧) ⌘ �cp(⌧)/Max[�cp(⌧)].
The top panels in Fig. 2 show the characteristic citation trajectory
of papers belonging to each of the top 5 quintiles of the aggregate
citation distribution. Each curve represents the average trajectory
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i(⌧)i by averaging over
groups of ranked citation sets within the publication portfolio. The
bottom panels in Fig. 2 show that even within top careers, there is a
significant variation in the publication life cycle.

At both levels of aggregation, the impact life cycle typically peaks
before paper age ⌧ ⇡ 5 years, except in cases where the paper is con-
ceivably ahead of its time and does not receive peak attention until
a later time (e.g., experimental validation of a previous theoretical
prediction, and vice versa). We define the half-life ⌧1/2 as the time to
reach half the peak citation rate, �c

0

(⌧1/2) = 1/2 in the decay phase.
Papers in the theoretical domains of mathematics and physics can have
extremely long ⌧1/2 > 40 years. Remarkably, some top mathematics
papers even have ⌧1/2 that span nearly the entire data sample dura-
tion 100 years for some papers, reflecting the foundational nature of
“progress by proof.” This is in contrast to top-cited cell biology pa-
pers in the last 50 years: even in the top 10% of most cited works
the value ⌧1/2 ⇡ 10 years, possibly reflecting a significantly higher
discovery rate, and in a related sense, a relatively faster obsolescence
rate.

Fig. 3(A) shows the scaling relation ⌧1/2 ⇠ c

⌦
p calculated for pa-

pers grouped into logarithmic bins of cp. Physics and biology differ
mainly for the highly cited papers, cp & 40, whereas mathematics
shows larger variation in ⌧1/2 per citation. For papers of varying im-
pact, the obsolescence rate can vary dramatically, and is quantified
by the ⌦ value which provides an approximate relation between cita-
tions and time. In mathematics ⌧1/2 / cp, indicating that the impact
is distributed roughly uniformly across time. However, for biology
papers the sub-linear relation with ⌦ ⇡ 0.30 indicates that for two
papers, one with twice the citation impact as the other, the more cited
paper gained twice the number of citations over a ⌧1/2 that was less
than twice as large as the ⌧1/2 of the less-cited paper. These differ-
ences in citation bursting across field are possibly related to the role
of bursty technological advancement, bursty funding initiatives, and
other social aspects of science that can give rise to non-linearities in
scientific advancement.

Patterns of growth for longitudinal reputation measures. Life-
cycle patterns of top scientists serve as a benchmarks characteristic
of sufficiently founded careers in that they are insignificantly affected
by negative productivity shocks across the career. Many top scien-
tists become directors of large labs, and so their creative endeavors
consist of parallel research efforts [19], where each production stream
requires a significant investment with uncertain “payoff ” and “payout
date”. Because of this uncertainty over the horizon of the investment,
especially in the context of finite lifetime of the scientist, theoretical
models predict a decrease in research productivity with age for scien-
tists who are more motivated by investment incentives as opposed to
problem-solving incentives [20]. These steadily increasing patterns
for top scientists suggest that the problem-solving attribute is a key
driver of extremely ambitious individuals. In this section we inves-
tigate the patterns of productivity and reputation growth across the
career, and use these patterns as statistical benchmarks for a career
portfolio model developed in the final section.

One of the most striking statistical patterns of all careers analyzed
in our top scientists dataset is the faster than linear growth in time,
both in cumulative publication number Ni(t) ⌘

Pt
t0=1 ni(t

0

) and
in cumulative citation count Ci(t) ⌘

PNi(t)
p=1 ci,p(t) for a large part

of a scientist’s “growth phase,” which we find to be ⇡ 30 years after
their first publication. Figures 3(B) and 3(C) show the characteristic
growth trajectories hN 0

(t)i ⇠ t

↵ and hC0

(t)i ⇠ t

⇣ , calculated by
an appropriate average over individual Ni(t) and Ci(t), respectively,
using arbitrary normalized ordinate units (see the methods described
in the SI) so that each longitudinal curve starts from the same point,
namely hN 0

(1)i = hC0

(1)i ⌘ 1. The growth trajectories are char-
acterized by superlinear algebraic growth, with ↵ & 1 and ⇣ > ↵

(values shown in Fig. 3). Individual exponents ↵i and ⇣i are also
calculated for the Ni(t) and Ci(t) of each author, and they are listed
along with many other quantitative measures for each career in Ta-
bles S1–S9 of the SI. We averaged both ↵i and ⇣i within each dataset
and confirm that h↵ii ⇠= ↵, and h⇣ii ⇠= ⇣. Thus the aggregate pat-
terns hold at the individual scale. Figure 4 shows the evolution of the
publication portfolio quantified by the Zipf distribution of the papers
ranked in decreasing order ci(1) � ci(2) � · · · � ci(Ni) of rank r.
The curve ci(r) belongs to the class of the discrete generalized beta
distributions (DGBD), c(r) / r

��
(N +1�r)

� . We use ⇣i and �i as
quantitative benchmarks to confirm that our stochastic model matches
to values observed for real careers [4].

Measuring the reputation effect. The interacting networks illus-
trated in Fig. 1 serve as a platform for reputation signaling, a process
used to overcome information asymmetries between scientists and
other academic agents [14, 21, 22]. We measure author reputation
by Ci(t), which possibly discounts the role of mentor reputation ef-
fects early in the career [23]. Nevertheless, because we analyze top
scientists, the signaling advantage they receive early in their careers
by working with prestigious mentors/coauthors should be negligible
over the long run [22]. Furthermore, by analyzing top scientists, we
reduce the compound reputation effect occurring when two or more
highly reputable scientists are coauthors on a publication, a scenario
where it may be difficult to estimate the differential impact of these
scientists on the citation rate. Hence, we assume that a majority of
the reputation signal is attributable to the central scientist i. Also, by
analyzing top-cited cohorts, we can establish an upper bound to the
strength of the reputation effect.

To measure the role of author reputation vis-à-vis paper impact,
we use a regression model that simultaneously accounts for three
factors: (i) the paper citation effect ⇧p(t) ⌘ [cp(t)]

⇡ , (ii) the life
cycle effect Ap(⌧) ⌘ exp[�⌧p/⌧ ], and (iii) the author reputation
effect Ri(t) ⌘ [Ci(t)]

⇢. Again, we note that the reputation factor
R(t) ⇡

P
j Rj should conceivably aggregate the cumulative repu-

tations measures of all coauthors j, however due to data limitations
requiring disambiguation and career data for all coauthors, we make
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FIG. 3: Quantifying the life-cycle of both papers and stellar ca-
reers. (A) Relation between ⇤1/2 and cumulative citations cp. (B,C)
Growth trajectories of the cumulative publications N(t) and citations
C(t), appropriately rescaled to start from unity in each ordinate, cap-
ture the persistence of career growth in top careers. The characteris-
tic � and ⇥ exponents shown in each legend are calculated over the
growth phase of the career, in (B) over the first 30 years and in (C)
over the first 20 years. The mathematicians [E] have distinct career
trajectories, with � � 1 since collaboration spillovers via division of
labor likely play a smaller role in publication rate growth. See Tables
S1–S9 for �i and ⇥i values calculated for individual careers.

Ci(t) ⌅
�Ni(t)

p=1 ci,p(t) for a large part of a scientist’s “growth
phase,” which we find to be ⌥ 30 years after their first publi-
cation. Figures 3(B) and 3(C) show the characteristic growth
trajectories ↵N ⇤(t)� ⌃ t� and ↵C ⇤(t)� ⌃ t⌅ , calculated by
an appropriate average over individual Ni(t) and Ci(t), re-
spectively, using arbitrary normalized ordinate units (see the
methods described in the SI) so that each longitudinal curve

starts from the same point, namely ↵N ⇤(1)� = ↵C ⇤(1)� ⌅ 1.
The growth trajectories are characterized by superlinear al-
gebraic growth, with � � 1 and ⇤ > � (values shown in
Fig. 3). Individual exponents �i and ⇤i are also calculated
for the Ni(t) and Ci(t) of each author, and they are listed
along with many other quantitative measures for each career
in Tables S1–S9 of the SI. We averaged both �i and ⇤i within
each dataset and confirm that ↵�i� ⌃= �, and ↵⇤i� ⌃= ⇤. Thus
the aggregate patterns hold at the individual scale. Figure 4
shows the evolution of the publication portfolio quantified by
the Zipf distribution of the papers ranked in decreasing order
ci(1) ⇧ ci(2) ⇧ · · · ⇧ ci(Ni) of rank r. The curve ci(r)
belongs to the class of the discrete generalized beta distribu-
tions (DGBD), c(r)  r�⇥(N + 1� r)⇤ . We use ⇤i and ⇥i as
quantitative benchmarks to confirm that our stochastic model
matches to values observed for real careers [4].

D. Measuring the reputation effect

The interacting networks illustrated in Fig. 1 serve as a
platform for reputation signaling, a process used to overcome
information asymmetries between scientists and other aca-
demic agents [14, 21, 22]. We measure author reputation
by Ci(t), which possibly discounts the role of mentor repu-
tation effects early in the career [23]. Nevertheless, because
we analyze top scientists, the signaling advantage they re-
ceive early in their careers by working with prestigious men-
tors/coauthors should be negligible over the long run [22].
Furthermore, by analyzing top scientists, we reduce the com-
pound reputation effect occurring when two or more highly
reputable scientists are coauthors on a publication, a scenario
where it may be difficult to estimate the differential impact of
these scientists on the citation rate. Hence, we assume that a
majority of the reputation signal is attributable to the central
scientist i. Also, by analyzing top-cited cohorts, we can es-
tablish an upper bound to the strength of the reputation effect.

To measure the role of author reputation vis-à-vis paper im-
pact, we use a regression model that simultaneously accounts
for three factors: (i) the paper citation effect ⇥p(t) ⌅ [cp(t)]⇧ ,
(ii) the life cycle effect Ap(⌥) ⌅ exp[�⌥p/⌥ ], and (iii) the au-
thor reputation effect Ri(t) ⌅ [Ci(t)]⌃. Again, we note that
the reputation factor R(t) ⌥

�
j Rj should conceivably ag-

gregate the cumulative reputations measures of all coauthors
j, however due to data limitations requiring disambiguation
and career data for all coauthors, we make the approximation
R(t) ⌥ Ri(t). We perform a multiple regression to estimate
the ⇧, ⌥ , and ⌃ values which parameterize the citation model,

�ci,p(t + 1) ⌅ ⌅ ⇤⇥p(t)⇤Ap(⌥)⇤Ri(t) , (1)

with the additional multiplicative noise term ⌅.
To test for basic mechanistic differences between the cita-

tion dynamics of highly-cited papers and less-cited papers, we
first analyze the relation between �cp(t + 1) and cp(t) (cor-
responding to the limit ⌥ � ⌦ and ⌃ = 0). This analysis
shown in Fig. S8 indicates that papers with citations above a
slow but substantial citation crossover value c⇥ obey a distinct
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FIG. 3: Quantifying the life-cycle of both papers and stellar ca-
reers. (A) Relation between ⇤1/2 and cumulative citations cp. (B,C)
Growth trajectories of the cumulative publications N(t) and citations
C(t), appropriately rescaled to start from unity in each ordinate, cap-
ture the persistence of career growth in top careers. The characteris-
tic � and ⇥ exponents shown in each legend are calculated over the
growth phase of the career, in (B) over the first 30 years and in (C)
over the first 20 years. The mathematicians [E] have distinct career
trajectories, with � � 1 since collaboration spillovers via division of
labor likely play a smaller role in publication rate growth. See Tables
S1–S9 for �i and ⇥i values calculated for individual careers.

Ci(t) ⌅
�Ni(t)

p=1 ci,p(t) for a large part of a scientist’s “growth
phase,” which we find to be ⌥ 30 years after their first publi-
cation. Figures 3(B) and 3(C) show the characteristic growth
trajectories ↵N ⇤(t)� ⌃ t� and ↵C ⇤(t)� ⌃ t⌅ , calculated by
an appropriate average over individual Ni(t) and Ci(t), re-
spectively, using arbitrary normalized ordinate units (see the
methods described in the SI) so that each longitudinal curve

starts from the same point, namely ↵N ⇤(1)� = ↵C ⇤(1)� ⌅ 1.
The growth trajectories are characterized by superlinear al-
gebraic growth, with � � 1 and ⇤ > � (values shown in
Fig. 3). Individual exponents �i and ⇤i are also calculated
for the Ni(t) and Ci(t) of each author, and they are listed
along with many other quantitative measures for each career
in Tables S1–S9 of the SI. We averaged both �i and ⇤i within
each dataset and confirm that ↵�i� ⌃= �, and ↵⇤i� ⌃= ⇤. Thus
the aggregate patterns hold at the individual scale. Figure 4
shows the evolution of the publication portfolio quantified by
the Zipf distribution of the papers ranked in decreasing order
ci(1) ⇧ ci(2) ⇧ · · · ⇧ ci(Ni) of rank r. The curve ci(r)
belongs to the class of the discrete generalized beta distribu-
tions (DGBD), c(r)  r�⇥(N + 1� r)⇤ . We use ⇤i and ⇥i as
quantitative benchmarks to confirm that our stochastic model
matches to values observed for real careers [4].

D. Measuring the reputation effect

The interacting networks illustrated in Fig. 1 serve as a
platform for reputation signaling, a process used to overcome
information asymmetries between scientists and other aca-
demic agents [14, 21, 22]. We measure author reputation
by Ci(t), which possibly discounts the role of mentor repu-
tation effects early in the career [23]. Nevertheless, because
we analyze top scientists, the signaling advantage they re-
ceive early in their careers by working with prestigious men-
tors/coauthors should be negligible over the long run [22].
Furthermore, by analyzing top scientists, we reduce the com-
pound reputation effect occurring when two or more highly
reputable scientists are coauthors on a publication, a scenario
where it may be difficult to estimate the differential impact of
these scientists on the citation rate. Hence, we assume that a
majority of the reputation signal is attributable to the central
scientist i. Also, by analyzing top-cited cohorts, we can es-
tablish an upper bound to the strength of the reputation effect.

To measure the role of author reputation vis-à-vis paper im-
pact, we use a regression model that simultaneously accounts
for three factors: (i) the paper citation effect ⇥p(t) ⌅ [cp(t)]⇧ ,
(ii) the life cycle effect Ap(⌥) ⌅ exp[�⌥p/⌥ ], and (iii) the au-
thor reputation effect Ri(t) ⌅ [Ci(t)]⌃. Again, we note that
the reputation factor R(t) ⌥

�
j Rj should conceivably ag-

gregate the cumulative reputations measures of all coauthors
j, however due to data limitations requiring disambiguation
and career data for all coauthors, we make the approximation
R(t) ⌥ Ri(t). We perform a multiple regression to estimate
the ⇧, ⌥ , and ⌃ values which parameterize the citation model,

�ci,p(t + 1) ⌅ ⌅ ⇤⇥p(t)⇤Ap(⌥)⇤Ri(t) , (1)

with the additional multiplicative noise term ⌅.
To test for basic mechanistic differences between the cita-

tion dynamics of highly-cited papers and less-cited papers, we
first analyze the relation between �cp(t + 1) and cp(t) (cor-
responding to the limit ⌥ � ⌦ and ⌃ = 0). This analysis
shown in Fig. S8 indicates that papers with citations above a
slow but substantial citation crossover value c⇥ obey a distinct
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FIG. 3: Quantifying the life-cycle of both papers and stellar ca-
reers. (A) Relation between ⇤1/2 and cumulative citations cp. (B,C)
Growth trajectories of the cumulative publications N(t) and citations
C(t), appropriately rescaled to start from unity in each ordinate, cap-
ture the persistence of career growth in top careers. The characteris-
tic � and ⇥ exponents shown in each legend are calculated over the
growth phase of the career, in (B) over the first 30 years and in (C)
over the first 20 years. The mathematicians [E] have distinct career
trajectories, with � � 1 since collaboration spillovers via division of
labor likely play a smaller role in publication rate growth. See Tables
S1–S9 for �i and ⇥i values calculated for individual careers.

Ci(t) ⌅
�Ni(t)

p=1 ci,p(t) for a large part of a scientist’s “growth
phase,” which we find to be ⌥ 30 years after their first publi-
cation. Figures 3(B) and 3(C) show the characteristic growth
trajectories ↵N ⇤(t)� ⌃ t� and ↵C ⇤(t)� ⌃ t⌅ , calculated by
an appropriate average over individual Ni(t) and Ci(t), re-
spectively, using arbitrary normalized ordinate units (see the
methods described in the SI) so that each longitudinal curve

starts from the same point, namely ↵N ⇤(1)� = ↵C ⇤(1)� ⌅ 1.
The growth trajectories are characterized by superlinear al-
gebraic growth, with � � 1 and ⇤ > � (values shown in
Fig. 3). Individual exponents �i and ⇤i are also calculated
for the Ni(t) and Ci(t) of each author, and they are listed
along with many other quantitative measures for each career
in Tables S1–S9 of the SI. We averaged both �i and ⇤i within
each dataset and confirm that ↵�i� ⌃= �, and ↵⇤i� ⌃= ⇤. Thus
the aggregate patterns hold at the individual scale. Figure 4
shows the evolution of the publication portfolio quantified by
the Zipf distribution of the papers ranked in decreasing order
ci(1) ⇧ ci(2) ⇧ · · · ⇧ ci(Ni) of rank r. The curve ci(r)
belongs to the class of the discrete generalized beta distribu-
tions (DGBD), c(r)  r�⇥(N + 1� r)⇤ . We use ⇤i and ⇥i as
quantitative benchmarks to confirm that our stochastic model
matches to values observed for real careers [4].

D. Measuring the reputation effect

The interacting networks illustrated in Fig. 1 serve as a
platform for reputation signaling, a process used to overcome
information asymmetries between scientists and other aca-
demic agents [14, 21, 22]. We measure author reputation
by Ci(t), which possibly discounts the role of mentor repu-
tation effects early in the career [23]. Nevertheless, because
we analyze top scientists, the signaling advantage they re-
ceive early in their careers by working with prestigious men-
tors/coauthors should be negligible over the long run [22].
Furthermore, by analyzing top scientists, we reduce the com-
pound reputation effect occurring when two or more highly
reputable scientists are coauthors on a publication, a scenario
where it may be difficult to estimate the differential impact of
these scientists on the citation rate. Hence, we assume that a
majority of the reputation signal is attributable to the central
scientist i. Also, by analyzing top-cited cohorts, we can es-
tablish an upper bound to the strength of the reputation effect.

To measure the role of author reputation vis-à-vis paper im-
pact, we use a regression model that simultaneously accounts
for three factors: (i) the paper citation effect ⇥p(t) ⌅ [cp(t)]⇧ ,
(ii) the life cycle effect Ap(⌥) ⌅ exp[�⌥p/⌥ ], and (iii) the au-
thor reputation effect Ri(t) ⌅ [Ci(t)]⌃. Again, we note that
the reputation factor R(t) ⌥

�
j Rj should conceivably ag-

gregate the cumulative reputations measures of all coauthors
j, however due to data limitations requiring disambiguation
and career data for all coauthors, we make the approximation
R(t) ⌥ Ri(t). We perform a multiple regression to estimate
the ⇧, ⌥ , and ⌃ values which parameterize the citation model,

�ci,p(t + 1) ⌅ ⌅ ⇤⇥p(t)⇤Ap(⌥)⇤Ri(t) , (1)

with the additional multiplicative noise term ⌅.
To test for basic mechanistic differences between the cita-

tion dynamics of highly-cited papers and less-cited papers, we
first analyze the relation between �cp(t + 1) and cp(t) (cor-
responding to the limit ⌥ � ⌦ and ⌃ = 0). This analysis
shown in Fig. S8 indicates that papers with citations above a
slow but substantial citation crossover value c⇥ obey a distinct
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FIG. 3: Quantifying the life-cycle of both papers and stellar ca-
reers. (A) Relation between ⇤1/2 and cumulative citations cp. (B,C)
Growth trajectories of the cumulative publications N(t) and citations
C(t), appropriately rescaled to start from unity in each ordinate, cap-
ture the persistence of career growth in top careers. The characteris-
tic � and ⇥ exponents shown in each legend are calculated over the
growth phase of the career, in (B) over the first 30 years and in (C)
over the first 20 years. The mathematicians [E] have distinct career
trajectories, with � � 1 since collaboration spillovers via division of
labor likely play a smaller role in publication rate growth. See Tables
S1–S9 for �i and ⇥i values calculated for individual careers.

Ci(t) ⌅
�Ni(t)

p=1 ci,p(t) for a large part of a scientist’s “growth
phase,” which we find to be ⌥ 30 years after their first publi-
cation. Figures 3(B) and 3(C) show the characteristic growth
trajectories ↵N ⇤(t)� ⌃ t� and ↵C ⇤(t)� ⌃ t⌅ , calculated by
an appropriate average over individual Ni(t) and Ci(t), re-
spectively, using arbitrary normalized ordinate units (see the
methods described in the SI) so that each longitudinal curve

starts from the same point, namely ↵N ⇤(1)� = ↵C ⇤(1)� ⌅ 1.
The growth trajectories are characterized by superlinear al-
gebraic growth, with � � 1 and ⇤ > � (values shown in
Fig. 3). Individual exponents �i and ⇤i are also calculated
for the Ni(t) and Ci(t) of each author, and they are listed
along with many other quantitative measures for each career
in Tables S1–S9 of the SI. We averaged both �i and ⇤i within
each dataset and confirm that ↵�i� ⌃= �, and ↵⇤i� ⌃= ⇤. Thus
the aggregate patterns hold at the individual scale. Figure 4
shows the evolution of the publication portfolio quantified by
the Zipf distribution of the papers ranked in decreasing order
ci(1) ⇧ ci(2) ⇧ · · · ⇧ ci(Ni) of rank r. The curve ci(r)
belongs to the class of the discrete generalized beta distribu-
tions (DGBD), c(r)  r�⇥(N + 1� r)⇤ . We use ⇤i and ⇥i as
quantitative benchmarks to confirm that our stochastic model
matches to values observed for real careers [4].

D. Measuring the reputation effect

The interacting networks illustrated in Fig. 1 serve as a
platform for reputation signaling, a process used to overcome
information asymmetries between scientists and other aca-
demic agents [14, 21, 22]. We measure author reputation
by Ci(t), which possibly discounts the role of mentor repu-
tation effects early in the career [23]. Nevertheless, because
we analyze top scientists, the signaling advantage they re-
ceive early in their careers by working with prestigious men-
tors/coauthors should be negligible over the long run [22].
Furthermore, by analyzing top scientists, we reduce the com-
pound reputation effect occurring when two or more highly
reputable scientists are coauthors on a publication, a scenario
where it may be difficult to estimate the differential impact of
these scientists on the citation rate. Hence, we assume that a
majority of the reputation signal is attributable to the central
scientist i. Also, by analyzing top-cited cohorts, we can es-
tablish an upper bound to the strength of the reputation effect.

To measure the role of author reputation vis-à-vis paper im-
pact, we use a regression model that simultaneously accounts
for three factors: (i) the paper citation effect ⇥p(t) ⌅ [cp(t)]⇧ ,
(ii) the life cycle effect Ap(⌥) ⌅ exp[�⌥p/⌥ ], and (iii) the au-
thor reputation effect Ri(t) ⌅ [Ci(t)]⌃. Again, we note that
the reputation factor R(t) ⌥

�
j Rj should conceivably ag-

gregate the cumulative reputations measures of all coauthors
j, however due to data limitations requiring disambiguation
and career data for all coauthors, we make the approximation
R(t) ⌥ Ri(t). We perform a multiple regression to estimate
the ⇧, ⌥ , and ⌃ values which parameterize the citation model,

�ci,p(t + 1) ⌅ ⌅ ⇤⇥p(t)⇤Ap(⌥)⇤Ri(t) , (1)

with the additional multiplicative noise term ⌅.
To test for basic mechanistic differences between the cita-

tion dynamics of highly-cited papers and less-cited papers, we
first analyze the relation between �cp(t + 1) and cp(t) (cor-
responding to the limit ⌥ � ⌦ and ⌃ = 0). This analysis
shown in Fig. S8 indicates that papers with citations above a
slow but substantial citation crossover value c⇥ obey a distinct

# of new citations in year t+1 = 

Variability in the citation life-cycle. To isolate the effect of author
reputation upon the citation dynamics of individual papers it is impor-
tant to first have an understanding of the general citation dynamics of
papers. To this end, we first present results on general citation dynam-
ics that justify the components of our final model which accounts for
the finite citation life time of a publication. However, in studying ci-
tation dynamics several additional specific observations can be made
regarding the relative obsolescence of high and low impact publica-
tions.

Important scientific discoveries can cause paradigm shifts and sig-
nificantly boost the reputation of scientists associated with the discov-
ery [18]. However, most publications are not seminal contributions
but rather incremental advances with relatively short-term relevance.
In general, this means that the long-term citation rate of individual
papers decays according to a characteristic time scale. The relation
between the decay time scale and the cumulative citation impact of
a publication remains poorly understood, especially at the disaggre-
gated level of individual publication portfolios. Hence, in this section
we analyze the dynamics of the citation trajectory �cp(⌧), the num-
ber of new citations received in paper year ⌧ , where ⌧ is the number
of years since the paper was first cited.

We analyze �cp(⌧) at two levels of aggregation: (i) For each
discipline, we calculate an averaged �cp(⌧) calculated by collecting
papers with similar total citation counts cp. To achieve a scaled trajec-
tory that is better suited for averaging we normalize each individual
�cp(⌧) by its peak citation value, �c

0

p(⌧) ⌘ �cp(⌧)/Max[�cp(⌧)].
The top panels in Fig. 2 show the characteristic citation trajectory
of papers belonging to each of the top 5 quintiles of the aggregate
citation distribution. Each curve represents the average trajectory
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p(⌧) calculated from the Nq papers in quin-
tile q. (ii) For each career i, we calculate h�c
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i(⌧)i by averaging over
groups of ranked citation sets within the publication portfolio. The
bottom panels in Fig. 2 show that even within top careers, there is a
significant variation in the publication life cycle.

At both levels of aggregation, the impact life cycle typically peaks
before paper age ⌧ ⇡ 5 years, except in cases where the paper is con-
ceivably ahead of its time and does not receive peak attention until
a later time (e.g., experimental validation of a previous theoretical
prediction, and vice versa). We define the half-life ⌧1/2 as the time to
reach half the peak citation rate, �c

0

(⌧1/2) = 1/2 in the decay phase.
Papers in the theoretical domains of mathematics and physics can have
extremely long ⌧1/2 > 40 years. Remarkably, some top mathematics
papers even have ⌧1/2 that span nearly the entire data sample dura-
tion 100 years for some papers, reflecting the foundational nature of
“progress by proof.” This is in contrast to top-cited cell biology pa-
pers in the last 50 years: even in the top 10% of most cited works
the value ⌧1/2 ⇡ 10 years, possibly reflecting a significantly higher
discovery rate, and in a related sense, a relatively faster obsolescence
rate.

Fig. 3(A) shows the scaling relation ⌧1/2 ⇠ c

⌦
p calculated for pa-

pers grouped into logarithmic bins of cp. Physics and biology differ
mainly for the highly cited papers, cp & 40, whereas mathematics
shows larger variation in ⌧1/2 per citation. For papers of varying im-
pact, the obsolescence rate can vary dramatically, and is quantified
by the ⌦ value which provides an approximate relation between cita-
tions and time. In mathematics ⌧1/2 / cp, indicating that the impact
is distributed roughly uniformly across time. However, for biology
papers the sub-linear relation with ⌦ ⇡ 0.30 indicates that for two
papers, one with twice the citation impact as the other, the more cited
paper gained twice the number of citations over a ⌧1/2 that was less
than twice as large as the ⌧1/2 of the less-cited paper. These differ-
ences in citation bursting across field are possibly related to the role
of bursty technological advancement, bursty funding initiatives, and
other social aspects of science that can give rise to non-linearities in
scientific advancement.

Patterns of growth for longitudinal reputation measures. Life-
cycle patterns of top scientists serve as a benchmarks characteristic
of sufficiently founded careers in that they are insignificantly affected
by negative productivity shocks across the career. Many top scien-
tists become directors of large labs, and so their creative endeavors
consist of parallel research efforts [19], where each production stream
requires a significant investment with uncertain “payoff ” and “payout
date”. Because of this uncertainty over the horizon of the investment,
especially in the context of finite lifetime of the scientist, theoretical
models predict a decrease in research productivity with age for scien-
tists who are more motivated by investment incentives as opposed to
problem-solving incentives [20]. These steadily increasing patterns
for top scientists suggest that the problem-solving attribute is a key
driver of extremely ambitious individuals. In this section we inves-
tigate the patterns of productivity and reputation growth across the
career, and use these patterns as statistical benchmarks for a career
portfolio model developed in the final section.

One of the most striking statistical patterns of all careers analyzed
in our top scientists dataset is the faster than linear growth in time,
both in cumulative publication number Ni(t) ⌘

Pt
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) and
in cumulative citation count Ci(t) ⌘

PNi(t)
p=1 ci,p(t) for a large part

of a scientist’s “growth phase,” which we find to be ⇡ 30 years after
their first publication. Figures 3(B) and 3(C) show the characteristic
growth trajectories hN 0

(t)i ⇠ t

↵ and hC0

(t)i ⇠ t

⇣ , calculated by
an appropriate average over individual Ni(t) and Ci(t), respectively,
using arbitrary normalized ordinate units (see the methods described
in the SI) so that each longitudinal curve starts from the same point,
namely hN 0

(1)i = hC0

(1)i ⌘ 1. The growth trajectories are char-
acterized by superlinear algebraic growth, with ↵ & 1 and ⇣ > ↵

(values shown in Fig. 3). Individual exponents ↵i and ⇣i are also
calculated for the Ni(t) and Ci(t) of each author, and they are listed
along with many other quantitative measures for each career in Ta-
bles S1–S9 of the SI. We averaged both ↵i and ⇣i within each dataset
and confirm that h↵ii ⇠= ↵, and h⇣ii ⇠= ⇣. Thus the aggregate pat-
terns hold at the individual scale. Figure 4 shows the evolution of the
publication portfolio quantified by the Zipf distribution of the papers
ranked in decreasing order ci(1) � ci(2) � · · · � ci(Ni) of rank r.
The curve ci(r) belongs to the class of the discrete generalized beta
distributions (DGBD), c(r) / r
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� . We use ⇣i and �i as
quantitative benchmarks to confirm that our stochastic model matches
to values observed for real careers [4].

Measuring the reputation effect. The interacting networks illus-
trated in Fig. 1 serve as a platform for reputation signaling, a process
used to overcome information asymmetries between scientists and
other academic agents [14, 21, 22]. We measure author reputation
by Ci(t), which possibly discounts the role of mentor reputation ef-
fects early in the career [23]. Nevertheless, because we analyze top
scientists, the signaling advantage they receive early in their careers
by working with prestigious mentors/coauthors should be negligible
over the long run [22]. Furthermore, by analyzing top scientists, we
reduce the compound reputation effect occurring when two or more
highly reputable scientists are coauthors on a publication, a scenario
where it may be difficult to estimate the differential impact of these
scientists on the citation rate. Hence, we assume that a majority of
the reputation signal is attributable to the central scientist i. Also, by
analyzing top-cited cohorts, we can establish an upper bound to the
strength of the reputation effect.

To measure the role of author reputation vis-à-vis paper impact,
we use a regression model that simultaneously accounts for three
factors: (i) the paper citation effect ⇧p(t) ⌘ [cp(t)]

⇡ , (ii) the life
cycle effect Ap(⌧) ⌘ exp[�⌧p/⌧ ], and (iii) the author reputation
effect Ri(t) ⌘ [Ci(t)]

⇢. Again, we note that the reputation factor
R(t) ⇡

P
j Rj should conceivably aggregate the cumulative repu-

tations measures of all coauthors j, however due to data limitations
requiring disambiguation and career data for all coauthors, we make

2 www.pnas.org — — Footline Author

Variability in the citation life-cycle. To isolate the effect of author
reputation upon the citation dynamics of individual papers it is impor-
tant to first have an understanding of the general citation dynamics of
papers. To this end, we first present results on general citation dynam-
ics that justify the components of our final model which accounts for
the finite citation life time of a publication. However, in studying ci-
tation dynamics several additional specific observations can be made
regarding the relative obsolescence of high and low impact publica-
tions.

Important scientific discoveries can cause paradigm shifts and sig-
nificantly boost the reputation of scientists associated with the discov-
ery [18]. However, most publications are not seminal contributions
but rather incremental advances with relatively short-term relevance.
In general, this means that the long-term citation rate of individual
papers decays according to a characteristic time scale. The relation
between the decay time scale and the cumulative citation impact of
a publication remains poorly understood, especially at the disaggre-
gated level of individual publication portfolios. Hence, in this section
we analyze the dynamics of the citation trajectory �cp(⌧), the num-
ber of new citations received in paper year ⌧ , where ⌧ is the number
of years since the paper was first cited.

We analyze �cp(⌧) at two levels of aggregation: (i) For each
discipline, we calculate an averaged �cp(⌧) calculated by collecting
papers with similar total citation counts cp. To achieve a scaled trajec-
tory that is better suited for averaging we normalize each individual
�cp(⌧) by its peak citation value, �c
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p(⌧) ⌘ �cp(⌧)/Max[�cp(⌧)].
The top panels in Fig. 2 show the characteristic citation trajectory
of papers belonging to each of the top 5 quintiles of the aggregate
citation distribution. Each curve represents the average trajectory
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p(⌧) calculated from the Nq papers in quin-
tile q. (ii) For each career i, we calculate h�c
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i(⌧)i by averaging over
groups of ranked citation sets within the publication portfolio. The
bottom panels in Fig. 2 show that even within top careers, there is a
significant variation in the publication life cycle.

At both levels of aggregation, the impact life cycle typically peaks
before paper age ⌧ ⇡ 5 years, except in cases where the paper is con-
ceivably ahead of its time and does not receive peak attention until
a later time (e.g., experimental validation of a previous theoretical
prediction, and vice versa). We define the half-life ⌧1/2 as the time to
reach half the peak citation rate, �c

0

(⌧1/2) = 1/2 in the decay phase.
Papers in the theoretical domains of mathematics and physics can have
extremely long ⌧1/2 > 40 years. Remarkably, some top mathematics
papers even have ⌧1/2 that span nearly the entire data sample dura-
tion 100 years for some papers, reflecting the foundational nature of
“progress by proof.” This is in contrast to top-cited cell biology pa-
pers in the last 50 years: even in the top 10% of most cited works
the value ⌧1/2 ⇡ 10 years, possibly reflecting a significantly higher
discovery rate, and in a related sense, a relatively faster obsolescence
rate.

Fig. 3(A) shows the scaling relation ⌧1/2 ⇠ c
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pers grouped into logarithmic bins of cp. Physics and biology differ
mainly for the highly cited papers, cp & 40, whereas mathematics
shows larger variation in ⌧1/2 per citation. For papers of varying im-
pact, the obsolescence rate can vary dramatically, and is quantified
by the ⌦ value which provides an approximate relation between cita-
tions and time. In mathematics ⌧1/2 / cp, indicating that the impact
is distributed roughly uniformly across time. However, for biology
papers the sub-linear relation with ⌦ ⇡ 0.30 indicates that for two
papers, one with twice the citation impact as the other, the more cited
paper gained twice the number of citations over a ⌧1/2 that was less
than twice as large as the ⌧1/2 of the less-cited paper. These differ-
ences in citation bursting across field are possibly related to the role
of bursty technological advancement, bursty funding initiatives, and
other social aspects of science that can give rise to non-linearities in
scientific advancement.

Patterns of growth for longitudinal reputation measures. Life-
cycle patterns of top scientists serve as a benchmarks characteristic
of sufficiently founded careers in that they are insignificantly affected
by negative productivity shocks across the career. Many top scien-
tists become directors of large labs, and so their creative endeavors
consist of parallel research efforts [19], where each production stream
requires a significant investment with uncertain “payoff ” and “payout
date”. Because of this uncertainty over the horizon of the investment,
especially in the context of finite lifetime of the scientist, theoretical
models predict a decrease in research productivity with age for scien-
tists who are more motivated by investment incentives as opposed to
problem-solving incentives [20]. These steadily increasing patterns
for top scientists suggest that the problem-solving attribute is a key
driver of extremely ambitious individuals. In this section we inves-
tigate the patterns of productivity and reputation growth across the
career, and use these patterns as statistical benchmarks for a career
portfolio model developed in the final section.

One of the most striking statistical patterns of all careers analyzed
in our top scientists dataset is the faster than linear growth in time,
both in cumulative publication number Ni(t) ⌘
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) and
in cumulative citation count Ci(t) ⌘
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of a scientist’s “growth phase,” which we find to be ⇡ 30 years after
their first publication. Figures 3(B) and 3(C) show the characteristic
growth trajectories hN 0

(t)i ⇠ t

↵ and hC0
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⇣ , calculated by
an appropriate average over individual Ni(t) and Ci(t), respectively,
using arbitrary normalized ordinate units (see the methods described
in the SI) so that each longitudinal curve starts from the same point,
namely hN 0

(1)i = hC0

(1)i ⌘ 1. The growth trajectories are char-
acterized by superlinear algebraic growth, with ↵ & 1 and ⇣ > ↵

(values shown in Fig. 3). Individual exponents ↵i and ⇣i are also
calculated for the Ni(t) and Ci(t) of each author, and they are listed
along with many other quantitative measures for each career in Ta-
bles S1–S9 of the SI. We averaged both ↵i and ⇣i within each dataset
and confirm that h↵ii ⇠= ↵, and h⇣ii ⇠= ⇣. Thus the aggregate pat-
terns hold at the individual scale. Figure 4 shows the evolution of the
publication portfolio quantified by the Zipf distribution of the papers
ranked in decreasing order ci(1) � ci(2) � · · · � ci(Ni) of rank r.
The curve ci(r) belongs to the class of the discrete generalized beta
distributions (DGBD), c(r) / r
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� . We use ⇣i and �i as
quantitative benchmarks to confirm that our stochastic model matches
to values observed for real careers [4].

Measuring the reputation effect. The interacting networks illus-
trated in Fig. 1 serve as a platform for reputation signaling, a process
used to overcome information asymmetries between scientists and
other academic agents [14, 21, 22]. We measure author reputation
by Ci(t), which possibly discounts the role of mentor reputation ef-
fects early in the career [23]. Nevertheless, because we analyze top
scientists, the signaling advantage they receive early in their careers
by working with prestigious mentors/coauthors should be negligible
over the long run [22]. Furthermore, by analyzing top scientists, we
reduce the compound reputation effect occurring when two or more
highly reputable scientists are coauthors on a publication, a scenario
where it may be difficult to estimate the differential impact of these
scientists on the citation rate. Hence, we assume that a majority of
the reputation signal is attributable to the central scientist i. Also, by
analyzing top-cited cohorts, we can establish an upper bound to the
strength of the reputation effect.

To measure the role of author reputation vis-à-vis paper impact,
we use a regression model that simultaneously accounts for three
factors: (i) the paper citation effect ⇧p(t) ⌘ [cp(t)]

⇡ , (ii) the life
cycle effect Ap(⌧) ⌘ exp[�⌧p/⌧ ], and (iii) the author reputation
effect Ri(t) ⌘ [Ci(t)]

⇢. Again, we note that the reputation factor
R(t) ⇡

P
j Rj should conceivably aggregate the cumulative repu-

tations measures of all coauthors j, however due to data limitations
requiring disambiguation and career data for all coauthors, we make
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Variability in the citation life-cycle. To isolate the effect of author
reputation upon the citation dynamics of individual papers it is impor-
tant to first have an understanding of the general citation dynamics of
papers. To this end, we first present results on general citation dynam-
ics that justify the components of our final model which accounts for
the finite citation life time of a publication. However, in studying ci-
tation dynamics several additional specific observations can be made
regarding the relative obsolescence of high and low impact publica-
tions.

Important scientific discoveries can cause paradigm shifts and sig-
nificantly boost the reputation of scientists associated with the discov-
ery [18]. However, most publications are not seminal contributions
but rather incremental advances with relatively short-term relevance.
In general, this means that the long-term citation rate of individual
papers decays according to a characteristic time scale. The relation
between the decay time scale and the cumulative citation impact of
a publication remains poorly understood, especially at the disaggre-
gated level of individual publication portfolios. Hence, in this section
we analyze the dynamics of the citation trajectory �cp(⌧), the num-
ber of new citations received in paper year ⌧ , where ⌧ is the number
of years since the paper was first cited.

We analyze �cp(⌧) at two levels of aggregation: (i) For each
discipline, we calculate an averaged �cp(⌧) calculated by collecting
papers with similar total citation counts cp. To achieve a scaled trajec-
tory that is better suited for averaging we normalize each individual
�cp(⌧) by its peak citation value, �c
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p(⌧) ⌘ �cp(⌧)/Max[�cp(⌧)].
The top panels in Fig. 2 show the characteristic citation trajectory
of papers belonging to each of the top 5 quintiles of the aggregate
citation distribution. Each curve represents the average trajectory
h�c

0

(⌧)i ⌘ N

�1
q

P
p �c

0

p(⌧) calculated from the Nq papers in quin-
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0

i(⌧)i by averaging over
groups of ranked citation sets within the publication portfolio. The
bottom panels in Fig. 2 show that even within top careers, there is a
significant variation in the publication life cycle.

At both levels of aggregation, the impact life cycle typically peaks
before paper age ⌧ ⇡ 5 years, except in cases where the paper is con-
ceivably ahead of its time and does not receive peak attention until
a later time (e.g., experimental validation of a previous theoretical
prediction, and vice versa). We define the half-life ⌧1/2 as the time to
reach half the peak citation rate, �c

0

(⌧1/2) = 1/2 in the decay phase.
Papers in the theoretical domains of mathematics and physics can have
extremely long ⌧1/2 > 40 years. Remarkably, some top mathematics
papers even have ⌧1/2 that span nearly the entire data sample dura-
tion 100 years for some papers, reflecting the foundational nature of
“progress by proof.” This is in contrast to top-cited cell biology pa-
pers in the last 50 years: even in the top 10% of most cited works
the value ⌧1/2 ⇡ 10 years, possibly reflecting a significantly higher
discovery rate, and in a related sense, a relatively faster obsolescence
rate.

Fig. 3(A) shows the scaling relation ⌧1/2 ⇠ c
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pers grouped into logarithmic bins of cp. Physics and biology differ
mainly for the highly cited papers, cp & 40, whereas mathematics
shows larger variation in ⌧1/2 per citation. For papers of varying im-
pact, the obsolescence rate can vary dramatically, and is quantified
by the ⌦ value which provides an approximate relation between cita-
tions and time. In mathematics ⌧1/2 / cp, indicating that the impact
is distributed roughly uniformly across time. However, for biology
papers the sub-linear relation with ⌦ ⇡ 0.30 indicates that for two
papers, one with twice the citation impact as the other, the more cited
paper gained twice the number of citations over a ⌧1/2 that was less
than twice as large as the ⌧1/2 of the less-cited paper. These differ-
ences in citation bursting across field are possibly related to the role
of bursty technological advancement, bursty funding initiatives, and
other social aspects of science that can give rise to non-linearities in
scientific advancement.

Patterns of growth for longitudinal reputation measures. Life-
cycle patterns of top scientists serve as a benchmarks characteristic
of sufficiently founded careers in that they are insignificantly affected
by negative productivity shocks across the career. Many top scien-
tists become directors of large labs, and so their creative endeavors
consist of parallel research efforts [19], where each production stream
requires a significant investment with uncertain “payoff ” and “payout
date”. Because of this uncertainty over the horizon of the investment,
especially in the context of finite lifetime of the scientist, theoretical
models predict a decrease in research productivity with age for scien-
tists who are more motivated by investment incentives as opposed to
problem-solving incentives [20]. These steadily increasing patterns
for top scientists suggest that the problem-solving attribute is a key
driver of extremely ambitious individuals. In this section we inves-
tigate the patterns of productivity and reputation growth across the
career, and use these patterns as statistical benchmarks for a career
portfolio model developed in the final section.

One of the most striking statistical patterns of all careers analyzed
in our top scientists dataset is the faster than linear growth in time,
both in cumulative publication number Ni(t) ⌘
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of a scientist’s “growth phase,” which we find to be ⇡ 30 years after
their first publication. Figures 3(B) and 3(C) show the characteristic
growth trajectories hN 0
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⇣ , calculated by
an appropriate average over individual Ni(t) and Ci(t), respectively,
using arbitrary normalized ordinate units (see the methods described
in the SI) so that each longitudinal curve starts from the same point,
namely hN 0
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(1)i ⌘ 1. The growth trajectories are char-
acterized by superlinear algebraic growth, with ↵ & 1 and ⇣ > ↵

(values shown in Fig. 3). Individual exponents ↵i and ⇣i are also
calculated for the Ni(t) and Ci(t) of each author, and they are listed
along with many other quantitative measures for each career in Ta-
bles S1–S9 of the SI. We averaged both ↵i and ⇣i within each dataset
and confirm that h↵ii ⇠= ↵, and h⇣ii ⇠= ⇣. Thus the aggregate pat-
terns hold at the individual scale. Figure 4 shows the evolution of the
publication portfolio quantified by the Zipf distribution of the papers
ranked in decreasing order ci(1) � ci(2) � · · · � ci(Ni) of rank r.
The curve ci(r) belongs to the class of the discrete generalized beta
distributions (DGBD), c(r) / r
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� . We use ⇣i and �i as
quantitative benchmarks to confirm that our stochastic model matches
to values observed for real careers [4].

Measuring the reputation effect. The interacting networks illus-
trated in Fig. 1 serve as a platform for reputation signaling, a process
used to overcome information asymmetries between scientists and
other academic agents [14, 21, 22]. We measure author reputation
by Ci(t), which possibly discounts the role of mentor reputation ef-
fects early in the career [23]. Nevertheless, because we analyze top
scientists, the signaling advantage they receive early in their careers
by working with prestigious mentors/coauthors should be negligible
over the long run [22]. Furthermore, by analyzing top scientists, we
reduce the compound reputation effect occurring when two or more
highly reputable scientists are coauthors on a publication, a scenario
where it may be difficult to estimate the differential impact of these
scientists on the citation rate. Hence, we assume that a majority of
the reputation signal is attributable to the central scientist i. Also, by
analyzing top-cited cohorts, we can establish an upper bound to the
strength of the reputation effect.

To measure the role of author reputation vis-à-vis paper impact,
we use a regression model that simultaneously accounts for three
factors: (i) the paper citation effect ⇧p(t) ⌘ [cp(t)]

⇡ , (ii) the life
cycle effect Ap(⌧) ⌘ exp[�⌧p/⌧ ], and (iii) the author reputation
effect Ri(t) ⌘ [Ci(t)]

⇢. Again, we note that the reputation factor
R(t) ⇡

P
j Rj should conceivably aggregate the cumulative repu-

tations measures of all coauthors j, however due to data limitations
requiring disambiguation and career data for all coauthors, we make
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highly-cited physicists

Author-specific factors matter,
corresponding to important quantifiable nuances underlying citation dynamics!!!

An excess citation 
rate above what 
you would expect 
from linear 
preferential 
attachment alone

Reputation Ci(t) is 
estimated by the 
total citations of 
the most highly 
cited coauthor 
(here assumed to 
be i)



Take home message:
1) The reputation effect is 
stronger for newer publications (c<      )

2) The citation rate of highly-cited 
papers is largely independent of 
the author reputation 

Author-specific features: πi, τi, ρi 5

TABLE I: Best-fit parameters for individual careers and the average values within disciplinary datasets. The three features of the citation model
are parameterized by �, the paper citation effect, ⇤ , the life-cycle effect, and ⇥, the reputation effect.

c(t� 1) < c� c(t� 1) ⇤ c�
Name �i ⇤ i ⇥i �i ⇤ i ⇥i

GOSSARD, AC 0.34± 0.027 4.92± 0.261 0.25± 0.008 0.80± 0.048 4.73± 0.184 0.09± 0.024

BARABÁSI, AL 0.42± 0.036 3.00± 0.155 0.29± 0.010 1.06± 0.016 3.65± 0.111 0.01± 0.011
Ave. ± Std. Dev. [A] 0.43± 0.14 5.67± 2.52 0.22± 0.06 0.96± 0.19 8.93± 4.09 �0.07± 0.11

BALTIMORE, D 0.32± 0.018 4.64± 0.148 0.28± 0.006 0.62± 0.047 5.92± 0.250 0.15± 0.026
LAEMMLI, UK 0.54± 0.036 5.09± 0.297 0.21± 0.014 1.09± 0.025 6.40± 0.255 �0.12± 0.019
Ave. ± Std. Dev. [D] 0.40± 0.14 6.64± 6.24 0.26± 0.05 0.99± 0.22 9.55± 26.30 �0.06± 0.14

SERRE, JP 0.33± 0.095 15.90± 3.724 0.14± 0.026 0.66± 0.065 20.50± 3.862 �0.03± 0.039
WILES, A 0.56± 0.208 5.23± 1.187 0.24± 0.052 0.70± 0.059 9.04± 0.633 0.10± 0.042
Ave. ± Std. Dev. [E] 0.27± 0.17 30.60± 56.80 0.14± 0.07 0.54± 0.25 21.40± 54.30 0.01± 0.11

scaling law that matches to sub-linear (though nearly linear)
preferential attachment model with ⇤ � 1. Based upon the as-
sessment of the growth dynamics elaborated in Figs. S8 and
S9 we choose the crossover value c� � 40 [A/B], c� � 100
[C], and c� � 20 [E]; the general results are not strongly de-
pendent on reasonable variations in our choice of c�. We next
analyze the reputation effect by comparing the growth dynam-
ics of papers with cp(⇧) ⇥ c� versus papers with cp(⇧) < c�.

We observe a robust pattern of role switching by author-
and paper-specific effects, namely ⌅(c < c�) > ⌅(c ⇥ c�)
and ⇤(c < c�) < ⇤(c ⇥ c�). These two inequalities indi-
cate that papers are initially boosted by author reputation to
ci,p ⌅ c�, after which the citation rate is sustained in large
by paper reputation. This constitutes one of our main results,
finding that c� serves as a “tipping point” for the strength of
the reputation effect. For example, for established physicists
in [A] and [B] we calculate ⌅(c < 40) ⌅ 0.2, ⌅(c ⇥ 40) ⌅ 0,
⇤(c < 40) ⌅ 0.4, and ⇤(c ⇥ 40) ⌅ 1. Table I shows the
⇤i, ⇧i, and ⌅i estimates, above and below c�, for the indi-
vidual careers highlighted in Figs. 2 and 4. Mathematicians
exhibit relatively high life-cycle exponents ⇧i as compared to
physicists and biologists. However, the reputation effect ⌅i

is less prominent in mathematics, possibly related to features
of small team sizes and axiomatic discoveries which may de-
crease the role of reputation effects in conveying prestige sig-
nals. The estimated model values are consistent when com-
paring between aggregated and individual career datasets. Ta-
bles S10–S13 list the regression values aggregating over all
careers in each dataset, and Tables S14 – S22 list the values
for all 450 scientists analyzed.

These findings show how reputation contributes to generate
the cumulative “rich-get-richer” processes predicted for scien-
tific careers [9], since it conveys unconditional citation boosts
for new papers of already established scientists. This feature
is anecdotally consistent with the common behavior of check-
ing author names in the preliminary steps of evaluating the
relevance of a newly-found paper.

E. Validation of the reputation model by simulating synthetic
Monte Carlo careers

We analyze four variants (i-iv) of a career growth model
using Monte Carlo (MC) evolution to simulate the dynamics
of �ci,p(t+1) for each paper p in each time period t of the ca-
reer of synthetic author i. With each variant we introduce pro-
gressively a new feature of paper citation trajectories. (i) We
begin with a basic Poisson null model for the unconditional
citation dynamics, �ci,p(t+1) ⇧ Poisson(⇥) where ⇥ is the
mean citation rate, independent of ⇧p and other author-specific
factors. (ii) The next model we simulate is a preferential at-
tachment model (PA model) in which �ci,p(t + 1) ⇧ ci,p(t).
(iii) In the third version of the model we incrementally modify
the PA model by adding a multiplicative exponential obsoles-
cence factor (PA-LC model) imposing the inherent life-cycle.
We then compare model (i-iii) with the reputation model (iv)
given by Eq. 1.

Fig. 5 shows MC careers characteristic of each model. A
qualitative assessment of each model’s performance is as fol-
lows. The Poisson model (i) and the PA model (ii) fail to
reproduce the characteristic trajectories of real papers, since
there is a clear first-mover advantage [24] for the first pa-
pers published in the career; also the extreme acceleration of
Ci(t) in model (ii) does not appear to obey a proper power-law
growth.

Next we use quantitative patterns demonstrated for real ca-
reers in Figs. 2–4, and demonstrated more extensively in the
SI, as empirical benchmarks to distinguish models (iii) and
(iv). Comparing models (iii) and (iv), we confirm that the
reputation model (iv) satisfies the characteristics of the empir-
ical benchmark in all 3 graphical categories. We confirm for
model (iv), but not for model (iii), that there is a clear distinc-
tion when comparing the citation trajectories ⌃�c⇥(⇧p)⌥ of dif-
ferent sets of ranked papers. Furthermore, we quantitatively
confirm that C(t) ⇤ t� with 2 � � � 3. And for large t
we confirm that the rank-citation profile c(r, t) belongs to the
class of DGBD distributions. We provide more details about
our MC models and methods in the SI text.

the approximation R(t) ⇡ Ri(t). We perform a multiple regression
to estimate the ⇡, ⌧ , and ⇢ values which parameterize the citation
model,

�ci,p(t + 1) ⌘ ⌘ ⇥⇧p(t)⇥Ap(⌧)⇥Ri(t) , [1]

with the additional multiplicative noise term ⌘.
To test for basic mechanistic differences between the citation dy-

namics of highly-cited papers and less-cited papers, we first analyze
the relation between �cp(t+1) and cp(t) (corresponding to the limit
⌧ ! 1 and ⇢ = 0). This analysis shown in Fig. S8 indicates that
papers with citations above a slow but substantial citation crossover
value c

⇥

obey a distinct scaling law that matches to sub-linear (though
nearly linear) preferential attachment model with ⇡ . 1. Based upon
the assessment of the growth dynamics elaborated in Figs. S8 and S9
we choose the crossover value c

⇥

⌘ 40 [A/B], c

⇥

⌘ 100 [C], and
c

⇥

⌘ 20 [E]; the general results are not strongly dependent on rea-
sonable variations in our choice of c

⇥

. We next analyze the reputation
effect by comparing the growth dynamics of papers with cp(⌧) � c

⇥

versus papers with cp(⌧) < c

⇥

.
We observe a robust pattern of role switching by author- and

paper-specific effects, namely ⇢(c < c

⇥

) > ⇢(c � c

⇥

) and
⇡(c < c

⇥

) < ⇡(c � c

⇥

). These two inequalities indicate that
papers are initially boosted by author reputation to ci,p ⇡ c

⇥

, after
which the citation rate is sustained in large by paper reputation. This
constitutes one of our main results, finding that c

⇥

serves as a “tip-
ping point” for the strength of the reputation effect. For example, for
established physicists in [A] and [B] we calculate ⇢(c < 40) ⇡ 0.2,
⇢(c � 40) ⇡ 0, ⇡(c < 40) ⇡ 0.4, and ⇡(c � 40) ⇡ 1. Table
1 shows the ⇡i, ⌧i, and ⇢i estimates, above and below c

⇥

, for the
individual careers highlighted in Figs. 2 and 4. Mathematicians ex-
hibit relatively high life-cycle exponents ⌧i as compared to physicists
and biologists. However, the reputation effect ⇢i is less prominent
in mathematics, possibly related to features of small team sizes and
axiomatic discoveries which may decrease the role of reputation ef-
fects in conveying prestige signals. The estimated model values are
consistent when comparing between aggregated and individual career
datasets. Tables S10–S13 list the regression values aggregating over
all careers in each dataset, and Tables S14 – S22 list the values for all
450 scientists analyzed.

These findings show how reputation contributes to generate the
cumulative “rich-get-richer” processes predicted for scientific careers
[9], since it conveys unconditional citation boosts for new papers of
already established scientists. This feature is anecdotally consistent
with the common behavior of checking author names in the prelimi-
nary steps of evaluating the relevance of a newly-found paper.

Validation of the reputation model by simulating synthetic Monte
Carlo careers. We analyze four variants (i-iv) of a career growth
model using Monte Carlo (MC) evolution to simulate the dynam-
ics of �ci,p(t + 1) for each paper p in each time period t of the
career of synthetic author i. With each variant we introduce progres-
sively a new feature of paper citation trajectories. (i) We begin with
a basic Poisson null model for the unconditional citation dynamics,
�ci,p(t + 1) / Poisson(�) where � is the mean citation rate, inde-
pendent of ⌧p and other author-specific factors. (ii) The next model
we simulate is a preferential attachment model (PA model) in which
�ci,p(t + 1) / ci,p(t). (iii) In the third version of the model we
incrementally modify the PA model by adding a multiplicative ex-
ponential obsolescence factor (PA-LC model) imposing the inherent
life-cycle. We then compare model (i-iii) with the reputation model
(iv) given by Eq. 1.

Fig. 5 shows MC careers characteristic of each model. A qual-
itative assessment of each model’s performance is as follows. The
Poisson model (i) and the PA model (ii) fail to reproduce the char-
acteristic trajectories of real papers, since there is a clear first-mover
advantage [24] for the first papers published in the career; also the

extreme acceleration of Ci(t) in model (ii) does not appear to obey a
proper power-law growth.

Next we use quantitative patterns demonstrated for real careers
in Figs. 2–4, and demonstrated more extensively in the SI, as em-
pirical benchmarks to distinguish models (iii) and (iv). Comparing
models (iii) and (iv), we confirm that the reputation model (iv) satis-
fies the characteristics of the empirical benchmark in all 3 graphical
categories. We confirm for model (iv), but not for model (iii), that
there is a clear distinction when comparing the citation trajectories
h�c

0

(⌧p)i of different sets of ranked papers. Furthermore, we quan-
titatively confirm that C(t) ⇠ t

⇣ with 2 . ⇣ . 3. And for large t

we confirm that the rank-citation profile c(r, t) belongs to the class of
DGBD distributions. We provide more details about our MC models
and methods in the SI text.

Discussion
Social networks in science are characterized by heterogeneous struc-
ture [25] that provides opportunities for intellectual and social capital
investment at the individual level [26], and influence scientists’ re-
search strategies [21]. In this paper we analyze the role of reputation
on the micro-level processes underlying the dynamics of a scientist’s
research impact towards the broader goal to understand better career
growth and the increasingly difficult task of career evaluation [16].

Patterns of career growth are important for establishing (i) bench-
marks for career trajectory models, and (ii) a quantitative evaluation
framework that does not oversimplify or discount the complex so-
cial processes underlying scientific careers. Along these lines we
observe for top scientists a robust pattern of super-linear growth for
two cumulative reputation measures, Ni(t) and Ci(t), giving support
to amplifying social processes which sustain growth via coevolution
of scientific collaboration and output [6, 27, 28, 29]. In a scientific
system increasingly characterized by team endeavors, multiple levels
of hierarchy, and division of labor [30], it will be important to develop
both financial and prestige incentives that sustain lifetime productivity
for scientists at every level of the scientific enterprise.

As reputable teams start to dominate the scientific landscape, it
will further become important to disentangle the reputation effect as-
sociated with elite labs in order to assess individual contributions. To
this end, quantitative measures are becoming more prevalent in the
evaluation of projects, labs, and various hiring and promotion sce-
narios affecting individual careers in science. It is also increasingly
important to understand the relation between scientific inputs (money,
labor, knowledge, reputation, etc.) and scientific outputs [6, 15, 17],
the evolution of these dependencies across career stage, and the role
of career uncertainty [6]. Concerning careers, an institutional set-
ting based on quantitative appraisal that neglects these features may
paradoxically go against the goal of sustaining the careers of talented
and diligent young academics, especially considering the role that lab
and mentor reputation play in the hiring process. Indeed, our find-
ing of a crossover behavior around c

⇥

shows how young scientists
lacking reputation can be negatively affected by social stratification
in science, since there is a competitive advantage working with a pres-
tigious mentor which is countered with the possibility that it is not the
ideal mentor-advisee match. In light of the value of online visibility,
strategies of self-promotion may also emerge as scientists “game” the
system, which may be hard to disentangle from other dimensions of
science, such as the tendency for scientists to self-cite, possibly with
the intention of signaling reputation, when crossing disciplinary lines
[31]. Reputation will also become increasingly important in light of
the preferential treatment based on citation measures given to search
query results, e.g. Google Scholar, which may further strengthen the
reputation effect between paper and author.

Our framework motivates future research to inspire institutional
and funding body evaluation schemes to appropriately account for the
roles that reputation and social context play in science. For example,
our results can be used in support of the double-blind review system
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the approximation R(t) ⇡ Ri(t). We perform a multiple regression
to estimate the ⇡, ⌧ , and ⇢ values which parameterize the citation
model,

�ci,p(t + 1) ⌘ ⌘ ⇥⇧p(t)⇥Ap(⌧)⇥Ri(t) , [1]

with the additional multiplicative noise term ⌘.
To test for basic mechanistic differences between the citation dy-

namics of highly-cited papers and less-cited papers, we first analyze
the relation between �cp(t+1) and cp(t) (corresponding to the limit
⌧ ! 1 and ⇢ = 0). This analysis shown in Fig. S8 indicates that
papers with citations above a slow but substantial citation crossover
value c

⇥

obey a distinct scaling law that matches to sub-linear (though
nearly linear) preferential attachment model with ⇡ . 1. Based upon
the assessment of the growth dynamics elaborated in Figs. S8 and S9
we choose the crossover value c

⇥

⌘ 40 [A/B], c

⇥

⌘ 100 [C], and
c

⇥

⌘ 20 [E]; the general results are not strongly dependent on rea-
sonable variations in our choice of c

⇥

. We next analyze the reputation
effect by comparing the growth dynamics of papers with cp(⌧) � c

⇥

versus papers with cp(⌧) < c

⇥

.
We observe a robust pattern of role switching by author- and

paper-specific effects, namely ⇢(c < c
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) > ⇢(c � c
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) and
⇡(c < c

⇥

) < ⇡(c � c

⇥

). These two inequalities indicate that
papers are initially boosted by author reputation to ci,p ⇡ c

⇥

, after
which the citation rate is sustained in large by paper reputation. This
constitutes one of our main results, finding that c

⇥

serves as a “tip-
ping point” for the strength of the reputation effect. For example, for
established physicists in [A] and [B] we calculate ⇢(c < 40) ⇡ 0.2,
⇢(c � 40) ⇡ 0, ⇡(c < 40) ⇡ 0.4, and ⇡(c � 40) ⇡ 1. Table
1 shows the ⇡i, ⌧i, and ⇢i estimates, above and below c

⇥

, for the
individual careers highlighted in Figs. 2 and 4. Mathematicians ex-
hibit relatively high life-cycle exponents ⌧i as compared to physicists
and biologists. However, the reputation effect ⇢i is less prominent
in mathematics, possibly related to features of small team sizes and
axiomatic discoveries which may decrease the role of reputation ef-
fects in conveying prestige signals. The estimated model values are
consistent when comparing between aggregated and individual career
datasets. Tables S10–S13 list the regression values aggregating over
all careers in each dataset, and Tables S14 – S22 list the values for all
450 scientists analyzed.

These findings show how reputation contributes to generate the
cumulative “rich-get-richer” processes predicted for scientific careers
[9], since it conveys unconditional citation boosts for new papers of
already established scientists. This feature is anecdotally consistent
with the common behavior of checking author names in the prelimi-
nary steps of evaluating the relevance of a newly-found paper.

Validation of the reputation model by simulating synthetic Monte
Carlo careers. We analyze four variants (i-iv) of a career growth
model using Monte Carlo (MC) evolution to simulate the dynam-
ics of �ci,p(t + 1) for each paper p in each time period t of the
career of synthetic author i. With each variant we introduce progres-
sively a new feature of paper citation trajectories. (i) We begin with
a basic Poisson null model for the unconditional citation dynamics,
�ci,p(t + 1) / Poisson(�) where � is the mean citation rate, inde-
pendent of ⌧p and other author-specific factors. (ii) The next model
we simulate is a preferential attachment model (PA model) in which
�ci,p(t + 1) / ci,p(t). (iii) In the third version of the model we
incrementally modify the PA model by adding a multiplicative ex-
ponential obsolescence factor (PA-LC model) imposing the inherent
life-cycle. We then compare model (i-iii) with the reputation model
(iv) given by Eq. 1.

Fig. 5 shows MC careers characteristic of each model. A qual-
itative assessment of each model’s performance is as follows. The
Poisson model (i) and the PA model (ii) fail to reproduce the char-
acteristic trajectories of real papers, since there is a clear first-mover
advantage [24] for the first papers published in the career; also the

extreme acceleration of Ci(t) in model (ii) does not appear to obey a
proper power-law growth.

Next we use quantitative patterns demonstrated for real careers
in Figs. 2–4, and demonstrated more extensively in the SI, as em-
pirical benchmarks to distinguish models (iii) and (iv). Comparing
models (iii) and (iv), we confirm that the reputation model (iv) satis-
fies the characteristics of the empirical benchmark in all 3 graphical
categories. We confirm for model (iv), but not for model (iii), that
there is a clear distinction when comparing the citation trajectories
h�c

0

(⌧p)i of different sets of ranked papers. Furthermore, we quan-
titatively confirm that C(t) ⇠ t

⇣ with 2 . ⇣ . 3. And for large t

we confirm that the rank-citation profile c(r, t) belongs to the class of
DGBD distributions. We provide more details about our MC models
and methods in the SI text.

Discussion
Social networks in science are characterized by heterogeneous struc-
ture [25] that provides opportunities for intellectual and social capital
investment at the individual level [26], and influence scientists’ re-
search strategies [21]. In this paper we analyze the role of reputation
on the micro-level processes underlying the dynamics of a scientist’s
research impact towards the broader goal to understand better career
growth and the increasingly difficult task of career evaluation [16].

Patterns of career growth are important for establishing (i) bench-
marks for career trajectory models, and (ii) a quantitative evaluation
framework that does not oversimplify or discount the complex so-
cial processes underlying scientific careers. Along these lines we
observe for top scientists a robust pattern of super-linear growth for
two cumulative reputation measures, Ni(t) and Ci(t), giving support
to amplifying social processes which sustain growth via coevolution
of scientific collaboration and output [6, 27, 28, 29]. In a scientific
system increasingly characterized by team endeavors, multiple levels
of hierarchy, and division of labor [30], it will be important to develop
both financial and prestige incentives that sustain lifetime productivity
for scientists at every level of the scientific enterprise.

As reputable teams start to dominate the scientific landscape, it
will further become important to disentangle the reputation effect as-
sociated with elite labs in order to assess individual contributions. To
this end, quantitative measures are becoming more prevalent in the
evaluation of projects, labs, and various hiring and promotion sce-
narios affecting individual careers in science. It is also increasingly
important to understand the relation between scientific inputs (money,
labor, knowledge, reputation, etc.) and scientific outputs [6, 15, 17],
the evolution of these dependencies across career stage, and the role
of career uncertainty [6]. Concerning careers, an institutional set-
ting based on quantitative appraisal that neglects these features may
paradoxically go against the goal of sustaining the careers of talented
and diligent young academics, especially considering the role that lab
and mentor reputation play in the hiring process. Indeed, our find-
ing of a crossover behavior around c

⇥

shows how young scientists
lacking reputation can be negatively affected by social stratification
in science, since there is a competitive advantage working with a pres-
tigious mentor which is countered with the possibility that it is not the
ideal mentor-advisee match. In light of the value of online visibility,
strategies of self-promotion may also emerge as scientists “game” the
system, which may be hard to disentangle from other dimensions of
science, such as the tendency for scientists to self-cite, possibly with
the intention of signaling reputation, when crossing disciplinary lines
[31]. Reputation will also become increasingly important in light of
the preferential treatment based on citation measures given to search
query results, e.g. Google Scholar, which may further strengthen the
reputation effect between paper and author.

Our framework motivates future research to inspire institutional
and funding body evaluation schemes to appropriately account for the
roles that reputation and social context play in science. For example,
our results can be used in support of the double-blind review system
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the approximation R(t) ⇡ Ri(t). We perform a multiple regression
to estimate the ⇡, ⌧ , and ⇢ values which parameterize the citation
model,

�ci,p(t + 1) ⌘ ⌘ ⇥⇧p(t)⇥Ap(⌧)⇥Ri(t) , [1]

with the additional multiplicative noise term ⌘.
To test for basic mechanistic differences between the citation dy-

namics of highly-cited papers and less-cited papers, we first analyze
the relation between �cp(t+1) and cp(t) (corresponding to the limit
⌧ ! 1 and ⇢ = 0). This analysis shown in Fig. S8 indicates that
papers with citations above a slow but substantial citation crossover
value c

⇥

obey a distinct scaling law that matches to sub-linear (though
nearly linear) preferential attachment model with ⇡ . 1. Based upon
the assessment of the growth dynamics elaborated in Figs. S8 and S9
we choose the crossover value c

⇥

⌘ 40 [A/B], c

⇥

⌘ 100 [C], and
c
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⌘ 20 [E]; the general results are not strongly dependent on rea-
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. We next analyze the reputation
effect by comparing the growth dynamics of papers with cp(⌧) � c
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). These two inequalities indicate that
papers are initially boosted by author reputation to ci,p ⇡ c
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, after
which the citation rate is sustained in large by paper reputation. This
constitutes one of our main results, finding that c

⇥

serves as a “tip-
ping point” for the strength of the reputation effect. For example, for
established physicists in [A] and [B] we calculate ⇢(c < 40) ⇡ 0.2,
⇢(c � 40) ⇡ 0, ⇡(c < 40) ⇡ 0.4, and ⇡(c � 40) ⇡ 1. Table
1 shows the ⇡i, ⌧i, and ⇢i estimates, above and below c

⇥

, for the
individual careers highlighted in Figs. 2 and 4. Mathematicians ex-
hibit relatively high life-cycle exponents ⌧i as compared to physicists
and biologists. However, the reputation effect ⇢i is less prominent
in mathematics, possibly related to features of small team sizes and
axiomatic discoveries which may decrease the role of reputation ef-
fects in conveying prestige signals. The estimated model values are
consistent when comparing between aggregated and individual career
datasets. Tables S10–S13 list the regression values aggregating over
all careers in each dataset, and Tables S14 – S22 list the values for all
450 scientists analyzed.

These findings show how reputation contributes to generate the
cumulative “rich-get-richer” processes predicted for scientific careers
[9], since it conveys unconditional citation boosts for new papers of
already established scientists. This feature is anecdotally consistent
with the common behavior of checking author names in the prelimi-
nary steps of evaluating the relevance of a newly-found paper.

Validation of the reputation model by simulating synthetic Monte
Carlo careers. We analyze four variants (i-iv) of a career growth
model using Monte Carlo (MC) evolution to simulate the dynam-
ics of �ci,p(t + 1) for each paper p in each time period t of the
career of synthetic author i. With each variant we introduce progres-
sively a new feature of paper citation trajectories. (i) We begin with
a basic Poisson null model for the unconditional citation dynamics,
�ci,p(t + 1) / Poisson(�) where � is the mean citation rate, inde-
pendent of ⌧p and other author-specific factors. (ii) The next model
we simulate is a preferential attachment model (PA model) in which
�ci,p(t + 1) / ci,p(t). (iii) In the third version of the model we
incrementally modify the PA model by adding a multiplicative ex-
ponential obsolescence factor (PA-LC model) imposing the inherent
life-cycle. We then compare model (i-iii) with the reputation model
(iv) given by Eq. 1.

Fig. 5 shows MC careers characteristic of each model. A qual-
itative assessment of each model’s performance is as follows. The
Poisson model (i) and the PA model (ii) fail to reproduce the char-
acteristic trajectories of real papers, since there is a clear first-mover
advantage [24] for the first papers published in the career; also the

extreme acceleration of Ci(t) in model (ii) does not appear to obey a
proper power-law growth.

Next we use quantitative patterns demonstrated for real careers
in Figs. 2–4, and demonstrated more extensively in the SI, as em-
pirical benchmarks to distinguish models (iii) and (iv). Comparing
models (iii) and (iv), we confirm that the reputation model (iv) satis-
fies the characteristics of the empirical benchmark in all 3 graphical
categories. We confirm for model (iv), but not for model (iii), that
there is a clear distinction when comparing the citation trajectories
h�c

0

(⌧p)i of different sets of ranked papers. Furthermore, we quan-
titatively confirm that C(t) ⇠ t

⇣ with 2 . ⇣ . 3. And for large t

we confirm that the rank-citation profile c(r, t) belongs to the class of
DGBD distributions. We provide more details about our MC models
and methods in the SI text.

Discussion
Social networks in science are characterized by heterogeneous struc-
ture [25] that provides opportunities for intellectual and social capital
investment at the individual level [26], and influence scientists’ re-
search strategies [21]. In this paper we analyze the role of reputation
on the micro-level processes underlying the dynamics of a scientist’s
research impact towards the broader goal to understand better career
growth and the increasingly difficult task of career evaluation [16].

Patterns of career growth are important for establishing (i) bench-
marks for career trajectory models, and (ii) a quantitative evaluation
framework that does not oversimplify or discount the complex so-
cial processes underlying scientific careers. Along these lines we
observe for top scientists a robust pattern of super-linear growth for
two cumulative reputation measures, Ni(t) and Ci(t), giving support
to amplifying social processes which sustain growth via coevolution
of scientific collaboration and output [6, 27, 28, 29]. In a scientific
system increasingly characterized by team endeavors, multiple levels
of hierarchy, and division of labor [30], it will be important to develop
both financial and prestige incentives that sustain lifetime productivity
for scientists at every level of the scientific enterprise.

As reputable teams start to dominate the scientific landscape, it
will further become important to disentangle the reputation effect as-
sociated with elite labs in order to assess individual contributions. To
this end, quantitative measures are becoming more prevalent in the
evaluation of projects, labs, and various hiring and promotion sce-
narios affecting individual careers in science. It is also increasingly
important to understand the relation between scientific inputs (money,
labor, knowledge, reputation, etc.) and scientific outputs [6, 15, 17],
the evolution of these dependencies across career stage, and the role
of career uncertainty [6]. Concerning careers, an institutional set-
ting based on quantitative appraisal that neglects these features may
paradoxically go against the goal of sustaining the careers of talented
and diligent young academics, especially considering the role that lab
and mentor reputation play in the hiring process. Indeed, our find-
ing of a crossover behavior around c

⇥

shows how young scientists
lacking reputation can be negatively affected by social stratification
in science, since there is a competitive advantage working with a pres-
tigious mentor which is countered with the possibility that it is not the
ideal mentor-advisee match. In light of the value of online visibility,
strategies of self-promotion may also emerge as scientists “game” the
system, which may be hard to disentangle from other dimensions of
science, such as the tendency for scientists to self-cite, possibly with
the intention of signaling reputation, when crossing disciplinary lines
[31]. Reputation will also become increasingly important in light of
the preferential treatment based on citation measures given to search
query results, e.g. Google Scholar, which may further strengthen the
reputation effect between paper and author.

Our framework motivates future research to inspire institutional
and funding body evaluation schemes to appropriately account for the
roles that reputation and social context play in science. For example,
our results can be used in support of the double-blind review system
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the approximation R(t) ⇡ Ri(t). We perform a multiple regression
to estimate the ⇡, ⌧ , and ⇢ values which parameterize the citation
model,

�ci,p(t + 1) ⌘ ⌘ ⇥⇧p(t)⇥Ap(⌧)⇥Ri(t) , [1]

with the additional multiplicative noise term ⌘.
To test for basic mechanistic differences between the citation dy-

namics of highly-cited papers and less-cited papers, we first analyze
the relation between �cp(t+1) and cp(t) (corresponding to the limit
⌧ ! 1 and ⇢ = 0). This analysis shown in Fig. S8 indicates that
papers with citations above a slow but substantial citation crossover
value c

⇥

obey a distinct scaling law that matches to sub-linear (though
nearly linear) preferential attachment model with ⇡ . 1. Based upon
the assessment of the growth dynamics elaborated in Figs. S8 and S9
we choose the crossover value c

⇥

⌘ 40 [A/B], c

⇥

⌘ 100 [C], and
c

⇥

⌘ 20 [E]; the general results are not strongly dependent on rea-
sonable variations in our choice of c

⇥

. We next analyze the reputation
effect by comparing the growth dynamics of papers with cp(⌧) � c

⇥

versus papers with cp(⌧) < c

⇥

.
We observe a robust pattern of role switching by author- and

paper-specific effects, namely ⇢(c < c

⇥

) > ⇢(c � c

⇥

) and
⇡(c < c

⇥

) < ⇡(c � c

⇥

). These two inequalities indicate that
papers are initially boosted by author reputation to ci,p ⇡ c

⇥

, after
which the citation rate is sustained in large by paper reputation. This
constitutes one of our main results, finding that c

⇥

serves as a “tip-
ping point” for the strength of the reputation effect. For example, for
established physicists in [A] and [B] we calculate ⇢(c < 40) ⇡ 0.2,
⇢(c � 40) ⇡ 0, ⇡(c < 40) ⇡ 0.4, and ⇡(c � 40) ⇡ 1. Table
1 shows the ⇡i, ⌧i, and ⇢i estimates, above and below c

⇥

, for the
individual careers highlighted in Figs. 2 and 4. Mathematicians ex-
hibit relatively high life-cycle exponents ⌧i as compared to physicists
and biologists. However, the reputation effect ⇢i is less prominent
in mathematics, possibly related to features of small team sizes and
axiomatic discoveries which may decrease the role of reputation ef-
fects in conveying prestige signals. The estimated model values are
consistent when comparing between aggregated and individual career
datasets. Tables S10–S13 list the regression values aggregating over
all careers in each dataset, and Tables S14 – S22 list the values for all
450 scientists analyzed.

These findings show how reputation contributes to generate the
cumulative “rich-get-richer” processes predicted for scientific careers
[9], since it conveys unconditional citation boosts for new papers of
already established scientists. This feature is anecdotally consistent
with the common behavior of checking author names in the prelimi-
nary steps of evaluating the relevance of a newly-found paper.

Validation of the reputation model by simulating synthetic Monte
Carlo careers. We analyze four variants (i-iv) of a career growth
model using Monte Carlo (MC) evolution to simulate the dynam-
ics of �ci,p(t + 1) for each paper p in each time period t of the
career of synthetic author i. With each variant we introduce progres-
sively a new feature of paper citation trajectories. (i) We begin with
a basic Poisson null model for the unconditional citation dynamics,
�ci,p(t + 1) / Poisson(�) where � is the mean citation rate, inde-
pendent of ⌧p and other author-specific factors. (ii) The next model
we simulate is a preferential attachment model (PA model) in which
�ci,p(t + 1) / ci,p(t). (iii) In the third version of the model we
incrementally modify the PA model by adding a multiplicative ex-
ponential obsolescence factor (PA-LC model) imposing the inherent
life-cycle. We then compare model (i-iii) with the reputation model
(iv) given by Eq. 1.

Fig. 5 shows MC careers characteristic of each model. A qual-
itative assessment of each model’s performance is as follows. The
Poisson model (i) and the PA model (ii) fail to reproduce the char-
acteristic trajectories of real papers, since there is a clear first-mover
advantage [24] for the first papers published in the career; also the

extreme acceleration of Ci(t) in model (ii) does not appear to obey a
proper power-law growth.

Next we use quantitative patterns demonstrated for real careers
in Figs. 2–4, and demonstrated more extensively in the SI, as em-
pirical benchmarks to distinguish models (iii) and (iv). Comparing
models (iii) and (iv), we confirm that the reputation model (iv) satis-
fies the characteristics of the empirical benchmark in all 3 graphical
categories. We confirm for model (iv), but not for model (iii), that
there is a clear distinction when comparing the citation trajectories
h�c

0

(⌧p)i of different sets of ranked papers. Furthermore, we quan-
titatively confirm that C(t) ⇠ t

⇣ with 2 . ⇣ . 3. And for large t

we confirm that the rank-citation profile c(r, t) belongs to the class of
DGBD distributions. We provide more details about our MC models
and methods in the SI text.

Discussion
Social networks in science are characterized by heterogeneous struc-
ture [25] that provides opportunities for intellectual and social capital
investment at the individual level [26], and influence scientists’ re-
search strategies [21]. In this paper we analyze the role of reputation
on the micro-level processes underlying the dynamics of a scientist’s
research impact towards the broader goal to understand better career
growth and the increasingly difficult task of career evaluation [16].

Patterns of career growth are important for establishing (i) bench-
marks for career trajectory models, and (ii) a quantitative evaluation
framework that does not oversimplify or discount the complex so-
cial processes underlying scientific careers. Along these lines we
observe for top scientists a robust pattern of super-linear growth for
two cumulative reputation measures, Ni(t) and Ci(t), giving support
to amplifying social processes which sustain growth via coevolution
of scientific collaboration and output [6, 27, 28, 29]. In a scientific
system increasingly characterized by team endeavors, multiple levels
of hierarchy, and division of labor [30], it will be important to develop
both financial and prestige incentives that sustain lifetime productivity
for scientists at every level of the scientific enterprise.

As reputable teams start to dominate the scientific landscape, it
will further become important to disentangle the reputation effect as-
sociated with elite labs in order to assess individual contributions. To
this end, quantitative measures are becoming more prevalent in the
evaluation of projects, labs, and various hiring and promotion sce-
narios affecting individual careers in science. It is also increasingly
important to understand the relation between scientific inputs (money,
labor, knowledge, reputation, etc.) and scientific outputs [6, 15, 17],
the evolution of these dependencies across career stage, and the role
of career uncertainty [6]. Concerning careers, an institutional set-
ting based on quantitative appraisal that neglects these features may
paradoxically go against the goal of sustaining the careers of talented
and diligent young academics, especially considering the role that lab
and mentor reputation play in the hiring process. Indeed, our find-
ing of a crossover behavior around c

⇥

shows how young scientists
lacking reputation can be negatively affected by social stratification
in science, since there is a competitive advantage working with a pres-
tigious mentor which is countered with the possibility that it is not the
ideal mentor-advisee match. In light of the value of online visibility,
strategies of self-promotion may also emerge as scientists “game” the
system, which may be hard to disentangle from other dimensions of
science, such as the tendency for scientists to self-cite, possibly with
the intention of signaling reputation, when crossing disciplinary lines
[31]. Reputation will also become increasingly important in light of
the preferential treatment based on citation measures given to search
query results, e.g. Google Scholar, which may further strengthen the
reputation effect between paper and author.

Our framework motivates future research to inspire institutional
and funding body evaluation schemes to appropriately account for the
roles that reputation and social context play in science. For example,
our results can be used in support of the double-blind review system
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the approximation R(t) ⇡ Ri(t). We perform a multiple regression
to estimate the ⇡, ⌧ , and ⇢ values which parameterize the citation
model,

�ci,p(t + 1) ⌘ ⌘ ⇥⇧p(t)⇥Ap(⌧)⇥Ri(t) , [1]

with the additional multiplicative noise term ⌘.
To test for basic mechanistic differences between the citation dy-

namics of highly-cited papers and less-cited papers, we first analyze
the relation between �cp(t+1) and cp(t) (corresponding to the limit
⌧ ! 1 and ⇢ = 0). This analysis shown in Fig. S8 indicates that
papers with citations above a slow but substantial citation crossover
value c

⇥

obey a distinct scaling law that matches to sub-linear (though
nearly linear) preferential attachment model with ⇡ . 1. Based upon
the assessment of the growth dynamics elaborated in Figs. S8 and S9
we choose the crossover value c

⇥

⌘ 40 [A/B], c

⇥

⌘ 100 [C], and
c

⇥

⌘ 20 [E]; the general results are not strongly dependent on rea-
sonable variations in our choice of c

⇥

. We next analyze the reputation
effect by comparing the growth dynamics of papers with cp(⌧) � c

⇥

versus papers with cp(⌧) < c

⇥

.
We observe a robust pattern of role switching by author- and

paper-specific effects, namely ⇢(c < c

⇥

) > ⇢(c � c

⇥

) and
⇡(c < c

⇥

) < ⇡(c � c

⇥

). These two inequalities indicate that
papers are initially boosted by author reputation to ci,p ⇡ c

⇥

, after
which the citation rate is sustained in large by paper reputation. This
constitutes one of our main results, finding that c

⇥

serves as a “tip-
ping point” for the strength of the reputation effect. For example, for
established physicists in [A] and [B] we calculate ⇢(c < 40) ⇡ 0.2,
⇢(c � 40) ⇡ 0, ⇡(c < 40) ⇡ 0.4, and ⇡(c � 40) ⇡ 1. Table
1 shows the ⇡i, ⌧i, and ⇢i estimates, above and below c

⇥

, for the
individual careers highlighted in Figs. 2 and 4. Mathematicians ex-
hibit relatively high life-cycle exponents ⌧i as compared to physicists
and biologists. However, the reputation effect ⇢i is less prominent
in mathematics, possibly related to features of small team sizes and
axiomatic discoveries which may decrease the role of reputation ef-
fects in conveying prestige signals. The estimated model values are
consistent when comparing between aggregated and individual career
datasets. Tables S10–S13 list the regression values aggregating over
all careers in each dataset, and Tables S14 – S22 list the values for all
450 scientists analyzed.

These findings show how reputation contributes to generate the
cumulative “rich-get-richer” processes predicted for scientific careers
[9], since it conveys unconditional citation boosts for new papers of
already established scientists. This feature is anecdotally consistent
with the common behavior of checking author names in the prelimi-
nary steps of evaluating the relevance of a newly-found paper.

Validation of the reputation model by simulating synthetic Monte
Carlo careers. We analyze four variants (i-iv) of a career growth
model using Monte Carlo (MC) evolution to simulate the dynam-
ics of �ci,p(t + 1) for each paper p in each time period t of the
career of synthetic author i. With each variant we introduce progres-
sively a new feature of paper citation trajectories. (i) We begin with
a basic Poisson null model for the unconditional citation dynamics,
�ci,p(t + 1) / Poisson(�) where � is the mean citation rate, inde-
pendent of ⌧p and other author-specific factors. (ii) The next model
we simulate is a preferential attachment model (PA model) in which
�ci,p(t + 1) / ci,p(t). (iii) In the third version of the model we
incrementally modify the PA model by adding a multiplicative ex-
ponential obsolescence factor (PA-LC model) imposing the inherent
life-cycle. We then compare model (i-iii) with the reputation model
(iv) given by Eq. 1.

Fig. 5 shows MC careers characteristic of each model. A qual-
itative assessment of each model’s performance is as follows. The
Poisson model (i) and the PA model (ii) fail to reproduce the char-
acteristic trajectories of real papers, since there is a clear first-mover
advantage [24] for the first papers published in the career; also the

extreme acceleration of Ci(t) in model (ii) does not appear to obey a
proper power-law growth.

Next we use quantitative patterns demonstrated for real careers
in Figs. 2–4, and demonstrated more extensively in the SI, as em-
pirical benchmarks to distinguish models (iii) and (iv). Comparing
models (iii) and (iv), we confirm that the reputation model (iv) satis-
fies the characteristics of the empirical benchmark in all 3 graphical
categories. We confirm for model (iv), but not for model (iii), that
there is a clear distinction when comparing the citation trajectories
h�c

0

(⌧p)i of different sets of ranked papers. Furthermore, we quan-
titatively confirm that C(t) ⇠ t

⇣ with 2 . ⇣ . 3. And for large t

we confirm that the rank-citation profile c(r, t) belongs to the class of
DGBD distributions. We provide more details about our MC models
and methods in the SI text.

Discussion
Social networks in science are characterized by heterogeneous struc-
ture [25] that provides opportunities for intellectual and social capital
investment at the individual level [26], and influence scientists’ re-
search strategies [21]. In this paper we analyze the role of reputation
on the micro-level processes underlying the dynamics of a scientist’s
research impact towards the broader goal to understand better career
growth and the increasingly difficult task of career evaluation [16].

Patterns of career growth are important for establishing (i) bench-
marks for career trajectory models, and (ii) a quantitative evaluation
framework that does not oversimplify or discount the complex so-
cial processes underlying scientific careers. Along these lines we
observe for top scientists a robust pattern of super-linear growth for
two cumulative reputation measures, Ni(t) and Ci(t), giving support
to amplifying social processes which sustain growth via coevolution
of scientific collaboration and output [6, 27, 28, 29]. In a scientific
system increasingly characterized by team endeavors, multiple levels
of hierarchy, and division of labor [30], it will be important to develop
both financial and prestige incentives that sustain lifetime productivity
for scientists at every level of the scientific enterprise.

As reputable teams start to dominate the scientific landscape, it
will further become important to disentangle the reputation effect as-
sociated with elite labs in order to assess individual contributions. To
this end, quantitative measures are becoming more prevalent in the
evaluation of projects, labs, and various hiring and promotion sce-
narios affecting individual careers in science. It is also increasingly
important to understand the relation between scientific inputs (money,
labor, knowledge, reputation, etc.) and scientific outputs [6, 15, 17],
the evolution of these dependencies across career stage, and the role
of career uncertainty [6]. Concerning careers, an institutional set-
ting based on quantitative appraisal that neglects these features may
paradoxically go against the goal of sustaining the careers of talented
and diligent young academics, especially considering the role that lab
and mentor reputation play in the hiring process. Indeed, our find-
ing of a crossover behavior around c

⇥

shows how young scientists
lacking reputation can be negatively affected by social stratification
in science, since there is a competitive advantage working with a pres-
tigious mentor which is countered with the possibility that it is not the
ideal mentor-advisee match. In light of the value of online visibility,
strategies of self-promotion may also emerge as scientists “game” the
system, which may be hard to disentangle from other dimensions of
science, such as the tendency for scientists to self-cite, possibly with
the intention of signaling reputation, when crossing disciplinary lines
[31]. Reputation will also become increasingly important in light of
the preferential treatment based on citation measures given to search
query results, e.g. Google Scholar, which may further strengthen the
reputation effect between paper and author.

Our framework motivates future research to inspire institutional
and funding body evaluation schemes to appropriately account for the
roles that reputation and social context play in science. For example,
our results can be used in support of the double-blind review system

Footline Author PNAS Issue Date Volume Issue Number 3

≈ 1  ( linear pref. attachment)

−

the approximation R(t) ⇡ Ri(t). We perform a multiple regression
to estimate the ⇡, ⌧ , and ⇢ values which parameterize the citation
model,

�ci,p(t + 1) ⌘ ⌘ ⇥⇧p(t)⇥Ap(⌧)⇥Ri(t) , [1]

with the additional multiplicative noise term ⌘.
To test for basic mechanistic differences between the citation dy-

namics of highly-cited papers and less-cited papers, we first analyze
the relation between �cp(t+1) and cp(t) (corresponding to the limit
⌧ ! 1 and ⇢ = 0). This analysis shown in Fig. S8 indicates that
papers with citations above a slow but substantial citation crossover
value c

⇥

obey a distinct scaling law that matches to sub-linear (though
nearly linear) preferential attachment model with ⇡ . 1. Based upon
the assessment of the growth dynamics elaborated in Figs. S8 and S9
we choose the crossover value c

⇥

⌘ 40 [A/B], c

⇥

⌘ 100 [C], and
c

⇥

⌘ 20 [E]; the general results are not strongly dependent on rea-
sonable variations in our choice of c

⇥

. We next analyze the reputation
effect by comparing the growth dynamics of papers with cp(⌧) � c

⇥

versus papers with cp(⌧) < c

⇥

.
We observe a robust pattern of role switching by author- and

paper-specific effects, namely ⇢(c < c

⇥

) > ⇢(c � c

⇥

) and
⇡(c < c

⇥

) < ⇡(c � c

⇥

). These two inequalities indicate that
papers are initially boosted by author reputation to ci,p ⇡ c

⇥

, after
which the citation rate is sustained in large by paper reputation. This
constitutes one of our main results, finding that c

⇥

serves as a “tip-
ping point” for the strength of the reputation effect. For example, for
established physicists in [A] and [B] we calculate ⇢(c < 40) ⇡ 0.2,
⇢(c � 40) ⇡ 0, ⇡(c < 40) ⇡ 0.4, and ⇡(c � 40) ⇡ 1. Table
1 shows the ⇡i, ⌧i, and ⇢i estimates, above and below c

⇥

, for the
individual careers highlighted in Figs. 2 and 4. Mathematicians ex-
hibit relatively high life-cycle exponents ⌧i as compared to physicists
and biologists. However, the reputation effect ⇢i is less prominent
in mathematics, possibly related to features of small team sizes and
axiomatic discoveries which may decrease the role of reputation ef-
fects in conveying prestige signals. The estimated model values are
consistent when comparing between aggregated and individual career
datasets. Tables S10–S13 list the regression values aggregating over
all careers in each dataset, and Tables S14 – S22 list the values for all
450 scientists analyzed.

These findings show how reputation contributes to generate the
cumulative “rich-get-richer” processes predicted for scientific careers
[9], since it conveys unconditional citation boosts for new papers of
already established scientists. This feature is anecdotally consistent
with the common behavior of checking author names in the prelimi-
nary steps of evaluating the relevance of a newly-found paper.

Validation of the reputation model by simulating synthetic Monte
Carlo careers. We analyze four variants (i-iv) of a career growth
model using Monte Carlo (MC) evolution to simulate the dynam-
ics of �ci,p(t + 1) for each paper p in each time period t of the
career of synthetic author i. With each variant we introduce progres-
sively a new feature of paper citation trajectories. (i) We begin with
a basic Poisson null model for the unconditional citation dynamics,
�ci,p(t + 1) / Poisson(�) where � is the mean citation rate, inde-
pendent of ⌧p and other author-specific factors. (ii) The next model
we simulate is a preferential attachment model (PA model) in which
�ci,p(t + 1) / ci,p(t). (iii) In the third version of the model we
incrementally modify the PA model by adding a multiplicative ex-
ponential obsolescence factor (PA-LC model) imposing the inherent
life-cycle. We then compare model (i-iii) with the reputation model
(iv) given by Eq. 1.

Fig. 5 shows MC careers characteristic of each model. A qual-
itative assessment of each model’s performance is as follows. The
Poisson model (i) and the PA model (ii) fail to reproduce the char-
acteristic trajectories of real papers, since there is a clear first-mover
advantage [24] for the first papers published in the career; also the

extreme acceleration of Ci(t) in model (ii) does not appear to obey a
proper power-law growth.

Next we use quantitative patterns demonstrated for real careers
in Figs. 2–4, and demonstrated more extensively in the SI, as em-
pirical benchmarks to distinguish models (iii) and (iv). Comparing
models (iii) and (iv), we confirm that the reputation model (iv) satis-
fies the characteristics of the empirical benchmark in all 3 graphical
categories. We confirm for model (iv), but not for model (iii), that
there is a clear distinction when comparing the citation trajectories
h�c

0

(⌧p)i of different sets of ranked papers. Furthermore, we quan-
titatively confirm that C(t) ⇠ t

⇣ with 2 . ⇣ . 3. And for large t

we confirm that the rank-citation profile c(r, t) belongs to the class of
DGBD distributions. We provide more details about our MC models
and methods in the SI text.

Discussion
Social networks in science are characterized by heterogeneous struc-
ture [25] that provides opportunities for intellectual and social capital
investment at the individual level [26], and influence scientists’ re-
search strategies [21]. In this paper we analyze the role of reputation
on the micro-level processes underlying the dynamics of a scientist’s
research impact towards the broader goal to understand better career
growth and the increasingly difficult task of career evaluation [16].

Patterns of career growth are important for establishing (i) bench-
marks for career trajectory models, and (ii) a quantitative evaluation
framework that does not oversimplify or discount the complex so-
cial processes underlying scientific careers. Along these lines we
observe for top scientists a robust pattern of super-linear growth for
two cumulative reputation measures, Ni(t) and Ci(t), giving support
to amplifying social processes which sustain growth via coevolution
of scientific collaboration and output [6, 27, 28, 29]. In a scientific
system increasingly characterized by team endeavors, multiple levels
of hierarchy, and division of labor [30], it will be important to develop
both financial and prestige incentives that sustain lifetime productivity
for scientists at every level of the scientific enterprise.

As reputable teams start to dominate the scientific landscape, it
will further become important to disentangle the reputation effect as-
sociated with elite labs in order to assess individual contributions. To
this end, quantitative measures are becoming more prevalent in the
evaluation of projects, labs, and various hiring and promotion sce-
narios affecting individual careers in science. It is also increasingly
important to understand the relation between scientific inputs (money,
labor, knowledge, reputation, etc.) and scientific outputs [6, 15, 17],
the evolution of these dependencies across career stage, and the role
of career uncertainty [6]. Concerning careers, an institutional set-
ting based on quantitative appraisal that neglects these features may
paradoxically go against the goal of sustaining the careers of talented
and diligent young academics, especially considering the role that lab
and mentor reputation play in the hiring process. Indeed, our find-
ing of a crossover behavior around c

⇥

shows how young scientists
lacking reputation can be negatively affected by social stratification
in science, since there is a competitive advantage working with a pres-
tigious mentor which is countered with the possibility that it is not the
ideal mentor-advisee match. In light of the value of online visibility,
strategies of self-promotion may also emerge as scientists “game” the
system, which may be hard to disentangle from other dimensions of
science, such as the tendency for scientists to self-cite, possibly with
the intention of signaling reputation, when crossing disciplinary lines
[31]. Reputation will also become increasingly important in light of
the preferential treatment based on citation measures given to search
query results, e.g. Google Scholar, which may further strengthen the
reputation effect between paper and author.

Our framework motivates future research to inspire institutional
and funding body evaluation schemes to appropriately account for the
roles that reputation and social context play in science. For example,
our results can be used in support of the double-blind review system
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* A fixed-effects model yields consistent results

the approximation R(t) ⇡ Ri(t). We perform a multiple regression
to estimate the ⇡, ⌧ , and ⇢ values which parameterize the citation
model,

�ci,p(t + 1) ⌘ ⌘ ⇥⇧p(t)⇥Ap(⌧)⇥Ri(t) , [1]

with the additional multiplicative noise term ⌘.
To test for basic mechanistic differences between the citation dy-

namics of highly-cited papers and less-cited papers, we first analyze
the relation between �cp(t+1) and cp(t) (corresponding to the limit
⌧ ! 1 and ⇢ = 0). This analysis shown in Fig. S8 indicates that
papers with citations above a slow but substantial citation crossover
value c

⇥

obey a distinct scaling law that matches to sub-linear (though
nearly linear) preferential attachment model with ⇡ . 1. Based upon
the assessment of the growth dynamics elaborated in Figs. S8 and S9
we choose the crossover value c

⇥

⌘ 40 [A/B], c

⇥

⌘ 100 [C], and
c

⇥

⌘ 20 [E]; the general results are not strongly dependent on rea-
sonable variations in our choice of c

⇥

. We next analyze the reputation
effect by comparing the growth dynamics of papers with cp(⌧) � c

⇥

versus papers with cp(⌧) < c

⇥

.
We observe a robust pattern of role switching by author- and

paper-specific effects, namely ⇢(c < c

⇥

) > ⇢(c � c

⇥

) and
⇡(c < c

⇥

) < ⇡(c � c

⇥

). These two inequalities indicate that
papers are initially boosted by author reputation to ci,p ⇡ c

⇥

, after
which the citation rate is sustained in large by paper reputation. This
constitutes one of our main results, finding that c

⇥

serves as a “tip-
ping point” for the strength of the reputation effect. For example, for
established physicists in [A] and [B] we calculate ⇢(c < 40) ⇡ 0.2,
⇢(c � 40) ⇡ 0, ⇡(c < 40) ⇡ 0.4, and ⇡(c � 40) ⇡ 1. Table
1 shows the ⇡i, ⌧i, and ⇢i estimates, above and below c

⇥

, for the
individual careers highlighted in Figs. 2 and 4. Mathematicians ex-
hibit relatively high life-cycle exponents ⌧i as compared to physicists
and biologists. However, the reputation effect ⇢i is less prominent
in mathematics, possibly related to features of small team sizes and
axiomatic discoveries which may decrease the role of reputation ef-
fects in conveying prestige signals. The estimated model values are
consistent when comparing between aggregated and individual career
datasets. Tables S10–S13 list the regression values aggregating over
all careers in each dataset, and Tables S14 – S22 list the values for all
450 scientists analyzed.

These findings show how reputation contributes to generate the
cumulative “rich-get-richer” processes predicted for scientific careers
[9], since it conveys unconditional citation boosts for new papers of
already established scientists. This feature is anecdotally consistent
with the common behavior of checking author names in the prelimi-
nary steps of evaluating the relevance of a newly-found paper.

Validation of the reputation model by simulating synthetic Monte
Carlo careers. We analyze four variants (i-iv) of a career growth
model using Monte Carlo (MC) evolution to simulate the dynam-
ics of �ci,p(t + 1) for each paper p in each time period t of the
career of synthetic author i. With each variant we introduce progres-
sively a new feature of paper citation trajectories. (i) We begin with
a basic Poisson null model for the unconditional citation dynamics,
�ci,p(t + 1) / Poisson(�) where � is the mean citation rate, inde-
pendent of ⌧p and other author-specific factors. (ii) The next model
we simulate is a preferential attachment model (PA model) in which
�ci,p(t + 1) / ci,p(t). (iii) In the third version of the model we
incrementally modify the PA model by adding a multiplicative ex-
ponential obsolescence factor (PA-LC model) imposing the inherent
life-cycle. We then compare model (i-iii) with the reputation model
(iv) given by Eq. 1.

Fig. 5 shows MC careers characteristic of each model. A qual-
itative assessment of each model’s performance is as follows. The
Poisson model (i) and the PA model (ii) fail to reproduce the char-
acteristic trajectories of real papers, since there is a clear first-mover
advantage [24] for the first papers published in the career; also the

extreme acceleration of Ci(t) in model (ii) does not appear to obey a
proper power-law growth.

Next we use quantitative patterns demonstrated for real careers
in Figs. 2–4, and demonstrated more extensively in the SI, as em-
pirical benchmarks to distinguish models (iii) and (iv). Comparing
models (iii) and (iv), we confirm that the reputation model (iv) satis-
fies the characteristics of the empirical benchmark in all 3 graphical
categories. We confirm for model (iv), but not for model (iii), that
there is a clear distinction when comparing the citation trajectories
h�c

0

(⌧p)i of different sets of ranked papers. Furthermore, we quan-
titatively confirm that C(t) ⇠ t

⇣ with 2 . ⇣ . 3. And for large t

we confirm that the rank-citation profile c(r, t) belongs to the class of
DGBD distributions. We provide more details about our MC models
and methods in the SI text.

Discussion
Social networks in science are characterized by heterogeneous struc-
ture [25] that provides opportunities for intellectual and social capital
investment at the individual level [26], and influence scientists’ re-
search strategies [21]. In this paper we analyze the role of reputation
on the micro-level processes underlying the dynamics of a scientist’s
research impact towards the broader goal to understand better career
growth and the increasingly difficult task of career evaluation [16].

Patterns of career growth are important for establishing (i) bench-
marks for career trajectory models, and (ii) a quantitative evaluation
framework that does not oversimplify or discount the complex so-
cial processes underlying scientific careers. Along these lines we
observe for top scientists a robust pattern of super-linear growth for
two cumulative reputation measures, Ni(t) and Ci(t), giving support
to amplifying social processes which sustain growth via coevolution
of scientific collaboration and output [6, 27, 28, 29]. In a scientific
system increasingly characterized by team endeavors, multiple levels
of hierarchy, and division of labor [30], it will be important to develop
both financial and prestige incentives that sustain lifetime productivity
for scientists at every level of the scientific enterprise.

As reputable teams start to dominate the scientific landscape, it
will further become important to disentangle the reputation effect as-
sociated with elite labs in order to assess individual contributions. To
this end, quantitative measures are becoming more prevalent in the
evaluation of projects, labs, and various hiring and promotion sce-
narios affecting individual careers in science. It is also increasingly
important to understand the relation between scientific inputs (money,
labor, knowledge, reputation, etc.) and scientific outputs [6, 15, 17],
the evolution of these dependencies across career stage, and the role
of career uncertainty [6]. Concerning careers, an institutional set-
ting based on quantitative appraisal that neglects these features may
paradoxically go against the goal of sustaining the careers of talented
and diligent young academics, especially considering the role that lab
and mentor reputation play in the hiring process. Indeed, our find-
ing of a crossover behavior around c

⇥

shows how young scientists
lacking reputation can be negatively affected by social stratification
in science, since there is a competitive advantage working with a pres-
tigious mentor which is countered with the possibility that it is not the
ideal mentor-advisee match. In light of the value of online visibility,
strategies of self-promotion may also emerge as scientists “game” the
system, which may be hard to disentangle from other dimensions of
science, such as the tendency for scientists to self-cite, possibly with
the intention of signaling reputation, when crossing disciplinary lines
[31]. Reputation will also become increasingly important in light of
the preferential treatment based on citation measures given to search
query results, e.g. Google Scholar, which may further strengthen the
reputation effect between paper and author.

Our framework motivates future research to inspire institutional
and funding body evaluation schemes to appropriately account for the
roles that reputation and social context play in science. For example,
our results can be used in support of the double-blind review system
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TABLE I: Best-fit parameters for individual careers and the average values within disciplinary datasets. The three features of the citation model
are parameterized by �, the paper citation effect, ⇤ , the life-cycle effect, and ⇥, the reputation effect.

c(t� 1) < c� c(t� 1) ⇤ c�
Name �i ⇤ i ⇥i �i ⇤ i ⇥i

GOSSARD, AC 0.34± 0.027 4.92± 0.261 0.25± 0.008 0.80± 0.048 4.73± 0.184 0.09± 0.024

BARABÁSI, AL 0.42± 0.036 3.00± 0.155 0.29± 0.010 1.06± 0.016 3.65± 0.111 0.01± 0.011
Ave. ± Std. Dev. [A] 0.43± 0.14 5.67± 2.52 0.22± 0.06 0.96± 0.19 8.93± 4.09 �0.07± 0.11

BALTIMORE, D 0.32± 0.018 4.64± 0.148 0.28± 0.006 0.62± 0.047 5.92± 0.250 0.15± 0.026
LAEMMLI, UK 0.54± 0.036 5.09± 0.297 0.21± 0.014 1.09± 0.025 6.40± 0.255 �0.12± 0.019
Ave. ± Std. Dev. [D] 0.40± 0.14 6.64± 6.24 0.26± 0.05 0.99± 0.22 9.55± 26.30 �0.06± 0.14

SERRE, JP 0.33± 0.095 15.90± 3.724 0.14± 0.026 0.66± 0.065 20.50± 3.862 �0.03± 0.039
WILES, A 0.56± 0.208 5.23± 1.187 0.24± 0.052 0.70± 0.059 9.04± 0.633 0.10± 0.042
Ave. ± Std. Dev. [E] 0.27± 0.17 30.60± 56.80 0.14± 0.07 0.54± 0.25 21.40± 54.30 0.01± 0.11

scaling law that matches to sub-linear (though nearly linear)
preferential attachment model with ⇤ � 1. Based upon the as-
sessment of the growth dynamics elaborated in Figs. S8 and
S9 we choose the crossover value c� � 40 [A/B], c� � 100
[C], and c� � 20 [E]; the general results are not strongly de-
pendent on reasonable variations in our choice of c�. We next
analyze the reputation effect by comparing the growth dynam-
ics of papers with cp(⇧) ⇥ c� versus papers with cp(⇧) < c�.

We observe a robust pattern of role switching by author-
and paper-specific effects, namely ⌅(c < c�) > ⌅(c ⇥ c�)
and ⇤(c < c�) < ⇤(c ⇥ c�). These two inequalities indi-
cate that papers are initially boosted by author reputation to
ci,p ⌅ c�, after which the citation rate is sustained in large
by paper reputation. This constitutes one of our main results,
finding that c� serves as a “tipping point” for the strength of
the reputation effect. For example, for established physicists
in [A] and [B] we calculate ⌅(c < 40) ⌅ 0.2, ⌅(c ⇥ 40) ⌅ 0,
⇤(c < 40) ⌅ 0.4, and ⇤(c ⇥ 40) ⌅ 1. Table I shows the
⇤i, ⇧i, and ⌅i estimates, above and below c�, for the indi-
vidual careers highlighted in Figs. 2 and 4. Mathematicians
exhibit relatively high life-cycle exponents ⇧i as compared to
physicists and biologists. However, the reputation effect ⌅i

is less prominent in mathematics, possibly related to features
of small team sizes and axiomatic discoveries which may de-
crease the role of reputation effects in conveying prestige sig-
nals. The estimated model values are consistent when com-
paring between aggregated and individual career datasets. Ta-
bles S10–S13 list the regression values aggregating over all
careers in each dataset, and Tables S14 – S22 list the values
for all 450 scientists analyzed.

These findings show how reputation contributes to generate
the cumulative “rich-get-richer” processes predicted for scien-
tific careers [9], since it conveys unconditional citation boosts
for new papers of already established scientists. This feature
is anecdotally consistent with the common behavior of check-
ing author names in the preliminary steps of evaluating the
relevance of a newly-found paper.

E. Validation of the reputation model by simulating synthetic
Monte Carlo careers

We analyze four variants (i-iv) of a career growth model
using Monte Carlo (MC) evolution to simulate the dynamics
of �ci,p(t+1) for each paper p in each time period t of the ca-
reer of synthetic author i. With each variant we introduce pro-
gressively a new feature of paper citation trajectories. (i) We
begin with a basic Poisson null model for the unconditional
citation dynamics, �ci,p(t+1) ⇧ Poisson(⇥) where ⇥ is the
mean citation rate, independent of ⇧p and other author-specific
factors. (ii) The next model we simulate is a preferential at-
tachment model (PA model) in which �ci,p(t + 1) ⇧ ci,p(t).
(iii) In the third version of the model we incrementally modify
the PA model by adding a multiplicative exponential obsoles-
cence factor (PA-LC model) imposing the inherent life-cycle.
We then compare model (i-iii) with the reputation model (iv)
given by Eq. 1.

Fig. 5 shows MC careers characteristic of each model. A
qualitative assessment of each model’s performance is as fol-
lows. The Poisson model (i) and the PA model (ii) fail to
reproduce the characteristic trajectories of real papers, since
there is a clear first-mover advantage [24] for the first pa-
pers published in the career; also the extreme acceleration of
Ci(t) in model (ii) does not appear to obey a proper power-law
growth.

Next we use quantitative patterns demonstrated for real ca-
reers in Figs. 2–4, and demonstrated more extensively in the
SI, as empirical benchmarks to distinguish models (iii) and
(iv). Comparing models (iii) and (iv), we confirm that the
reputation model (iv) satisfies the characteristics of the empir-
ical benchmark in all 3 graphical categories. We confirm for
model (iv), but not for model (iii), that there is a clear distinc-
tion when comparing the citation trajectories ⌃�c⇥(⇧p)⌥ of dif-
ferent sets of ranked papers. Furthermore, we quantitatively
confirm that C(t) ⇤ t� with 2 � � � 3. And for large t
we confirm that the rank-citation profile c(r, t) belongs to the
class of DGBD distributions. We provide more details about
our MC models and methods in the SI text.

consider 2 scientists, one with 10× as 
many total citations as the other,  

C1(t) =10 C2(t) ,
then for 2 new papers, 

Ceterus paribus:

�c1,p(t+ 1)

�c2,p(t+ 1)
= 10⇢ = 1.66

The reputation premium:  A 66% 
increase in the citation rate for every 

10-fold increase in reputation, Ci 

Incentive for Quality > Quantity!
Since ~ 10-15% of an author’s Ci 

comes from his/her highest-cited paper

the approximation R(t) ⇡ Ri(t). We perform a multiple regression
to estimate the ⇡, ⌧ , and ⇢ values which parameterize the citation
model,

�ci,p(t + 1) ⌘ ⌘ ⇥⇧p(t)⇥Ap(⌧)⇥Ri(t) , [1]

with the additional multiplicative noise term ⌘.
To test for basic mechanistic differences between the citation dy-

namics of highly-cited papers and less-cited papers, we first analyze
the relation between �cp(t+1) and cp(t) (corresponding to the limit
⌧ ! 1 and ⇢ = 0). This analysis shown in Fig. S8 indicates that
papers with citations above a slow but substantial citation crossover
value c

⇥

obey a distinct scaling law that matches to sub-linear (though
nearly linear) preferential attachment model with ⇡ . 1. Based upon
the assessment of the growth dynamics elaborated in Figs. S8 and S9
we choose the crossover value c

⇥

⌘ 40 [A/B], c

⇥

⌘ 100 [C], and
c

⇥

⌘ 20 [E]; the general results are not strongly dependent on rea-
sonable variations in our choice of c

⇥

. We next analyze the reputation
effect by comparing the growth dynamics of papers with cp(⌧) � c

⇥

versus papers with cp(⌧) < c

⇥

.
We observe a robust pattern of role switching by author- and

paper-specific effects, namely ⇢(c < c

⇥

) > ⇢(c � c

⇥

) and
⇡(c < c

⇥

) < ⇡(c � c

⇥

). These two inequalities indicate that
papers are initially boosted by author reputation to ci,p ⇡ c

⇥

, after
which the citation rate is sustained in large by paper reputation. This
constitutes one of our main results, finding that c

⇥

serves as a “tip-
ping point” for the strength of the reputation effect. For example, for
established physicists in [A] and [B] we calculate ⇢(c < 40) ⇡ 0.2,
⇢(c � 40) ⇡ 0, ⇡(c < 40) ⇡ 0.4, and ⇡(c � 40) ⇡ 1. Table
1 shows the ⇡i, ⌧i, and ⇢i estimates, above and below c

⇥

, for the
individual careers highlighted in Figs. 2 and 4. Mathematicians ex-
hibit relatively high life-cycle exponents ⌧i as compared to physicists
and biologists. However, the reputation effect ⇢i is less prominent
in mathematics, possibly related to features of small team sizes and
axiomatic discoveries which may decrease the role of reputation ef-
fects in conveying prestige signals. The estimated model values are
consistent when comparing between aggregated and individual career
datasets. Tables S10–S13 list the regression values aggregating over
all careers in each dataset, and Tables S14 – S22 list the values for all
450 scientists analyzed.

These findings show how reputation contributes to generate the
cumulative “rich-get-richer” processes predicted for scientific careers
[9], since it conveys unconditional citation boosts for new papers of
already established scientists. This feature is anecdotally consistent
with the common behavior of checking author names in the prelimi-
nary steps of evaluating the relevance of a newly-found paper.

Validation of the reputation model by simulating synthetic Monte
Carlo careers. We analyze four variants (i-iv) of a career growth
model using Monte Carlo (MC) evolution to simulate the dynam-
ics of �ci,p(t + 1) for each paper p in each time period t of the
career of synthetic author i. With each variant we introduce progres-
sively a new feature of paper citation trajectories. (i) We begin with
a basic Poisson null model for the unconditional citation dynamics,
�ci,p(t + 1) / Poisson(�) where � is the mean citation rate, inde-
pendent of ⌧p and other author-specific factors. (ii) The next model
we simulate is a preferential attachment model (PA model) in which
�ci,p(t + 1) / ci,p(t). (iii) In the third version of the model we
incrementally modify the PA model by adding a multiplicative ex-
ponential obsolescence factor (PA-LC model) imposing the inherent
life-cycle. We then compare model (i-iii) with the reputation model
(iv) given by Eq. 1.

Fig. 5 shows MC careers characteristic of each model. A qual-
itative assessment of each model’s performance is as follows. The
Poisson model (i) and the PA model (ii) fail to reproduce the char-
acteristic trajectories of real papers, since there is a clear first-mover
advantage [24] for the first papers published in the career; also the

extreme acceleration of Ci(t) in model (ii) does not appear to obey a
proper power-law growth.

Next we use quantitative patterns demonstrated for real careers
in Figs. 2–4, and demonstrated more extensively in the SI, as em-
pirical benchmarks to distinguish models (iii) and (iv). Comparing
models (iii) and (iv), we confirm that the reputation model (iv) satis-
fies the characteristics of the empirical benchmark in all 3 graphical
categories. We confirm for model (iv), but not for model (iii), that
there is a clear distinction when comparing the citation trajectories
h�c

0

(⌧p)i of different sets of ranked papers. Furthermore, we quan-
titatively confirm that C(t) ⇠ t

⇣ with 2 . ⇣ . 3. And for large t

we confirm that the rank-citation profile c(r, t) belongs to the class of
DGBD distributions. We provide more details about our MC models
and methods in the SI text.

Discussion
Social networks in science are characterized by heterogeneous struc-
ture [25] that provides opportunities for intellectual and social capital
investment at the individual level [26], and influence scientists’ re-
search strategies [21]. In this paper we analyze the role of reputation
on the micro-level processes underlying the dynamics of a scientist’s
research impact towards the broader goal to understand better career
growth and the increasingly difficult task of career evaluation [16].

Patterns of career growth are important for establishing (i) bench-
marks for career trajectory models, and (ii) a quantitative evaluation
framework that does not oversimplify or discount the complex so-
cial processes underlying scientific careers. Along these lines we
observe for top scientists a robust pattern of super-linear growth for
two cumulative reputation measures, Ni(t) and Ci(t), giving support
to amplifying social processes which sustain growth via coevolution
of scientific collaboration and output [6, 27, 28, 29]. In a scientific
system increasingly characterized by team endeavors, multiple levels
of hierarchy, and division of labor [30], it will be important to develop
both financial and prestige incentives that sustain lifetime productivity
for scientists at every level of the scientific enterprise.

As reputable teams start to dominate the scientific landscape, it
will further become important to disentangle the reputation effect as-
sociated with elite labs in order to assess individual contributions. To
this end, quantitative measures are becoming more prevalent in the
evaluation of projects, labs, and various hiring and promotion sce-
narios affecting individual careers in science. It is also increasingly
important to understand the relation between scientific inputs (money,
labor, knowledge, reputation, etc.) and scientific outputs [6, 15, 17],
the evolution of these dependencies across career stage, and the role
of career uncertainty [6]. Concerning careers, an institutional set-
ting based on quantitative appraisal that neglects these features may
paradoxically go against the goal of sustaining the careers of talented
and diligent young academics, especially considering the role that lab
and mentor reputation play in the hiring process. Indeed, our find-
ing of a crossover behavior around c

⇥

shows how young scientists
lacking reputation can be negatively affected by social stratification
in science, since there is a competitive advantage working with a pres-
tigious mentor which is countered with the possibility that it is not the
ideal mentor-advisee match. In light of the value of online visibility,
strategies of self-promotion may also emerge as scientists “game” the
system, which may be hard to disentangle from other dimensions of
science, such as the tendency for scientists to self-cite, possibly with
the intention of signaling reputation, when crossing disciplinary lines
[31]. Reputation will also become increasingly important in light of
the preferential treatment based on citation measures given to search
query results, e.g. Google Scholar, which may further strengthen the
reputation effect between paper and author.

Our framework motivates future research to inspire institutional
and funding body evaluation schemes to appropriately account for the
roles that reputation and social context play in science. For example,
our results can be used in support of the double-blind review system
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The independent case ⌅ = 0 results in a Gaussian P⇥(r)
and the linear case ⌅ = 1 results in a Laplace (double-
exponential) P⇥(r). See the SI Appendix text and ref.
[43] for further discussion of the ⌅ dependence of P⇥(r).

C. The size-variance relation and group e�ciency

The values of ⌅ for scientific and athletic careers follow
from the di�erent combination of physical and intellec-
tual inputs that enter the production function for the
two distinct professions. Academic knowledge is typi-
cally a non-rival good, and so knowledge-intensive pro-
fessions are characterized by spillovers, both over time
and across collaborations [35, 36], consistent with �i > 1
and ⌅ > 0. Interestingly, Azoulay et al. show evidence
for production spillovers in the 5–8% decrease in output
by scientists who were close collaborators with a “super-
star” scientists who died suddenly [27].

We now formalize the quantitative link between scien-
tific collaboration [37, 38] and career growth given by the
size-variance scaling relation in Eq. [5] visualized in the
scatter plot in Fig. 3(B). Using ordinary least squares
(OLS) regression of the data on log-log scale, we cal-
culate ⌅/2 ⇥ 0.40 ± 0.03 (R = 0.77) for dataset [A],
⌅/2 ⇥ 0.22± 0.04 (R = 0.51) [B], and ⌅/2 ⇥ 0.26± 0.05
(R = 0.45) [C]. Interdependent tasks characteristic of
group collaborations typically involve partially overlap-
ping e�orts. Hence, the empirical ⌅ values are signifi-
cantly less than the value ⌅ = 1 that one would expect
from the sum of Si independent random variables with
approximately equal variance V . Collectively, these em-
pirical evidences serve as coherent motivations for the the
preferential capture growth model that we propose in the
following section.

Alternatively, it is also possible to estimate ⌅ using
the relation between the average annual production ⌅ni⇧
and the collaboration radius Si. The input-output re-
lation ⌅ni⇧ � S⇥

i quantifies the collaboration e⇥ciency,
with ⌅ = 0.74 ± 0.04 (R = 0.87) for dataset [A] and
⌅ = 0.25±0.04 (R = 0.37) for dataset [B]. If the autocor-
relation between sequential production values ni(t) and
ni(t + 1) is relatively small, then we expect the scaling
exponents calculated for ⌅ni⇧ and ⇤2

i (r) to be approxi-
mately equal. This result follows from considering ri(t)
as the convolution of an underlying production distribu-
tion Pi(n) for each scientist that is approximately stable.
Interestingly, the larger ⌅ values calculated for dataset
[A] scientists suggests that prestige is related to the in-
creasing returns in the scientific production function [44].

Next we use an alternative method to estimate the
annual collaboration e⇥ciency by relating the number
of publications ni(t) in a given year to the number of
distinct coauthors ki(t) over the same year. We use a
single-factor production function,

ni(t) ⇥ qi[ki(t)]�i , (7)

to quantify the relation between output and labor in-
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FIG. 2: Empirical evidence for the proportional growth model
of career production. (A) Probability density function (pdf)
of the annual production change r in the number of papers
published over a �t = 1 year period. In the bulk of each P (r),
the growth distribution is approximately double-exponential
(Laplace). (B) To test the stability of the distribution over
career trajectory subintervals, we separate ri(t) values into 5
non-overlapping 10-year periods and verify the stability of the
Laplace P (r). For each P (r), we also plot the corresponding
Laplace distribution (solid line) with standard deviation �
and mean µ ⇤ 0 calculated using the maximum likelihood
estimator method. To improve graphical clarity, we vertically
o⇥set each P (r) by a constant factor. For visual comparison,
we also plot a Normal distribution (dashed black curve) with
� � 1 which instead decays parabolically on the log-linear
axes. (C) Accounting for individual production factors by
using the normalized production change r�, the resulting pdfs
P (r�) collapse onto a Gaussian distribution with unit variance.
Deviations in the tails likely correspond to extreme “career
shocks.” (D) The cumulative distribution CDF (X ⇥ Si) is
exponential, indicating that the unconditional distributions
P (r) in (A) and (B) follow from an exponential mixing of
conditional Gaussian distributions P (r|Si).

puts with a scaling exponent ⇥i. We estimate qi and
⇥i for each author using OLS regression, and define the
normalized output measure Qi ⇤ ni(t)/ki(t)�i using the
best-fit qi and ⇥i values calculated for each scientist i.
Fig. 3(C) shows the e⇥ciency parameter ⇥ calculated
by aggregating all careers in each dataset, and indicates
that this aggregate ⇥ is approximately equal to the av-
erage ⌅⇥i⇧ calculated from the ⇥i values in each career
dataset: ⇥ = 0.68 ± 0.01 [A], ⇥ = 0.52 ± 0.01 [B], and
⇥ = 0.51± 0.02 [C]. Furthermore, the ⌅ and ⇥ values are
approximately equal, which is not surprising, since both
scaling exponents are e⇥ciency measures that relate the
scaling relation of output ni(t) per input ki(t).

Si is median number of 
coauthors per year

std. deviation of publication change 

team efficiency 
parameter ψ

Towards a micro-level production function:

3

N �
i(t) belonging to each dataset,

⌃N �(t)⌥ ⇥
�Ni(t)
⌃ni⌥

⇥
⇥ 1

100

100⇤

i=1

Ni(t)
⌃ni⌥

. (1)

The standard deviation ⌅(N �(t)) shown in Fig. S2(B)
begins to decrease after roughly 20 years for dataset [A]
and [B] scientists. Over this horizon, the stochastic ar-
rival of career shocks can significantly alter the career
trajectory [20, 23, 26, 27].

Each N �
i(t) exhibits robust scaling corresponding to

the scaling law ⌃N �(t)⌥ ⌅ t�. This regularity reflects the
abundance of of careers with �i > 1 corresponding to ac-
celerated career growth. This acceleration is consistent
with increasing returns arising from knowledge and pro-
duction spillovers. Notably, this is not true for sports
careers which show � ⇧ 1 corresponding to relatively
constant ni(t). In fact, annual production in professional
sports is capped by the limited number of opportunities
available per season.

B. Fluctuations in scientific output over the
academic career

Individuals are constantly entering and exiting the
professional market, with birth and death rates depend-
ing on complex economic and institutional factors. Due
to competition, decisions and performance at the early
stages of the career can have long lasting consequences
[16, 28]. To better understand career uncertainty por-
trayed by the common saying “publish or perish” [29],
we analyze the outcome fluctuation

ri(t) ⇥ ni(t)� ni(t��t) (2)

of career i in year t over the time interval �t = 1 year.
Fig. 2(A) and (B) show the unconditional pdf of r values
which are leptokurtic but remarkably symmetric, illus-
trating the endogenous frequencies of positive and nega-
tive output growth. Output fluctuations arise naturally
from the lulls and bursts in both the mental and physical
capabilities of humans [30, 31]. Moreover, the statistical
regularities in the annual production change distribution
indicate a striking resemblance to the growth rate distri-
bution of countries, firms, and universities [32, 33].

To better account for individual growth factors, we
next define the normalized production change

r�i(t) ⇥ [ri(t)� ⌃ri⌥]/⌅i(r) (3)

which is measured in units of the fluctuation scale ⌅i(r)
unique to each career. We measure the average ⌃ri⌥ and
the standard deviation ⌅i(r) of each career using the first
Li available years for each scientist i. r�i(t) is a better
measure for comparing career uncertainty, since individ-
uals have production factors that depend on the type
of research, the size of the collaboration team, and the
position within the team. Fig. 2(C) show that P (r�),

the probability density function (pdf) of r� measured in
units of standard deviation, is well approximated by a
Gaussian distribution with unit variance. The data col-
lapse of each P (r�) onto the predicted Gaussian distribu-
tion (solid green curve) indicates that individual output
fluctuations are consistent with a proportional growth
model. We note that the remaining deviations in the
tails for |r�| ⇤ 3 are likely signatures of the exogenous
career shocks that are not accounted for by an endoge-
nous proportional growth model.

The ability to collaborate on large projects, both in
close working teams and in extreme examples as remote
agents (i.e. Wikipedia [34]), is one of the foremost prop-
erties of human society. In science, the ability to attract
future opportunities is strongly related to production and
knowledge spillovers [27, 35, 36] that are facilitated by
the collaboration network [7, 12, 37–41]. Indeed, there is
a tipping point in a scientific career that occurs when a
scientist’s knowledge investment reaches a critical mass
that can sustain production over a long horizon, and
when a scientist becomes an attractor (as opposed to a
pursuer) of new collaboration/production opportunities.
To account for collaboration, we calculate for each au-
thor the number ki(t) of distinct coauthors per year and
then define his/her collaboration radius Si as the median
of the set of his/her ki(t) values, Si ⇥ Med[ki(t)]. We
use the median instead of the average ⌃ki(t)⌥ since ex-
tremely large ki(t) values can occur in specific fields such
as high-energy physics and astronomy.

Given the complex scientific coauthorship network, we
ask the question: what is the typical number of unique
coauthors per year? Fig. 2(D) shows that the cumu-
lative distribution function CDF (Si) of Si values for
each data set. The approximately linear form on log-
linear axes indicates that Si is exponentially distributed,
CDF (Si) ⌅ exp[�⇥Si]. We calculate ⇥ = 0.15 ± 0.01
[A], ⇥ = 0.11 ± 0.01 [B], and ⇥ = 0.11 ± 0.01 [C]. The
exponential size distribution has been shown to emerge
in complex systems where linear preferential attachment
governs the acquisition of new opportunities [42]. This
result shows that the leptokurtic “tent-shaped” distribu-
tion P (r) in Fig. 2 follows from the exponential mixing
of heterogenous conditional Gaussian distributions [43].

The exponential mixture of Gaussians decomposes the
unconditional distribution P (r) into a mixture of condi-
tional Gaussian distributions

P (r|Si) = exp[�r2/2V S⇥
i ]/

⇧
2⇤V S⇥

i , (4)

each with a fluctuation scale ⌅i(r) depending on Si by
the scaling relation

⌅2
i (r) ⇧ V S⇥

i . (5)

Hence, the mixture is parameterized by ⇧

P⇥(r) =
⌅ ⇥

0
P (r|S)P (S)dS ⇧

⇤

i=1

Pi(r|Si)P (Si) . (6)
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FIG. 3: Quantitative relations between career growth, career
risk, and collaboration e⇥ciency. The fluctuations in produc-
tion reflect the unpredictable horizon of “career shocks” which
can a�ect the ability of a scientists to access new creative op-
portunities. (A) Relation between average annual production
⇤ni⌅ and collaboration radius Si � Med[ki] shows a decreasing
marginal output per collaborator as demonstrated by sublin-
ear ⌅ < 1. Interestingly, dataset [A] scientists have on average
a larger output-to-input e⇥ciency. (B) The production fluc-
tuation scale ⇤i(r) is a quantitative measure for uncertainty

in academic careers, with scaling relation ⇤i(r) ⇥ S�/2
i . (C)

Over time, there is an increasing returns evident in the annual
production ni(t) since � > 1. Management, coordination, and
training ine⇥ciencies can result in a ⇥ < 1 corresponding to a
decreasing marginal return with each additional coauthor in-
put. The significantly larger ⇥ value for dataset [A] scientists
seems to suggest that managerial abilities related to output
e⇥ciency is a common attribute of top scientists.

D. A Proportional growth model for scientific
output

We develop a stochastic model as a heuristic tool to
better understand the e⇥ects of long-term versus short-
term contracts. In this competition model, opportunities
(i.e. new scientific publications) are captured according
to a general mechanism whereby the capture rate Pi(t)
depends on the appraisal wi(t) of an individual’s record
of achievement over a prescribed history. We define the
appraisal to be an exponentially weighted average over a
given individual’s history of production

wi(t) ⇥
t�1⇥

�t=1

ni(t��t)e�c�t , (8)

which is characterized by the appraisal horizon 1/c. We
use the value c = 0 to represent a long-term appraisal
(tenure) system and a value c ⇧ 1 to represent a short-
term appraisal system. Each agent i = 1...I simultane-
ously attracts new opportunities at a rate

Pi(t) =
wi(t)�

�I
i=1 wi(t)�

. (9)

until all P opportunities for a given period t are allo-
cated. We assume that each agent has the production
potential of one unit per period, and so the total number
of opportunities allocated per period P is equal to the
number of competing agents, P ⇥ I.

We use Monte Carlo (MC) simulation to analyze this
2-parameter model over the course of t = 1...T sequen-
tial periods. In each production period (representing a
timescale on the order of half a human year), a fixed
number of P production units are captured by the com-
peting agents. At the end of each period, we update each
wi(t) and then proceed to simulate the next preferential
capture period t + 1. Since Pi(t) depends on the relative
achievements of every agent, the relative competitive ad-
vantage of one individual over another is determined by
the parameter ⇤. In the SI Appendix text we elaborate
in more detail the results of our simulation of synthetic
careers dynamics. We vary ⇤ and c for a labor force of
size I ⇥ 1000 and maximum lifetime T ⇥ 100 periods as
a representative size and duration of a real labor cohort.
Our results are general, and for su⇤ciently large system
size, the qualitative features of the results do not depend
significantly on the choice of I or T .

The case with ⇤ = 0 corresponds to a random capture
model that has (i) no appraisal and (ii) no preferential
capture. Hence, in this null model, opportunities are cap-
tured at a Poisson rate ⇥p = 1 per period. The results
of this model (see Fig. S13) shows that almost all ca-
reers obtain the maximum career length T with a typical
career trajectory exponent ⌥�i� ⌅ 1. Comparing to sim-
ulations with ⇤ > 0 and c ⇤ 0, the null model is similar
to a “long-term” appraisal system (c ⌃ 0) with sublin-
ear preferential capture (⇤ < 1). In such systems, the

Dataset A: Top physicists
Dataset B: random set of prolific physicists

output 
volatility

Persistence and Uncertainty in the Academic Career,  
A. M. Petersen, M. Riccaboni, H. E. Stanley, F. Pammolli. 
Proc. Natl. Acad. Sci. USA 109, 5213-5218 (2012).
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Team (in)efficiency
Q: How does annual productivity depend on the number of “labor inputs” ?
Q: Are there disciplinary variations ?

We measure the input-output relation using two aggregation methods, which both yield sub-
linear scaling relations with efficiency parameters ψ ≈ γ and ψ, γ < 1

Interestingly, for scientists not in the top cohort we observe smaller ψ and γ values, suggesting 
that team management skills are an important factor related to success
γTop100 Phyics = 0.68(1) >  γProlific Physics = 0.52(1), γAsstProfessor Physics = 0.51(2)
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I) Measuring the duration Lij of the tie (time 
b/w 1st and last copublication)

II) Measuring the intensity Kij of the tie 
(# of copublications)

III) Measuring the value Cij of the tie
(citation impact)

Sir Andre K. Geim
# publications, Ni (2012) = 217 

Si = 303 coauthors
The average copublication duration ⟨Li⟩ 

= 2.1 years, ⟨Ki⟩ = 3.7 pubs.

Ego collaboration network:  
quantifying dynamic & heterogenous patterns of 

collaboration within scientific careers

How important are academic “Life partners”? 
- Division/Diversity of labor
- Risk/Reward sharing
- Ethics of credit distribution &  free-riding

I, Grigorieva

K, Novoselov



1) high churning of new entrants (new ideas, new 
methods, new resources) correlates with higher 
productivity; however, it represents inefficiencies on 
the team-formation process and the career trajectory

2) The effect of team heterogeneity on productivity is 
positive indicating the benefits of efficient team 
management via hierarchy / mentoring

3) Research life-partners — “a scientific marriage”: The 
effect of super ties on productivity is positive 
indicating the benefits of matching complementary 
capabilities and beneficial roles. Also points to the 
profit-sharing of a tit-for-tat publication strategy (free-
riding).

A. M. Petersen Quantifying the impact of weak, strong, and 
super ties in scientific careers Proc. Nat. Acad. Sci. (2015)

Sir Andre K. Geim
# publications, Ni (2012) = 217 

Si = 303 coauthors

Ego collaboration network:  
quantifying dynamic & heterogenous patterns of 

collaboration within scientific careers

I, Grigorieva

K, Novoselov
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FIG. 1: Longitudinal analysis of publication and citation growth patterns. (a,b) Growth curves, appropriately rescaled to start from
unity, show the characteristic career trajectories of the scientists in each cohort. The characteristic ↵ and ⇣ exponents shown in each legend
are calculated over the growth phase of the career, in (a) over the first 30 years and in (b) over the first 20 years. The mathematicians [E]
have distinct career trajectories, with ↵ ⇡ 1 since collaboration spillovers play a smaller role in their production growth. (c) Schematic
illustration of the multiplex scientific network surrounding career i. Links in the upper network represent the dynamic collaborations between
scientists (nodes); links within the lower network represent the citation network between papers (nodes); the cross-links between the networks
represent the association between individual careers and the corresponding publication portfolio, serving as a platform for reputation signaling
[14, 21, 23].
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Dynamic network characterized by life-cycles
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Variable collaboration life-cycles reveal tie-
formation dynamics characterized by a complex 
dichotomy of burstiness and persistence. 



• Collaboration (attractive)

• Competition (repulsive)

• Knowledge (an “exchange particle”)

Interactions mediated by social “forces”:

* Michael Stuart Brown 
* Joseph L. Goldstein 

Recipients of the 1985 Nobel Prize in 
Physiology or Medicine for describing 
the regulation of cholesterol metabolism.

458 
publications

451 
publications

434
(95%)

   
* Marilyn Kozak (also cell biologist)

   N = 70, Nsolo = 59 

Solo-artist strategy:

Binary-star strategy:

5

i
100 101

100

101

102

100 101
100

101

102

103

104

C
ita

tio
n 

tra
je

ct
or

y,
 ⟨C
!(t

)⟩ 3

1

_

Pu
bl

ic
at

io
n 

tra
je

ct
or

y,
 ⟨N
!(t

)⟩

1.5

1

!
[A/B] 1.30(1)

[C] 1.15(2)
[D] 1.55(1)
[E] 1.01(1)

_

"
[A/B] 2.52(1)

[C] 2.42(4)
[D] 2.65(1)
[E] 1.39(3)

career age, t

a

b

c

Citation network

Collaboration
network

FIG. 1: Longitudinal analysis of publication and citation growth patterns. (a,b) Growth curves, appropriately rescaled to start from
unity, show the characteristic career trajectories of the scientists in each cohort. The characteristic ↵ and ⇣ exponents shown in each legend
are calculated over the growth phase of the career, in (a) over the first 30 years and in (b) over the first 20 years. The mathematicians [E]
have distinct career trajectories, with ↵ ⇡ 1 since collaboration spillovers play a smaller role in their production growth. (c) Schematic
illustration of the multiplex scientific network surrounding career i. Links in the upper network represent the dynamic collaborations between
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central
author i

An ego-centric perspective of collaboration in science 
reveals diverse collaboration strategies



Individual level: How strong/weak is the collaboration tie?

Team level: How big is the team?

Group level: How concentrated are the collaborator tie strengths?

Measures of collaboration intensity

6

ratio of the mean number of coauthors with R = 1 to R = 0,

p

N,i

⌘ hK
ij

|R
j

= 1i
hK

ij

|R
j

= 0i =

K

T

R,i

/S

R,i

K

T

!R,i

/S!R,i

. (5)

Figure 6(C) shows the cumulative distribution P ( p

N

),
where the smallest value observed was p

N

= 2.5, meaning
that in all cases the premium was significantly greater than
unity. In fact, the average p

N

is between 7 and 10, with the
top scientists having on average smaller p

N

values.
Similarly, we separate the total citation impact between the

S

R,i

super ties and the S!R,i

other collaborators. However,
measuring citation impact requires accounting for the time-
dependence of citations as well as accounting for the distri-
bution of credit across the a

p

coauthors of the publication p.
The credit distribution problem has received recent attention
from the perspectives of institutional policy [8], team ethics
[7], and practical algorithmic implementation [29–31]. Here
we choose a naive method which divides the c

p

citations into
equal shares among the a

p

coauthors [32]. The citations are
counted in the census year Y (the year in which the total cita-
tions are measured) and “deflated” in terms of year y = 2000

citation values. We define the normalized citation impact of a
publication p published in year y as

c̃

j,p

(y) ⌘ c

j,p,Y

(y)

a

p

hcm
Y

(2000)i
hcm

Y

(y)i , (6)

where hcm
Y

(y)i is the average number of citations for publica-
tions published in a benchmark set of publications m from the
same year y. We choose m to be the aggregation of articles
appearing in the multidisciplinary journals Nature, Proceed-
ings of the National Academy of Sciences, and Science. We
use these high-impact journals since they have high citation
rates and hence provide a robust detrending baseline for the
time-dependent component of c

p

(y) (see the Data & Methods
section for further details). The main advantage of c̃

j,p

(y) is
that it can be aggregated across time yielding a cumulative
measure of binary impact for coauthors i and j, defined as

˜

C

i,j

⌘
X

p\(i,j)

c̃

j,p

(y) , (7)

where the sum includes only papers with i and j.
The total number of citation shares for coauthors with R =

1 is ˜

C

R,i

⌘
P

j|R=1
˜

C

i,j

, and for the remaining coauthors is
˜

C!R,i

⌘
P

j|R=0
˜

C

i,j

. We then define the citation premium to
be the ratio of the average citation shares,

p

C,i

⌘ h ˜C
R,i

i
h ˜C!R,i

i
=

˜

C

R,i

/S

R,i

˜

C!R,i

/S!R,i

. (8)

Figure 6(D) shows the distribution of p
C

across each sample,
with all values except for 2 being greater than unity. The p

C

mean, median, and maximum value across all datasets are
14.1, 11.3, and 134, respectively. Hence, at the aggregate
career level, we observe a strong premium attributable to
super ties for both productivity and citation impact. In the

FIG. 6: The frequency and premium of super ties. (A) Cumula-
tive distribution of the fraction fR,i of the Si coauthors that qualify
as super ties (Kij > K

c
i ). All pairwise comparisons of the distri-

butions have K-S p-value greater than 0.2, meaning that the data are
likely drawn from the same P (fR,i) distribution. Vertical lines indi-
cate mean value. (B) Cumulative distribution of the fraction fN of
papers that include at least one strong-tie coauthor. Vertical lines in-
dicate mean value. The top scientist distributions show mean values
(vertical lines) that are significantly smaller than their counterparts.
(C) Cumulative distribution of the productivity premium pN defined
in Eq. (6). Only the two physics datasets are significantly similar
(K-S p = 0.35). The top scientists distributions have smaller mean
value (vertical line) than their counterparts. (D) Cumulative distri-
bution of the citation premium pC defined in Eq. (8). Vertical lines
indicate the mean value within each dataset.

next two subsections, we investigate the role of super ties at
a more microscopic level by analyzing productivity at the
annual level and citation impact at the paper level.

The Apostle effect I: Quantifying the impact of super ties

on annual productivity. Here we analyze each profile i over
the range t

i

2 [6,Min(29, L

i

)], where L
i

is the career length
of the central author. We separate the collaboration profile into
non-overlapping �t-year periods, neglecting the first 5 years
to allow the L

ij

(t) and K

ij

(t) sufficient time to grow. For
each period we calculated the average number of authors per
publication, a

p,t,i

, a proxy for team management costs as well
as the technological level of the research. For each subperiod
we calculated the mean longevity, L

t,i

, using the L

ij

(t � 1)

values for only the coauthors with �K

ij

(t) > 0 over the
same �t-year period. L

t,i

provides a measure of team ex-
perience. Similarly, we calculated the Gini index, GK

t,i

, using
the K

ij

(t � 1) values for the same coauthors as in the calcu-
lation of L

t,i

. G

K

t,i

provides a standardized measure of col-
laboration strength variability, ranging from 0 (all coauthors
contributed equally) to 1 (extreme inequality in the coauthor
participation). And finally, we calculated the ratio of collabo-
ration inputs from super ties to non-super ties,

⇢

t,i

⌘
P

j|R=1 �K

ij

(t)

P
j|R=0 �K

ij

(t)

, (9)

measuring the relative intensity of super tie collaborators.

8

Apostle effect: citation model (z
i,p

)
Dataset A ln a

p

R

p

t

p

lnN

i

(t

p

) lnS

i

(t

p

) N

obs.

Adj. R2

All 373 0.251± 0.024 0.205± 0.024 �0.062± 0.004 0.075± 0.066 0.050± 0.072 65513 0.265
p-value 0.000 0.000 0.000 0.256 0.491

Biology (top) 100 0.269± 0.041 0.203± 0.034 �0.033± 0.007 �0.104± 0.106 0.050± 0.114 21398 0.113
p-value 0.000 0.000 0.000 0.327 0.661

Biology (other) 52 0.579± 0.056 0.127± 0.071 �0.037± 0.016 �0.192± 0.103 0.230± 0.106 4303 0.201
p-value 0.000 0.079 0.023 0.069 0.034

Physics (top) 100 0.121± 0.043 0.239± 0.044 �0.072± 0.007 0.277± 0.120 �0.115± 0.137 21819 0.188
p-value 0.006 0.000 0.000 0.022 0.402

Physics (other) 121 0.253± 0.041 0.243± 0.049 �0.061± 0.008 0.073± 0.092 0.016± 0.101 17993 0.187
p-value 0.000 0.000 0.000 0.427 0.874

TABLE II: Parameter estimates for the fixed-effects regression model in Eq. (12) calculated with STATA using robust standard errors
(“vce(robust)”) to implement the Huber/White/sandwich method. Values significant at the p < 0.01 level are indicated in boldface. Only
papers with yp  2002 were analyzed so that the dependent variable zi,p has time to become a robust measure of relative citation impact.

the parameters of the citation impact model,

z

i,p,y

= �

i,0 + �

a

ln a

i,p

+ �

R

R

i,p

+ �

t

t

i,p

+

�

N

lnN

i

(t

p

) + �

S

lnS

i

(t

p

) + ✏

i,y

, (12)

to quantify the effect of super ties on the long-term citation
impact of individual papers. This fixed-effects model ac-
counts for the unobserved heterogeneity in time-independent
variables related to each researcher profile, assuming that the
systemic citation processes are the same for all researchers.
Furthermore, we use robust standard errors to account for pos-
sible heteroskedasticity or within-panel serial correlation in
the idiosyncratic error term ✏

i,y

. Table II shows the parameter
estimates calculated using the “xtreg , vce(robust) fe” function
in STATA11 for each dataset.

The regression results indicate that the change in R

p

from
0 to 1 provides a significant citation impact boost in the long
term. This ‘apostle effect’ – the value added by a few ex-
tremely strong colleagues who act as messengers and repre-
sentatives for the knowledge contained in p – is quite robust
across each dataset analyzed, except for the Biology (other)
dataset where it was not observed to be significant at the
p = 0.05 level. Remarkably, in the datasets where �

R

was
statistically significant, the magnitude of the effect was com-
parable to effect of increasing a

p

by an exponential factor.
Interestingly, the career age parameter was negative (�

t

<

0) and statistically significant at the p  0.023 level in each
regression, meaning that researchers’ normalized citation im-
pact decreases across the career, possibly due to finite career
and knowledge life-cycles, and possibly the role of confirma-
tion bias in the career growth process. This finding is con-
sistent with a recent analysis of several hundred thousand re-
searcher profiles extracted from high-impact journals which
also shows a negative citation impact trend across the career
[33]. Neither the prestige (�

N

) nor collaboration radius (�
S

)
parameters were statistically significant in explaining z

i,p,y

.

Discussion

The characteristic collaboration size in science has been
steadily increasing over the last century [5, 7, 26] with con-
sequences at every level of science, from education and aca-

demic careers to universities and funding bodies [8]. Un-
derstanding how this team-oriented paradigm shift affects the
sustainability of careers, the efficiency of the science system,
and the rate of novel knowledge production, will be of great
important to a broad range of scientific actors, from scientists
to science policy makers.

Collaborative activities are also fundamental to the career
growth process, especially in disciplines where research ac-
tivities require a division of labor. This is especially true in
biology and physics research, where computational, theoret-
ical, and experimental methods provide complementary ap-
proaches to a wide array of problems. As a result, a research
group leader is likely to find the assembly of team – one which
is composed of individuals with diverse, yet complementary,
skill sets, spanning time, age-groups, and personalities– a
daunting task, especially when under constraints to optimize
access to valuable facilities, hardware, and software, and fi-
nancial resources. Many emerging online social network plat-
forms provide recommendation services that attempt to ad-
dress this problem by suggesting potentially advantageous
collaboration matches. These considerations underscore why
it is important to understand the role of local network struc-
tures. Understanding the redundancies in the local network
[24] and the interaction capacity of team members [22] pro-
vides the potential to act on this information and gain a strate-
gic competitive advantage by optimizing group intelligence
[23]. And beyond the performance of the team in the present,
social ties represent social capital investments which can have
important implications on information spreading [16], career
paths, and access to key strategic resources at future times.

To this end, we have dissected the career profile of a large
number of scientists in order to gain new insights into the dy-
namical aspects of collaboration, assuming the ‘ego’ perspec-
tive so that a career is the unit of analysis. As such, the col-
laborations, publications, and impact scores fit together into
a temporal framework ideal for pooled, cross-sectional and
longitudinal modeling. We began by considering the unavoid-
ably complex role played time. By way of example, the ar-
rival patterns of new collaborations in A. Geim’s profile (see
Fig. 1) appear to be subject to bursts, and the durations of in-
dividual collaborations appear to span the entire range, from

4

ter suited for aggregating by normalizing each individual
�K

ij

(⌧) by its peak citation value,

�K

0
ij

(⌧) ⌘ �K

ij

(⌧)/Max[�K

ij

(⌧)] , (2)

obtaining a characteristic collaboration trajectory by aver-
aging over an ensemble of �K

0
ij

(t). We control for vari-
ability in the collaboration life-cycle by grouping the tra-
jectories according to the normalized coauthor intensity
x ⌘ K

ij

(Y )/hK
i

i, where the normalization factor hK
i

i =P
Si

j=1 Kij

(Y )/S

i

is the average across the S

i

coauthors
within profile i. We then aggregate the N{x} trajectories in
each set {x} and calculate an average trajectory

h�K

0
ij

(⌧ |x)i ⌘ N

�1
{x}

X

ij2{x}

�K

0
ij

(⌧ |x) . (3)

Figure 3 shows h�K

0
ij

(⌧ |x)i for the ranges of x-values in-
dicated in the legend. For example, the trajectories with
the largest intensity, x > 12.0 (red curve), decay over a
relatively long timescale, maintaining a value approximately
0.2 Max[�K

ij

(⌧)] even 20 years after the collaboration was
initiated. The trajectories with x 2 [0.9, 1.4] represent the rel-
atively common short collaborations that decay exponentially
over the characteristic time-scale hL

i

i. Plotting the trajecto-
ries on log-linear axes shows an approximate exponential de-
cay, h�K

0
ij

(⌧ |x)i ⇠ exp[�⌧/⌧ ] with an increasing time scale
⌧ for increasing x.

We calculated the half-life ⌧1/2 according to the criterion
K

ij

(⌧1/2) = K

ij

(Y )/2, which defines the time period over
which a collaboration achieved half its total production. Fig-
ures 3(C,D) indicate a sublinear scaling relation, h⌧1/2i ⇠ x

⇣

with ⇣ ranging from 0.4 to 0.5 for the 4 datasets we analyzed,
providing insight into the burstiness of scientific collabo-
ration. This burstiness likely arises from the heterogenous
overlapping of multiple timescales in team activities, e.g. the
variable contract lengths in science ranging from single-year
contracts to lifetime tenure, the overlapping of multiple age
cohorts, and the projects and grants themselves which are
typically characterized by relatively short terms.

Quantifying the distribution of weak, strong, and super

ties within the ego collaboration network. Having charac-
terized the dynamic aspects of the collaboration ties, we now
focus on the variability in the tie strength distribution. Figure
4(A-D) presents the K

ij

profiles of four Nobel Prize laureates,
who despite their common achievement, show a wide variety
in the entry, intensity, and saturation of strong and weak ties.
The rank-coauthor profile K(r, t) is calculated by ordering the
coauthors according to rank r such that K

ij

(1) � K

ij

(2) �
· · · � K

ij

(S

i

). K(r, t) emphasizes the broad distribution of
tie strengths, especially considering the concentration of the
top-ranked coauthor f

K,i

⌘ K

ij

(r = 1)/N

i

. We observed
surprisingly large f

K,i

values for the scientists we analyzed,
with mean and standard deviation in the range of 0.16± 0.14

for the top scientists and 0.36 ± 0.23 for the other scientists
(see Fig. S2 for each P (f

K

) distribution). Surprisingly, we
observe for each discipline Max[f

K,i

] ⇡ 1. The large f

K

FIG. 3: Growth and decay trajectory of collaboration ties. (A,B)
Average collaboration intensity, normalized to peak value, measured
⌧ years after the initiation of the collaboration tie. (C,D) For each
{x} group we show the average and standard deviation (error bar)
of ⌧1/2 using logarithmically spaced {x} groups that correspond by
color to the same groups in panels (A,B). The ⇣ value quantifies the
scaling of h⌧1/2i as a function of the scaled coauthor intensity x ⌘
Kij/hKii. The sub linear (⇣ < 1) values indicate that collaborations
are distributed over a timescale that grows slower than proportional
to x. Figure S3 shows the analogous plot for the other physics and
biology datasets; all 4 datasets exhibit similar features.

values (notably larger for the scientists lacking the extreme
prestige associated with top scientists) suggests that scientists
strategically pair up in order to share profits and risk across the
career. The large f

K,i

values also highlight the need for im-
pact measures that account for twin profiles, otherwise there
is no penalty to discourage coauthor free-riding [7].

Despite the extreme K

ij

(r) values, most collaborations
have K

ij

(r = 10) ⇠ 10 copublications. Hence, the aver-
age hK

i

i is a robust intensity descriptor; see Fig. 5(A) for
the cumulative distribution P (� hK

i

i). We also quantify
the variation in K

ij

using the Gini index G

i

shown in Fig.
5(B). Together, these two measures show how hK

i

i and G

i

vary across discipline, with physics exhibiting larger values.
The distributions also indicate that the biology datasets are
well matched with respect to these two quantities, whereas
the physics datasets are less well matched, with smaller values
for the top cited researchers. Hence, we will control for this
variability in our ultimate regression model. The distribution
P (K

ij

) exhibits universal features, ranging rather smoothly
from the most common collaborations, those with the small-
est value K

ij

= 1, to a few relatively close to the upper limit
K

ij

 N

i

. For example, Figs. 4(D) shows the case of J. L.
Goldstein and M. S. Brown, winners of the 1985 Nobel Prize
in Physiology or Medicine, representing the extreme “binary
star” system where out of more than 450 publications, we ob-
serve f

K

⇡ 0.95. Remarkably, Figs. S2 indicate that it is not
uncommon for f

K

> 0.5.
In order to establish whether a given K

ij

is excessively
strong, we must define a benchmark distribution model. In
order to establish statistical regularities in the distribution of
K

ij

values, we recall that hK
i

i is the characteristic collab-
oration scale which grows in proportion to both an author’s

, 

for each dataset setting the characteristic frequency of super
ties at 1 in 25 coauthors. The pairwise K-S test between all
P (fR,i) yields a p-value > 0.05, meaning that all the datasets
are also statistically well-matched with respect to fR,i.

On a per paper basis, Fig. 5(B) shows that the fraction
of researcher’s portfolio coauthored with at least one super
tie, fN,i, can vary over the entire range of possibilities, with
mean and standard deviation 0.50±0.18 (top bio.), 0.74±0.13
(other bio.), 0.42±0.19 (top phys.), 0.58±0.23 (other phys.).
This feature is further reiterated by considering the publica-
tion overlap with the researcher’s top super tie, fK,i, shown in
Fig. 5(C). Interestingly, the top scientists demonstrate lower
levels of dependency on their super-ties.

We also analyzed the arrival rate of super-ties. For each
profile we tracked the number of super ties initiated in year
t, and normalized this number by the total number of new
collaborations initiated in the same year. This ratio, �R,i(t),
estimates the likelihood that any new collaboration eventu-
ally becomes a super tie. Figure 5(D) shows the mean arrival
rate, h�R(t)i, calculated by averaging over all profiles in each
dataset, which exhibits a negative trend. This result is par-
tially biased for large t because collaborations initiated late in
the career may not have had su�cient time to grow. Never-
theless, we find that new collaborations have only a 5% chance
of becoming super-ties at t = 20 years into the career.

In the next two subsections, we investigate the role of su-
per ties at the micro level by analyzing productivity at the
annual time resolution and citation impact at the scale of
individual publications. In the SI Appendix we provide addi-
tional evidence for the advantage of super ties by developing
a descriptive method that measures the net productivity and
the net citations of the super ties relative to all other ties.

The Apostle e↵ect I: Quantifying the impact of super

ties on annual productivity. We analyzed each research
profile over the career years ti 2 [6,Min(29, Ti)], separating
the data into non-overlapping �t-year periods, and neglecting
the first 5 years to allow the Lij(t) and Kij(t) su�cient time
to grow. We then modeled the dependent variable, ni,t/hnii,
which is the productivity aggregated over �t-year periods,
normalized by the baseline average calculated over the period
of analysis. Recent analysis of assistant and tenured profes-
sors shows that annual productivity, corresponding to ni(t)
for �t = 1, is governed by slow but substantial growth across
the career, with fluctuations that are largely related to collab-
oration size [23].

Hence, for each �t-year period, we control for career age t
along with four additional egocentric variables related to pro-
ductivity. First, we calculated the average number of authors
per publication, ai,t, a proxy for labor input, coordination
costs, and the research technology level. Second, we calcu-
lated the mean duration, Li,t, calculated by averaging the
Lij(t��t) values for only the j active in t – i.e. those coau-
thors with �Kij(t) = Kij(t) � Kij(t � �t) > 0. Thus, Li,t

measures the level of prior experience with i. Third, for the
same set of coauthors as for Li,t, we calculated the Gini index
of the collaboration intensity, GK

i,t, using the intensity values
up to the previous period, Kij(t � �t). Thus, GK

i,t provides
a standardized measure of the dispersion in coauthor produc-
tivity, with values ranging from 0 (all coauthors contributed
equally in the past) to 1 (extreme inequality in prior collective
participation). And finally, we calculated the relative inten-
sity of super tie collaborators,

⇢i,t ⌘
P

j|R=1 �Kij(t)
P

j|R=0 �Kij(t)
. [3]

For a period with productivity factor ni,t/hnii, the ratio ⇢i,t

represents the relative contribution of super ties, which is less
related to ni,t than the absolute contribution represented by
the numerator of Eq. 3. In this way, ⇢i,t is analogous to
a weighted time-dependent super-tie fraction (fR,i) measure.
We only include research profiles in our analysis if there are
� 4 data for which the denominator of Eq. 3 is nonzero.

We implemented a fixed e↵ects regression of the model
ni,t

hnii
= �i,0 + �a ln ai,t + �LLi,t +

�GG
K
i,t + �⇢⇢i,t + �tti,t + ✏i,t , [4]

which accounts for author-specific time-invariant features
(�i,0), also using robust standard errors to account for au-
tocorrelation within each i. Table 1 shows the results of our
model estimates for �t = 1. We also ran the regression for
all the datasets together,“All”, and provide standardized co-
e�cients that better facilitate a comparison of the coe�cient
magnitudes.

The apostle e↵ect coe�cient �⇢ represents the productiv-
ity advantage of super ties, which we found to be statistically
significant at the p  0.003 level in each regression. The
coe�cient �L is negative (p  0.008 for all datasets except
for top biology), demonstrating how productivity can bene-
fit from collaborator turnover. The coe�cient �G is positive
(p  0.001 level for all datasets), indicating the value of hi-
erarchical team structure that mixes across experience levels.
The age coe�cient �t is also positive (p < 0.001 level for all
datasets) indicating the steady productivity growth associated
with successful research careers [6, 23, 32]. Table S1 shows the
model estimates for variables aggregated over �t = 3 year pe-
riods. Possible explanatory variables to consider in followup
analysis are standard deviation in Kij , a contact frequency
(Kij/Lij) measure of tie strength per Granovetter’s original
operationalization [11], and absolute calendar year y, vari-
ables which we omit here to keep the model streamlined.

The Apostle e↵ect II: Quantifying the role of super

ties on the citation impact of individual publications.

Determining the impact of super ties on a publication’s long-
term citation tally is di�cult to measure, because clearly
older publications have had more time to accrue citations than
newer ones – a type of censoring bias – and so a direct com-
parison of raw citations counts for publications from di↵erent
years is technically flawed. To address this measurement prob-
lem, we map the citation count ci,p,Y (y) in census year Yi of a
publication p published in year y < Yi to a normalized z-score,

zi,p,y ⌘ ln ci,p,Y (y)� hln cmY (y)i
�[ln cmY (y)]

. [5]

This citation measure is well-suited for the comparison of pub-
lications from di↵erent y because zi,p,y is measured relative to
the mean hln cmY (y)i number of citations by publications from
the same year y, in units of the standard deviation, �[ln cmY (y)]
[32]. Thus, we take advantage of the fact that the distribu-
tion of citations obeys a universal log-normal distribution for
p from the same y and discipline [34]. In this way, z is defined
such that the distribution P (z) is su�ciently time invariant.
To confirm this property, we aggregated zi,p,y within succes-
sive 8-year periods, and calculated the conditional distribu-
tions P (z|y), which are stable and approximately normally
distributed over the entire sample period (see SI Appendix
Fig. S3).

To define the detrending indices h...i and �[...] we use the
baseline journal set m comprising all research articles col-
lected from the journals Nature, Proceedings of the National
Academy of Science, and Science. We use this aggregation of
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1 HAVLIN, S 223
2 BULDYREV, SV 203
3 AMARAL, LAN 66
4 SCIORTINO, F 62
5 IVANOV, PC 55
6 GOLDBERGER, AL 48
7 PENG, CK 48
8 GOPIKRISHNAN, P 41
9 PLEROU, V 41
10 STARR, FW 41
11 DOKHOLYAN, NV 33
12 PAUL, G 33
13 BUNDE, A 31
14 GIOVAMBATTISTA, N 28
15 MAKSE, HA 27
16 CONIGLIO, A 26
17 URBANC, B 25
18 CRUZ, L 25
19 SCALA, A 24
20 LARRALDE, H 23
21 MANTEGNA, RN 23
22 POOLE, PH 22
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FIG. 4: Visualizing the broad variation in the collaboration

profile of individual researchers. For each discipline, we show
two profiles (A.K. Geim and J. L. Goldstein) whose top-cited work
was done with their most intense collaborator (corresponding to
K(1, Ti)), and two profiles (P. W. Anderson and E. H. Blackburn)
whose top-cited research was not performed with their most intense
collaborator. Each scientist shown is a Nobel Prize recipient. (A-D)
Growth in the cumulative number of copublications between central
scientist i and collaborator j. (E-H) Evolution of the rank-coauthor
profile K(r, t) over time. Shown are K(r, t = 5) (small grey dots),
K(r, t = 10) (medium gray dots), K(r, t = 20) (large black dots),
and K(r, Ti). Curves and dots are colored and have thickness and ra-
dius, respectively, proportional to log

˜

Ci,j , the logarithm of the total
citation share of coauthor j in profile i (see Eq. 7).

Figures 5(C,D) show the cumulative distribution P ( x) of
the normalized collaboration intensity x ⌘ K

ij

(Y )/hK
i

i, ag-
gregating the data across all scientists in each discipline. Each
P ( x) is in good agreement with the exponential distribution
E(x) = exp[�x] (with mean value hxi = 1 by construction),
with the major exception in the tail for P (� x) < 10

�3 which
is home to the extreme super tie outliers.

Using the exponential distribution as our baseline model for
the tie-strength distribution P (K

ij

) / exp(�K

ij

), we use
extreme statistics arguments to define the super-tie threshold
K

c

i

specific to each i. Our extreme statistic definition posits
that out of S

i

observations there should be just a single ob-
servation with K

ij

> K

c

i

. This definition is operationalized
by integrating the tail of P (K

ij

) according to the equation
1/S

i

=

P1
Kij>K

c
i
P (K

ij

) = exp(�K

c

i

) with the analytic
relation hK

ij

i =

P1
Kij=1 Kij

P (K

ij

) = e



/(e

 � 1) ⇡
1 + 1/ for small  ⌧ 1. In the large S

i

and N

i

limit the

FIG. 5: Universal patterns in the distribution of collabora-

tion tie-strength Kij . (A) Cumulative distribution of hKiji. The
Kolmogorov-Smirnov (K-S) test indicates that the distributions of
hKiji are significantly different in each pairwise comparison. Verti-
cal lines indicate median value. (B) Cumulative distribution of Gi.
Comparison of the biology data yields a K-S p = 0.14 meaning
that the data are likely drawn from the same distribution, whereas
the physics datasets indicate the contrary, with K-S p = 0.02. Ver-
tical lines indicate the mean value, with the physics profiles indi-
cating significantly higher Gi than the biology profiles. (C,D) For
each dataset, the cumulative distribution of normalized collaboration
intensity x ⌘ Kij(Y )/hKii shows excellent agreement with the ex-
ponential distribution E(x) = exp[�x] (gray line) over the bulk of
the distribution, with the only deviations in the tail regime represent-
ing less than 0.1% of the data.

extreme value threshold is

K

c

i

= (hK
i

i � 1) lnS

i

. (4)

Hence, in what follows, we label a coauthor with K

ij

> K

c

i

a
super tie, indicated by the dummy variable value R

j

⌘ 1. The
rest of the ties with K

ij

 K

c

i

have an indicator value R
j

⌘ 0.
S

R,i

denotes the number of coauthors within a profile with the
super-tie distinction, with the complement S!R,i

= S

i

� S

R,i

.
Figure S2 shows the distributions of S

R,i

within each dataset.
We use the Kolmogorov-Smirnov (K-S) test statistic to estab-
lish that the top and other researcher datasets are well-matched
with respect to the S

R,i

variable, since each paired K-S test
yields a p-value > 0.05 indicating that the data are likely
drawn from the same distribution. The mean and standard de-
viation of S

R,i

are 18± 13 (top biology), 16± 13 (other biol-
ogy), 7.3±4.8 (top physics), 6.8±5.1 (other physics). Figure
6(A) shows the super-tie coauthor fraction f

R,i

= S

R,i

/S

i

,
with mean value hf

R,i

i ⇡ 0.04 for each dataset setting the
characteristic frequency of super ties at 1 in 25 coauthors. The
K-S test confirms that the f

R,i

belong to the same distribution.

We also divide the total coauthor input KT

i

⌘
P

j

K

ij

=

K

T

R,i

+ K

T

!R,i

into the contribution from super-ties (KT

R,i

=P
j|Rj=1 Kij

) and the complementary contribution K

T

!R,i

=

K

T

i

�K

T

R,i

. The productivity premium is then defined as the



Is there a characteristic collaboration intensity scale?

P(≥x) is well-described by an exponential distribution, for which there is 
a closed-form solution to the extreme value equation: 

In order to aggregate across careers with varying coauthorship patterns, 
we use the normalized variable x = Kij /⟨Ki⟩

which has the simple solution

 “super tie” threshold Kic = (〈Ki〉-1) Ln(Si)

that roughly 2/3 of the ties we analyzed are weak (the fraction of
observations with x

ij

< 1 is given by 1� 1/e ⇡ 0.63).
Based upon this empirical evidence, we use the discrete exponen-

tial distribution as our baseline model, P (K

ij

) / exp(�

i

K

ij

). We
then use extreme statistics arguments to precisely define the author-
specific super-tie threshold K

c

i

. The extreme statistic criteria posits
that out of the S

i

empirical observations there should be just a sin-
gle observation with K

ij

> K

c

i

. The threshold K

c

i

is operational-
ized by integrating the tail of P (K

ij

) according to the equation
1/S

i

=

P1
Kij>K

c
i
P (K

ij

) = exp(�

i

K

c

i

), with the analytic re-
lation hK

i

i =

P1
Kij=1 Kij

P (K

ij

) = e

i
/(e

i � 1) ⇡ 1 + 1/

i

for small 
i

. In the relatively large S
i

limit, Kc

i

is given by the simple
relation

K

c

i

= (hK
i

i � 1) lnS

i

. [4]

The advantage of this approach is that Kc

i

depends only on exactly
calculable observables, hK

i

i and S

i

. Thus, the super-tie threshold is
proportional to hK

i

i � 1 (the �1 arises because the minimum K

ij

value is 1), with a logarithmically factor lnS
i

reflecting the sample
size dependence. This extreme value criteria is generic, and can be
derived for any data following a baseline distribution; for a succinct
explanation of this analytic method see page 17 of ref. [32].

In what follows, we label each coauthor j with K

ij

> K

c

i

a
super tie, with indicator variable R

j

⌘ 1. The rest of the ties with
K

ij

 K

c

i

have an indicator variable R
j

⌘ 0. This method has limi-
tations, specifically in the case that the collaboration profile does not
follow an exponential P (K

ij

). For example, consider the extreme
case where every K

ij

= 1, meaning that Kc

i

= 0 (independent of
S

i

), resulting in all coauthors being super ties (R
j

= 1 for all j).
This scenario is rare and unlikely to occur for researchers with rela-
tively large N

i

and S

i

, as in our researcher sample.

Quantifying the prevalence and impact of super ties. How com-
mon are super ties? For each profile we denote the number of
coauthors that are super ties by S

R,i

(with complement S!R,i

=

S

i

� S

R,i

). SI Text Fig. S4 shows that the distribution of S
R,i

is
rather broad, with mean and standard deviation S

R,i

values: 18± 13

(top bio.), 16 ± 13 (other bio.), 7.3 ± 4.8 (top phys.), 6.8 ± 5.1

(other phys.). The super-tie coauthor fraction, f
R,i

= S

R,i

/S

i

, mea-
sures the super-tie frequency on a per-collaborator basis. Fig. 5(A)
shows that the distribution P ( f

R

), with mean value hf
R

i ⇡ 0.04,
is common across the four datasets, indicating a characteristic fre-
quency of super ties at 1 in 25 coauthors. We tested the stability of the
probability distribution P (f

R

) between the top and other researcher
datasets using the Kolmogorov-Smirnov (K-S) statistic, which tests
the null hypothesis that the data come from the same underlying pdf.
The smallest pairwise K-S test p-value between any two P (f

R

) is
p = 0.21, indicating that we fail to reject the null hypothesis that the
distributions are equal, highlighting that the four datasets are remark-
ably well-matched with respect to the distribution of f

R,i

.
On a per paper basis, Fig. 5(B) shows that the fraction of a re-

searcher’s portfolio coauthored with at least one super tie, f
N,i

, can
vary over the entire range of possibilities, with mean and standard de-
viation 0.50± 0.18 (top bio.), 0.74± 0.13 (other bio.), 0.42± 0.19

(top phys.), 0.58 ± 0.23 (other phys.). Furthermore, we found that
41% of the top scientists have f

N,i

� 0.5. Interestingly, the distribu-
tions of f

K,i

and f

N,i

indicate that top scientists have lower levels of
super-tie dependency than their counterparts.

We also analyzed the arrival rate of super-ties. For each profile
we tracked the number of super ties initiated in year t, and normalized
this number by the total number of new collaborations initiated in the
same year. This ratio, �

R,i

(t), estimates the likelihood that a new col-
laboration eventually becomes a super tie as a function of career age
t. For example, using the set of collaborations initiated in each scien-
tist’s first year, we estimate the likelihood that a first-year collabora-
tor (likely a thesis advisor) becomes a super tie at �

R

(t = 1) = 8%

(top bio.), 16% (other bio.), 14% (top phys.), and 15% (other phys.).
Figure 5(D) shows the mean arrival rate, h�

R

(t)i, calculated by av-
eraging over all profiles in each dataset. The super tie arrival rate
declines across the career, reaching a 5% likelihood per new collab-
orator at t = 20 and 2.5% likelihood by t = 30. The decay is not as
fast for the top-cited scientists, possibly reflecting their preferential
access to outstanding collaborators. However, the estimate for large
t is biased toward smaller values because collaborations initiated late
in the career may not have had sufficient time to grow.

In the next two subsections, we investigate the role of super ties
at the micro level by analyzing productivity at the annual time resolu-
tion and citation impact at the scale of individual publications. In the
SI Text we provide additional evidence for the advantage of super ties
by developing descriptive methods that measures the net productivity
and citations of the super ties relative to all other ties.

The Apostle effect I: Quantifying the impact of super ties on

annual productivity. We analyzed each research profile over the
career years t

i

2 [6,Min(29, T

i

)], separating the data into non-
overlapping �t-year periods, and neglecting the first 5 years to allow
the L

ij

(t) and K

ij

(t) sufficient time to grow. We then modeled the
dependent variable, n

i,t

/hn
i

i, which is the productivity aggregated
over �t-year periods, normalized by the baseline average calculated
over the period of analysis. Recent analysis of assistant and tenured
professors has shown that the annual publication rate is governed by
slow but substantial growth across the career, with fluctuations that
are largely related to collaboration size [24].

To better understand the factors contributing to productivity
growth, we include controls for career age t along with four ad-
ditional variables measuring the composition of collaborators from
each �t-year period. First, we calculated the average number of au-
thors per publication, a

i,t

, a proxy for labor input, coordination costs,
and the research technology level. Second, we calculated the mean
duration, L

i,t

, by averaging the L

ij

(t��t) values (from the previ-
ous period) across only the j who are active in t – i.e. those coau-
thors with �K

ij

(t) > 0. In this way, we account for the possibility
that j was not active in the previous period (t � �t), in which case
L

ij

(t��t) is even smaller than L

ij

(t) ��t. Thus, L
i,t

measures
the prior experience between i and his/her collaborators. Third, for
the same set of coauthors as for L

i,t

, we calculated the Gini index
of the collaboration strength, GK

i,t

, using the tie strength values up
to the previous period, K

ij

(t � �t). Thus, GK

i,t

provides a stan-
dardized measure of the dispersion in coauthor activity, with values
ranging from 0 (all coauthors published equally in the past with i)
to 1 (extreme inequality in prior publication with i). Thus, while
L

i,t

measures the lifetime of the group’s prior collaborations, GK

i,t

measures the concentration of their prior experience. And finally, for
each period t, we calculated the contribution of super tie collabora-
tors normalized by the contribution of all other collaborators,

⇢

i,t

⌘
P

j|R=1 �K

ij

(t)

P
j|R=0 �K

ij

(t)

, [5]

accounting for the possibility that the relative contribution of super
ties may affect productivity. While the total coauthor contributionP

j

�K

ij

(t) is highly correlated with n

i,t

, the correlation coeffi-
cient between ⇢

i,t

and n

i,t

is only 0.07. We only include researchers
in this analysis if there are � 4 data points for which the denominator
of Eq. [5] is nonzero.

We implemented a fixed effects regression of the model

n

i,t

hn
i

i = �

i,0 + �

a

ln a

i,t

+ �

L

L

i,t

+

�

G

G

K

i,t

+ �

⇢

⇢

i,t

+ �

t

t

i,t

+ ✏

i,t

, [6]

which accounts for author-specific time-invariant features (�
i,0), us-

ing robust standard errors to account for autocorrelation within each
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ratio of the mean number of coauthors with R = 1 to R = 0,

p

N,i

⌘ hK
ij

|R
j

= 1i
hK

ij

|R
j

= 0i =

K

T

R,i

/S

R,i

K

T

!R,i

/S!R,i

. (5)

Figure 6(C) shows the cumulative distribution P ( p

N

),
where the smallest value observed was p

N

= 2.5, meaning
that in all cases the premium was significantly greater than
unity. In fact, the average p

N

is between 7 and 10, with the
top scientists having on average smaller p

N

values.
Similarly, we separate the total citation impact between the

S

R,i

super ties and the S!R,i

other collaborators. However,
measuring citation impact requires accounting for the time-
dependence of citations as well as accounting for the distri-
bution of credit across the a

p

coauthors of the publication p.
The credit distribution problem has received recent attention
from the perspectives of institutional policy [8], team ethics
[7], and practical algorithmic implementation [29–31]. Here
we choose a naive method which divides the c

p

citations into
equal shares among the a

p

coauthors [32]. The citations are
counted in the census year Y (the year in which the total cita-
tions are measured) and “deflated” in terms of year y = 2000

citation values. We define the normalized citation impact of a
publication p published in year y as

c̃

j,p

(y) ⌘ c

j,p,Y

(y)

a

p

hcm
Y

(2000)i
hcm

Y

(y)i , (6)

where hcm
Y

(y)i is the average number of citations for publica-
tions published in a benchmark set of publications m from the
same year y. We choose m to be the aggregation of articles
appearing in the multidisciplinary journals Nature, Proceed-
ings of the National Academy of Sciences, and Science. We
use these high-impact journals since they have high citation
rates and hence provide a robust detrending baseline for the
time-dependent component of c

p

(y) (see the Data & Methods
section for further details). The main advantage of c̃

j,p

(y) is
that it can be aggregated across time yielding a cumulative
measure of binary impact for coauthors i and j, defined as

˜

C

i,j

⌘
X

p\(i,j)

c̃

j,p

(y) , (7)

where the sum includes only papers with i and j.
The total number of citation shares for coauthors with R =

1 is ˜

C

R,i

⌘
P

j|R=1
˜

C

i,j

, and for the remaining coauthors is
˜

C!R,i

⌘
P

j|R=0
˜

C

i,j

. We then define the citation premium to
be the ratio of the average citation shares,

p

C,i

⌘ h ˜C
R,i

i
h ˜C!R,i

i
=

˜

C

R,i

/S

R,i

˜

C!R,i

/S!R,i

. (8)

Figure 6(D) shows the distribution of p
C

across each sample,
with all values except for 2 being greater than unity. The p

C

mean, median, and maximum value across all datasets are
14.1, 11.3, and 134, respectively. Hence, at the aggregate
career level, we observe a strong premium attributable to
super ties for both productivity and citation impact. In the

FIG. 6: The frequency and premium of super ties. (A) Cumula-
tive distribution of the fraction fR,i of the Si coauthors that qualify
as super ties (Kij > K

c
i ). All pairwise comparisons of the distri-

butions have K-S p-value greater than 0.2, meaning that the data are
likely drawn from the same P (fR,i) distribution. Vertical lines indi-
cate mean value. (B) Cumulative distribution of the fraction fN of
papers that include at least one strong-tie coauthor. Vertical lines in-
dicate mean value. The top scientist distributions show mean values
(vertical lines) that are significantly smaller than their counterparts.
(C) Cumulative distribution of the productivity premium pN defined
in Eq. (6). Only the two physics datasets are significantly similar
(K-S p = 0.35). The top scientists distributions have smaller mean
value (vertical line) than their counterparts. (D) Cumulative distri-
bution of the citation premium pC defined in Eq. (8). Vertical lines
indicate the mean value within each dataset.

next two subsections, we investigate the role of super ties at
a more microscopic level by analyzing productivity at the
annual level and citation impact at the paper level.

The Apostle effect I: Quantifying the impact of super ties

on annual productivity. Here we analyze each profile i over
the range t

i

2 [6,Min(29, L

i

)], where L
i

is the career length
of the central author. We separate the collaboration profile into
non-overlapping �t-year periods, neglecting the first 5 years
to allow the L

ij

(t) and K

ij

(t) sufficient time to grow. For
each period we calculated the average number of authors per
publication, a

p,t,i

, a proxy for team management costs as well
as the technological level of the research. For each subperiod
we calculated the mean longevity, L

t,i

, using the L

ij

(t � 1)

values for only the coauthors with �K

ij

(t) > 0 over the
same �t-year period. L

t,i

provides a measure of team ex-
perience. Similarly, we calculated the Gini index, GK

t,i

, using
the K

ij

(t � 1) values for the same coauthors as in the calcu-
lation of L

t,i

. G

K

t,i

provides a standardized measure of col-
laboration strength variability, ranging from 0 (all coauthors
contributed equally) to 1 (extreme inequality in the coauthor
participation). And finally, we calculated the ratio of collabo-
ration inputs from super ties to non-super ties,

⇢

t,i

⌘
P

j|R=1 �K

ij

(t)

P
j|R=0 �K

ij

(t)

, (9)

measuring the relative intensity of super tie collaborators.

Considerable variation across publication profiles, 
however the datasets are well-matched with regard to fR.

fR : fraction of coauthors that are super ties: on average 1 in 25 

fN : fraction of publications that include a super tie: on average 50%

Superstars are typically not lone stars - Super ties 
are rather common



Measures of collaboration duration

Team level: What is the team’s experience together?

〈Li〉     Individual career level: What is the characteristic collaboration length?

for each dataset setting the characteristic frequency of super
ties at 1 in 25 coauthors. The pairwise K-S test between all
P (fR,i) yields a p-value > 0.05, meaning that all the datasets
are also statistically well-matched with respect to fR,i.

On a per paper basis, Fig. 5(B) shows that the fraction
of researcher’s portfolio coauthored with at least one super
tie, fN,i, can vary over the entire range of possibilities, with
mean and standard deviation 0.50±0.18 (top bio.), 0.74±0.13
(other bio.), 0.42±0.19 (top phys.), 0.58±0.23 (other phys.).
This feature is further reiterated by considering the publica-
tion overlap with the researcher’s top super tie, fK,i, shown in
Fig. 5(C). Interestingly, the top scientists demonstrate lower
levels of dependency on their super-ties.

We also analyzed the arrival rate of super-ties. For each
profile we tracked the number of super ties initiated in year
t, and normalized this number by the total number of new
collaborations initiated in the same year. This ratio, �R,i(t),
estimates the likelihood that any new collaboration eventu-
ally becomes a super tie. Figure 5(D) shows the mean arrival
rate, h�R(t)i, calculated by averaging over all profiles in each
dataset, which exhibits a negative trend. This result is par-
tially biased for large t because collaborations initiated late in
the career may not have had su�cient time to grow. Never-
theless, we find that new collaborations have only a 5% chance
of becoming super-ties at t = 20 years into the career.

In the next two subsections, we investigate the role of su-
per ties at the micro level by analyzing productivity at the
annual time resolution and citation impact at the scale of
individual publications. In the SI Appendix we provide addi-
tional evidence for the advantage of super ties by developing
a descriptive method that measures the net productivity and
the net citations of the super ties relative to all other ties.

The Apostle e↵ect I: Quantifying the impact of super

ties on annual productivity. We analyzed each research
profile over the career years ti 2 [6,Min(29, Ti)], separating
the data into non-overlapping �t-year periods, and neglecting
the first 5 years to allow the Lij(t) and Kij(t) su�cient time
to grow. We then modeled the dependent variable, ni,t/hnii,
which is the productivity aggregated over �t-year periods,
normalized by the baseline average calculated over the period
of analysis. Recent analysis of assistant and tenured profes-
sors shows that annual productivity, corresponding to ni(t)
for �t = 1, is governed by slow but substantial growth across
the career, with fluctuations that are largely related to collab-
oration size [23].

Hence, for each �t-year period, we control for career age t
along with four additional egocentric variables related to pro-
ductivity. First, we calculated the average number of authors
per publication, ai,t, a proxy for labor input, coordination
costs, and the research technology level. Second, we calcu-
lated the mean duration, Li,t, calculated by averaging the
Lij(t��t) values for only the j active in t – i.e. those coau-
thors with �Kij(t) = Kij(t) � Kij(t � �t) > 0. Thus, Li,t

measures the level of prior experience with i. Third, for the
same set of coauthors as for Li,t, we calculated the Gini index
of the collaboration intensity, GK

i,t, using the intensity values
up to the previous period, Kij(t � �t). Thus, GK

i,t provides
a standardized measure of the dispersion in coauthor produc-
tivity, with values ranging from 0 (all coauthors contributed
equally in the past) to 1 (extreme inequality in prior collective
participation). And finally, we calculated the relative inten-
sity of super tie collaborators,

⇢i,t ⌘
P

j|R=1 �Kij(t)
P

j|R=0 �Kij(t)
. [3]

For a period with productivity factor ni,t/hnii, the ratio ⇢i,t

represents the relative contribution of super ties, which is less
related to ni,t than the absolute contribution represented by
the numerator of Eq. 3. In this way, ⇢i,t is analogous to
a weighted time-dependent super-tie fraction (fR,i) measure.
We only include research profiles in our analysis if there are
� 4 data for which the denominator of Eq. 3 is nonzero.

We implemented a fixed e↵ects regression of the model
ni,t

hnii
= �i,0 + �a ln ai,t + �LLi,t +

�GG
K
i,t + �⇢⇢i,t + �tti,t + ✏i,t , [4]

which accounts for author-specific time-invariant features
(�i,0), also using robust standard errors to account for au-
tocorrelation within each i. Table 1 shows the results of our
model estimates for �t = 1. We also ran the regression for
all the datasets together,“All”, and provide standardized co-
e�cients that better facilitate a comparison of the coe�cient
magnitudes.

The apostle e↵ect coe�cient �⇢ represents the productiv-
ity advantage of super ties, which we found to be statistically
significant at the p  0.003 level in each regression. The
coe�cient �L is negative (p  0.008 for all datasets except
for top biology), demonstrating how productivity can bene-
fit from collaborator turnover. The coe�cient �G is positive
(p  0.001 level for all datasets), indicating the value of hi-
erarchical team structure that mixes across experience levels.
The age coe�cient �t is also positive (p < 0.001 level for all
datasets) indicating the steady productivity growth associated
with successful research careers [6, 23, 32]. Table S1 shows the
model estimates for variables aggregated over �t = 3 year pe-
riods. Possible explanatory variables to consider in followup
analysis are standard deviation in Kij , a contact frequency
(Kij/Lij) measure of tie strength per Granovetter’s original
operationalization [11], and absolute calendar year y, vari-
ables which we omit here to keep the model streamlined.

The Apostle e↵ect II: Quantifying the role of super

ties on the citation impact of individual publications.

Determining the impact of super ties on a publication’s long-
term citation tally is di�cult to measure, because clearly
older publications have had more time to accrue citations than
newer ones – a type of censoring bias – and so a direct com-
parison of raw citations counts for publications from di↵erent
years is technically flawed. To address this measurement prob-
lem, we map the citation count ci,p,Y (y) in census year Yi of a
publication p published in year y < Yi to a normalized z-score,

zi,p,y ⌘ ln ci,p,Y (y)� hln cmY (y)i
�[ln cmY (y)]

. [5]

This citation measure is well-suited for the comparison of pub-
lications from di↵erent y because zi,p,y is measured relative to
the mean hln cmY (y)i number of citations by publications from
the same year y, in units of the standard deviation, �[ln cmY (y)]
[32]. Thus, we take advantage of the fact that the distribu-
tion of citations obeys a universal log-normal distribution for
p from the same y and discipline [34]. In this way, z is defined
such that the distribution P (z) is su�ciently time invariant.
To confirm this property, we aggregated zi,p,y within succes-
sive 8-year periods, and calculated the conditional distribu-
tions P (z|y), which are stable and approximately normally
distributed over the entire sample period (see SI Appendix
Fig. S3).

To define the detrending indices h...i and �[...] we use the
baseline journal set m comprising all research articles col-
lected from the journals Nature, Proceedings of the National
Academy of Science, and Science. We use this aggregation of
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the collection of the career data see the SI appendix and refs.
[27, 28] ). Hence, to account for censoring bias in collabo-
rations that are likely not finished, we do not include in our
analysis collaborations that were active within the final L

c

-
year period of analysis, where L

c

is an initial average L
ij

cal-
culated across all j for a given i. In this section only, we also
exclude spurious collaborations with L

ij

= 1, which account
for a remarkable 70 to 80 percent of all L

ij

values in each
dataset.

Hence, for each researcher we calculate a second hL
i

i value
which represents the mean L

ij

excluding those j with activity
in the final L

c

-year period and excluding all L
ij

= 1. The
L

ij

= 1 values were excluded since they can represent spuri-
ous features of coauthor lists that do not reflect actual social
interactions. In other words, applying these thresholds facili-
tates a better catalog of collaborations representing meaning-
ful face-to-face ties.

In each inset of Figure 2(A) we show the probability dis-
tribution P (hL

i

i). The mean values range from 4 to 6 years,
consistent with the typical duration of an early career phase
position (e.g. graduate school, postdoctoral, assistant profes-
sor). If we do include the L

ij

= 1 values, the hL
i

i instead
are in the range of 2 to 3 years. Interestingly, the top-cited
researcher subsets have slightly larger mean value than their
counterparts (difference in means T-test p-val. < 0.001 in
each comparison). This difference suggests that it is better
to invest in long-lasting collaborations rather than many short
“weak-tie” collaborations and that prestige attracts valuable
collaborators that are worth maintaining.

Figure 2(A) shows the probability distribution of scaled
longevity values, � ⌘ L

ij

/hL
i

i, which are better suited
for aggregating across research profiles with varing hL

i

i.
For each discipline, the log-logistic (Fisk) probability density
function (pdf)

P (�) =

(b/a)(�/a)

b�1

(1 + (�/a)

b

)

2
, (1)

provides a good fit to the empirical data over the entire range.
The Fisk pdf, a well-known survival analysis distribution, has
the property Median(�) = a, asymptotic power-law behavior
P (�) ⇠ �

�(b+1), and the convenient property that the Gini
inequality coefficient G(�) = 1/b. Since h�i ⌘ 1 by con-
struction, there exists a simple relation a = sin(⇡/b)/(⇡/b).
For each dataset we find b > 1, estimating the parameter
using a least-squares approach (Figure 2(A) shows a and b

values for each dataset). The corresponding hazard function,
representing the likelihood that the collaboration terminates
at any given �, is unimodal for b > 1. The peak hazard
value occurs for �

c

= a(b � 1)

1/b, found to be 0.94 (top
biology), 1.11 (other biology), 0.77 (top physics), and 1.08
(other physics). These values are around unity, meaning that a
tipping point in the sustainability of collaboration ties occurs
around L

ij

⇡ hL
i

i.
The longevity distribution P (�) is skewed to the right, with

approximately 63% of the data having values L
ij

< hL
i

i (cor-
responding to � < 1). Nevertheless, approximately 1% of
collaborations last longer than 4hL

i

i ⇡ 20 years.

FIG. 2: Universal log-logistic distribution of collaboration

longevity. (A) The probability distribution P (�) is right-skewed
and well-fit by the log-logistic pdf defined in Eq. (1). (Insets) The
probability distribution P (hLii) show that the characteristic collab-
oration length in physics and biology is typically between 2 and 6
years. (B) The decrease in the typical collaboration timescale, h�|ti,
reflects how careers transition from being pursuers of collaboration
opportunities to attractors of collaboration opportunities.

Figure 2(B) shows how the � values are distributed across
the career. If the � values were distributed homogeneously,
independent of t, then the curves would have the value
h�|ti ⇡ 1. Instead, we observe a negative trend in h�|ti
for each dataset (each datapoint is calculated from a 5-year
moving average centered around t, using a sliding window).
Moreover, the h�|ti values are consistently larger for the top
scientists, indicating that the relatively short L

ij

(correspond-
ing to � < 1) are more concentrated at larger t. This pattern
suggests that as reputation increases, access to short term
(weak-tie) collaboration opportunities also increases.

Measuring the collaboration life-cycle. The duration L

ij

lacks information on the intensity of activities within the col-
laboration. For example, it is possible that a relatively long
L

ij

produced only the minimum 2 publications. Hence, it is
also important to consider the collaboration intensity, K

ij

(t),
defined as the cumulative number of publications between i

and a given coauthor j up to career year t. The dynamic col-
laboration rate, �K

ij

(t) = K

ij

(t)�K

ij

(t�1), measures how
collaboration ties grow and decay over time, and are measured
in terms of ⌧ ⌘ ⌧

ij

, the number of years since the collabora-
tion was initiated.

Moreover, we define a collaboration trajectory that is bet-
ter suited for aggregating by normalizing each individual

3

the collection of the career data see the SI appendix and refs.
[27, 28] ). Hence, to account for censoring bias in collabo-
rations that are likely not finished, we do not include in our
analysis collaborations that were active within the final L
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year period of analysis, where L
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is an initial average L
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culated across all j for a given i. In this section only, we also
exclude spurious collaborations with L
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= 1, which account
for a remarkable 70 to 80 percent of all L
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dataset.
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in the final L
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-year period and excluding all L
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= 1. The
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= 1 values were excluded since they can represent spuri-
ous features of coauthor lists that do not reflect actual social
interactions. In other words, applying these thresholds facili-
tates a better catalog of collaborations representing meaning-
ful face-to-face ties.

In each inset of Figure 2(A) we show the probability dis-
tribution P (hL

i

i). The mean values range from 4 to 6 years,
consistent with the typical duration of an early career phase
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sor). If we do include the L
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= 1 values, the hL
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i instead
are in the range of 2 to 3 years. Interestingly, the top-cited
researcher subsets have slightly larger mean value than their
counterparts (difference in means T-test p-val. < 0.001 in
each comparison). This difference suggests that it is better
to invest in long-lasting collaborations rather than many short
“weak-tie” collaborations and that prestige attracts valuable
collaborators that are worth maintaining.

Figure 2(A) shows the probability distribution of scaled
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Characteristic collaboration duration 〈Li〉 

⟨Li⟩ ranges from 4 to 6 years, consistent with the typical duration of an early career 
phase position (e.g. graduate school, postdoctoral, assistant professor). 

**These averages were calculated after excluding the collaborations with Lij = 1, 
which account for a remarkable 70 to 80 percent of all collaborations! Including the 
Lij = 1 values, the ⟨Li⟩ instead are in the range of 2 to 3 years.
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Spurious ties: ~2/3 collaborations have Lij < ⟨L⟩ ~ 5 years 
Lifelong ties: only ~1% last longer than ~ 4⟨L⟩ ~ 20 years

scaled duration, 

1. An egocentric perspective (as apposed to a cross-sectional perspective) 
reveals that the “invisible college” is held together by weak transient ties

2. Team assembly: collaboration formation/destruction costs are high, both for 
PI and for transient scientists

3. Credit distribution: Fractional publication/citation counting could reduce 
incentives to collaborate, thereby reducing the innovative potential of science

3

the collection of the career data see the SI appendix and refs.
[27, 28] ). Hence, to account for censoring bias in collabo-
rations that are likely not finished, we do not include in our
analysis collaborations that were active within the final L

c

-
year period of analysis, where L

c

is an initial average L
ij

cal-
culated across all j for a given i. In this section only, we also
exclude spurious collaborations with L

ij

= 1, which account
for a remarkable 70 to 80 percent of all L

ij

values in each
dataset.

Hence, for each researcher we calculate a second hL
i

i value
which represents the mean L

ij

excluding those j with activity
in the final L

c

-year period and excluding all L
ij

= 1. The
L

ij

= 1 values were excluded since they can represent spuri-
ous features of coauthor lists that do not reflect actual social
interactions. In other words, applying these thresholds facili-
tates a better catalog of collaborations representing meaning-
ful face-to-face ties.

In each inset of Figure 2(A) we show the probability dis-
tribution P (hL

i

i). The mean values range from 4 to 6 years,
consistent with the typical duration of an early career phase
position (e.g. graduate school, postdoctoral, assistant profes-
sor). If we do include the L

ij

= 1 values, the hL
i

i instead
are in the range of 2 to 3 years. Interestingly, the top-cited
researcher subsets have slightly larger mean value than their
counterparts (difference in means T-test p-val. < 0.001 in
each comparison). This difference suggests that it is better
to invest in long-lasting collaborations rather than many short
“weak-tie” collaborations and that prestige attracts valuable
collaborators that are worth maintaining.

Figure 2(A) shows the probability distribution of scaled
longevity values, � ⌘ L

ij

/hL
i

i, which are better suited
for aggregating across research profiles with varing hL

i

i.
For each discipline, the log-logistic (Fisk) probability density
function (pdf)

P (�) =

(b/a)(�/a)

b�1

(1 + (�/a)

b

)

2
, (1)

provides a good fit to the empirical data over the entire range.
The Fisk pdf, a well-known survival analysis distribution, has
the property Median(�) = a, asymptotic power-law behavior
P (�) ⇠ �

�(b+1), and the convenient property that the Gini
inequality coefficient G(�) = 1/b. Since h�i ⌘ 1 by con-
struction, there exists a simple relation a = sin(⇡/b)/(⇡/b).
For each dataset we find b > 1, estimating the parameter
using a least-squares approach (Figure 2(A) shows a and b

values for each dataset). The corresponding hazard function,
representing the likelihood that the collaboration terminates
at any given �, is unimodal for b > 1. The peak hazard
value occurs for �

c

= a(b � 1)

1/b, found to be 0.94 (top
biology), 1.11 (other biology), 0.77 (top physics), and 1.08
(other physics). These values are around unity, meaning that a
tipping point in the sustainability of collaboration ties occurs
around L

ij

⇡ hL
i

i.
The longevity distribution P (�) is skewed to the right, with

approximately 63% of the data having values L
ij

< hL
i

i (cor-
responding to � < 1). Nevertheless, approximately 1% of
collaborations last longer than 4hL

i

i ⇡ 20 years.

FIG. 2: Universal log-logistic distribution of collaboration

longevity. (A) The probability distribution P (�) is right-skewed
and well-fit by the log-logistic pdf defined in Eq. (1). (Insets) The
probability distribution P (hLii) show that the characteristic collab-
oration length in physics and biology is typically between 2 and 6
years. (B) The decrease in the typical collaboration timescale, h�|ti,
reflects how careers transition from being pursuers of collaboration
opportunities to attractors of collaboration opportunities.

Figure 2(B) shows how the � values are distributed across
the career. If the � values were distributed homogeneously,
independent of t, then the curves would have the value
h�|ti ⇡ 1. Instead, we observe a negative trend in h�|ti
for each dataset (each datapoint is calculated from a 5-year
moving average centered around t, using a sliding window).
Moreover, the h�|ti values are consistently larger for the top
scientists, indicating that the relatively short L

ij

(correspond-
ing to � < 1) are more concentrated at larger t. This pattern
suggests that as reputation increases, access to short term
(weak-tie) collaboration opportunities also increases.

Measuring the collaboration life-cycle. The duration L

ij

lacks information on the intensity of activities within the col-
laboration. For example, it is possible that a relatively long
L

ij

produced only the minimum 2 publications. Hence, it is
also important to consider the collaboration intensity, K

ij

(t),
defined as the cumulative number of publications between i

and a given coauthor j up to career year t. The dynamic col-
laboration rate, �K

ij

(t) = K

ij

(t)�K

ij

(t�1), measures how
collaboration ties grow and decay over time, and are measured
in terms of ⌧ ⌘ ⌧

ij

, the number of years since the collabora-
tion was initiated.

Moreover, we define a collaboration trajectory that is bet-
ter suited for aggregating by normalizing each individual
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Dichotomy of burstiness and persistence in collaboration ties

Growth and decay of collaboration ties. A/B: (Mean) collaboration rate                  (# of publications 
normalized to peak value), measured τij years after the initiation of the collaboration. C/D: The ζ value 
quantifies the scaling of ⟨τ1/2⟩ as a function of the normalized tie strength xij ≡ Kij/⟨Ki⟩. 

• The sub linear (ζ < 1) values indicate that longer collaborations are relatively more productive: increasing 
marginal returns with increasing collaboration duration (τ1/2).

• These results signal the productivity benefits of long-term collaborations characterized by formalized 
roles, mutual trust, experience, and group learning that together facilitate efficient interactions. 

with bounds �

c

> a for b > 2 and �

c

> 1 for b > 2.83...; us-
ing the best-fit a and b values we estimate �

c

⇡ 0.94 (top biology),
1.11 (other biology), 0.77 (top physics), and 1.08 (other physics).
Thus, �

c

represents a tipping point in the sustainability of a collabo-
ration, because the likelihood that a collaboration terminates peaks at
�

c

and then decreases monotonically for �
ij

> �

c

. This observa-
tion lends further significance to the author-specific time scale hL

i

i.
The log-logistic pdf is also characterized by asymptotic power-law
behavior P (�) ⇠ �

�(b+1) for large �

ij

. As such, the empirical
distributions are right-skewed, with approximately 63% of the data
with L

ij

< hL
i

i (corresponding to �

ij

< 1). Nevertheless, ap-
proximately 1% of collaborations last longer than 4hL

i

i ⇡ 15 to 20
years.

In order to determine how the �

ij

values are distributed across
the career, we calculated the mean duration h�|ti using a 5-year
(sliding window) moving average centered around career age t. If
the �

ij

values were distributed independent of t, then h�|ti ⇡ 1.
Instead, Figure 2(B) shows a negative trend for each dataset. Inter-
estingly, the h�|ti values are consistently larger for the top scien-
tists, indicating that the relatively short L

ij

are more concentrated at
larger t. This pattern of increasing access to short-term collaboration
opportunities points to an additional positive feedback mechanism
contributing to cumulative advantage [30, 31].

Quantifying the collaboration life cycle. The P (�) distribution
points to the variability of time scales in the scientific collaboration
network – while a small number of collaborations last a lifetime, the
remainder decay quite quickly in a collaboration environment char-
acterized by a remarkably high churn rate. Since it is possible that a
relatively long L

ij

corresponds to just the minimum 2 publications,
it is also important to analyze the collaboration rate. To this end, we
quantify the patterns of growth and decay in tie strength using the
more than 166,000 dyadic (ij) collaboration records: K

ij

(t) is the
cumulative number of coauthored publications between i and j up to
year t, and �K

ij

(t) = K

ij

(t)�K

ij

(t�1) is the annual publication
rate.

In order to define a collaboration trajectory that is better suited
for averaging, we normalize each individual �K

ij

(⌧) by its peak
value,

�K

0
ij

(⌧) ⌘ �K

ij

(⌧)/Max[�K

ij

(⌧)] . [2]

Here ⌧ ⌘ ⌧

ij

= t� t

0
ij

+1 is the number of years since the initiation
of a given collaboration. This normalization procedure is useful for
comparing and averaging time series’ that are characterized by just a
single peak.

Since we expect the functional form of the trajectory to depend
on the net collaboration strength, we grouped the individual �K

0
ij

(⌧)

according to the normalized coauthor strength, x
ij

⌘ K

ij

/hK
i

i.
The normalization factor hK

i

i = S

�1
i

P
Si
j=1 Kij

is calculated
across the S

i

distinct collaborators (the collaboration radius of i), and
represents an intrinsic collaboration scale which grows in proportion
to both an author’s typical collaboration size as well as his/her pub-
lication rate. We then aggregated the N{x} trajectories in each {x}
group and calculated the average trajectory

h�K

0
ij

(⌧ |x)i ⌘ N

�1
{x}

X

{x}

�K

0
ij

(⌧ |x) . [3]

Indeed, Fig. 3 shows that the collaboration ‘life cycle’
�K

ij

(⌧ |x) depends strongly on the relative tie strength x

ij

⌘
K

ij

/hK
i

i. The trajectories with the largest strength, x
ij

> 12.0,
decay over a relatively long timescale, maintaining a value approx-
imately 0.2 Max[�K

ij

(⌧)] even 20 years after initiation. The tra-
jectories with x

ij

2 [0.9, 1.4] represent common collaborations that
decay exponentially over the characteristic time-scale hL

i

i. A mathe-
matical side note, useful as a modeling benchmark, is the linear decay

when plotted on log-linear axes, suggesting a functional form that is
exponential for large ⌧ , h�K

0
ij

(⌧ |x)i ⇠ exp[�⌧/⌧ ].
We further emphasize the ramifications of the life-cycle variation

by quantifying the relation between x

ij

and the collaboration’s half-
life ⌧1/2, defined as the number of years to reach half of the total col-
laborative output according to the relation K

ij

(t = ⌧1/2) = K

ij

/2.
We observe a scaling relation h⌧1/2i ⇠ x

⇣ with ⇣ values ranging from
0.4 to 0.5. Sublinear values (⇣ < 1) indicate that a collaboration with
twice the strength is likely to have a corresponding ⌧1/2 that is less-
than doubled. This feature captures the burstiness of collaborative
activities, which likely arises from the heterogenous overlapping of
multiple timescales, e.g. the variable contract lengths in science rang-
ing from single-year contracts to lifetime tenure, the overlapping of
multiple age cohorts, and the projects and grants themselves which
are typically characterized by relatively short terms. Nevertheless,
dx/d⌧1/2 ⇠ ⌧

(1�⇣)/⇣
1/2 is increasing function for ⇣ < 1, indicating

an increasing marginal returns with increasing ⌧1/2, further signaling
the productivity benefits of long-term collaborations characterized by
formalized roles, mutual trust, experience, and group learning that to-
gether facilitate efficient interactions.

Quantifying the tie-strength distribution. Here we focus on the
cross-sectional distribution of tie strengths within the ego network.
We use the final tie strength value K

ij

to distinguish the strong ties
(K

ij

� hK
i

i) from the weak ties (K
ij

< hK
i

i). Figure 4(A) shows
the cumulative distribution P ( hK

i

i) of the mean tie strength hK
i

i,
which can vary over a wide range depending on a researcher’s in-
volvement in large team science activities. We also quantify the con-
centration of tie strength using the Gini index G

i

calculated from
each researcher’s K

ij

values; the distribution P ( G

i

) is shown in
Fig. 4(B). Together, these two measures capture the variability in
collaboration strengths across and within discipline, with physics ex-
hibiting larger hK

i

i and G

i

values.
Another important author-specific variable is the publication

overlap between each researcher and his/her top collaborator. This
measure is defined as the fraction of a researcher’s N

i

publications
including his/her top collaborator, f

K,i

= Max

j

[K

ij

]/N

i

. We
observe surprisingly large variation in f

K,i

, with mean and stan-
dard deviation in the range of 0.16 ± 0.14 for the top scientists
and 0.36 ± 0.23 for the other scientists. Across all profiles, the
min and max f

K,i

values are 0.03 and 0.99, respectively, represent-
ing nearly the maximum possible variation in observed publication
overlap. An example of this limiting scenario is shown in Fig. S2,
highlighting the “dynamic duo” of J. L. Goldstein and M. S. Brown,
winners of the 1985 Nobel Prize in Physiology or Medicine; Gold-
stein and Brown published more than 450 publications each, with
roughly 100 ⇥ f

K,i

⇡ 95% coauthored together. Remarkably, we
find that overlaps larger than 50% are not uncommon, observing
100P (f

K

� 0.5) ⇡ 9% (biology) and 100P (f

K

� 0.5) ⇡ 20%

(physics) of i having more than half of their publications with their
strongest collaborator.

However, within a researcher profile, it is likely that more than
just the top collaborator was central to his/her career. Indeed, key
to our investigation is the identification of the extremely strong col-
laborators – super ties – that are distinguished within the subset of
strong ties. Hence, using the empirical information contained within
each researcher’s tie-strength distribution, P (K

ij

), we develop an
objective super-tie criteria that is author-specific. First, in order to
gain a better understanding of the statistical distribution of K

ij

, we
aggregated the tie-strength data across all research profiles, using a
normalized collaboration strength x

ij

. Figures 4(C,D) show the cu-
mulative distribution P (� x) for each discipline. Each P (� x) is
in good agreement with the exponential distribution exp[�x] (with
mean value hxi = 1 by construction), with the exception in the tail,
P (� x) . 10

�3, which is home to extreme collaborator outliers.
Thus, by a second means in addition to the result for L

ij

, we find

Footline Author PNAS Issue Date Volume Issue Number 3



The ‘Apostle’ effect

The advantage of extremely strong social ties characterized by trust, conviction, commitment, 
experience, skill complementarity, effective collocation and a larger formal and informal social 

network, moral support, reputation spillovers, risk-profit sharing …

Is there any advantage associated with heavily investing 
in a select group of research partners? 



The apostle effect I: annual productivity
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ratio of the mean number of coauthors with R = 1 to R = 0,

p

N,i

⌘ hK
ij

|R
j

= 1i
hK

ij

|R
j

= 0i =

K

T

R,i

/S

R,i

K

T

!R,i

/S!R,i

. (5)

Figure 6(C) shows the cumulative distribution P ( p

N

),
where the smallest value observed was p

N

= 2.5, meaning
that in all cases the premium was significantly greater than
unity. In fact, the average p

N

is between 7 and 10, with the
top scientists having on average smaller p

N

values.
Similarly, we separate the total citation impact between the

S

R,i

super ties and the S!R,i

other collaborators. However,
measuring citation impact requires accounting for the time-
dependence of citations as well as accounting for the distri-
bution of credit across the a

p

coauthors of the publication p.
The credit distribution problem has received recent attention
from the perspectives of institutional policy [8], team ethics
[7], and practical algorithmic implementation [29–31]. Here
we choose a naive method which divides the c

p

citations into
equal shares among the a

p

coauthors [32]. The citations are
counted in the census year Y (the year in which the total cita-
tions are measured) and “deflated” in terms of year y = 2000

citation values. We define the normalized citation impact of a
publication p published in year y as

c̃

j,p

(y) ⌘ c

j,p,Y

(y)

a

p

hcm
Y

(2000)i
hcm

Y

(y)i , (6)

where hcm
Y

(y)i is the average number of citations for publica-
tions published in a benchmark set of publications m from the
same year y. We choose m to be the aggregation of articles
appearing in the multidisciplinary journals Nature, Proceed-
ings of the National Academy of Sciences, and Science. We
use these high-impact journals since they have high citation
rates and hence provide a robust detrending baseline for the
time-dependent component of c

p

(y) (see the Data & Methods
section for further details). The main advantage of c̃

j,p

(y) is
that it can be aggregated across time yielding a cumulative
measure of binary impact for coauthors i and j, defined as

˜

C

i,j

⌘
X

p\(i,j)

c̃

j,p

(y) , (7)

where the sum includes only papers with i and j.
The total number of citation shares for coauthors with R =

1 is ˜

C

R,i

⌘
P

j|R=1
˜

C

i,j

, and for the remaining coauthors is
˜

C!R,i

⌘
P

j|R=0
˜

C

i,j

. We then define the citation premium to
be the ratio of the average citation shares,

p

C,i

⌘ h ˜C
R,i

i
h ˜C!R,i

i
=

˜

C

R,i

/S

R,i

˜

C!R,i

/S!R,i

. (8)

Figure 6(D) shows the distribution of p
C

across each sample,
with all values except for 2 being greater than unity. The p

C

mean, median, and maximum value across all datasets are
14.1, 11.3, and 134, respectively. Hence, at the aggregate
career level, we observe a strong premium attributable to
super ties for both productivity and citation impact. In the

FIG. 6: The frequency and premium of super ties. (A) Cumula-
tive distribution of the fraction fR,i of the Si coauthors that qualify
as super ties (Kij > K

c
i ). All pairwise comparisons of the distri-

butions have K-S p-value greater than 0.2, meaning that the data are
likely drawn from the same P (fR,i) distribution. Vertical lines indi-
cate mean value. (B) Cumulative distribution of the fraction fN of
papers that include at least one strong-tie coauthor. Vertical lines in-
dicate mean value. The top scientist distributions show mean values
(vertical lines) that are significantly smaller than their counterparts.
(C) Cumulative distribution of the productivity premium pN defined
in Eq. (6). Only the two physics datasets are significantly similar
(K-S p = 0.35). The top scientists distributions have smaller mean
value (vertical line) than their counterparts. (D) Cumulative distri-
bution of the citation premium pC defined in Eq. (8). Vertical lines
indicate the mean value within each dataset.

next two subsections, we investigate the role of super ties at
a more microscopic level by analyzing productivity at the
annual level and citation impact at the paper level.

The Apostle effect I: Quantifying the impact of super ties

on annual productivity. Here we analyze each profile i over
the range t

i

2 [6,Min(29, L

i

)], where L
i

is the career length
of the central author. We separate the collaboration profile into
non-overlapping �t-year periods, neglecting the first 5 years
to allow the L

ij

(t) and K

ij

(t) sufficient time to grow. For
each period we calculated the average number of authors per
publication, a

p,t,i

, a proxy for team management costs as well
as the technological level of the research. For each subperiod
we calculated the mean longevity, L

t,i

, using the L

ij

(t � 1)

values for only the coauthors with �K

ij

(t) > 0 over the
same �t-year period. L

t,i

provides a measure of team ex-
perience. Similarly, we calculated the Gini index, GK

t,i

, using
the K

ij

(t � 1) values for the same coauthors as in the calcu-
lation of L

t,i

. G

K

t,i

provides a standardized measure of col-
laboration strength variability, ranging from 0 (all coauthors
contributed equally) to 1 (extreme inequality in the coauthor
participation). And finally, we calculated the ratio of collabo-
ration inputs from super ties to non-super ties,

⇢

t,i

⌘
P

j|R=1 �K

ij

(t)

P
j|R=0 �K

ij

(t)

, (9)

measuring the relative intensity of super tie collaborators.fixed-effects model
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Apostle effect: productivity model (n
i,t

)
Dataset A ln a

p,t

L

t

G

K

t

⇢

t

t N

obs.

Adj. R2

All 434 0.016± 0.016 �0.056± 0.006 1.384± 0.122 0.095± 0.014 0.022± 0.002 6867 0.148
p-value 0.331 0.000 0.000 0.000 0.000

Biology (top) 99 �0.101± 0.044 �0.040± 0.012 1.243± 0.268 0.077± 0.026 0.021± 0.004 1879 0.191
p-value 0.021 0.001 0.000 0.003 0.000

Biology (other) 92 �0.086± 0.036 �0.075± 0.023 1.718± 0.296 0.077± 0.027 0.043± 0.007 1166 0.223
p-value 0.017 0.001 0.000 0.004 0.000

Physics (top) 100 �0.133± 0.039 �0.054± 0.011 1.090± 0.211 0.127± 0.026 0.020± 0.005 1727 0.142
p-value 0.001 0.000 0.000 0.000 0.000

Physics (other) 143 0.077± 0.022 �0.060± 0.009 0.951± 0.182 0.060± 0.021 0.022± 0.004 2095 0.124
p-value 0.000 0.000 0.000 0.004 0.000

TABLE I: Parameter estimates for the random-effects regression model in Eq. (10) with �t = 1, calculated with STATA using robust standard
errors (“vce(robust)”) to implement the Huber/White/sandwich method. See Table S1 for results with �t = 1. Only profiles with 4 or more
data values were included in the regression. Values significant at the p < 0.01 level are indicated in boldface.

We quantify the added-value of super ties on annual pro-
ductivity by modeling the dependent variable n

i,t

/hn
i

i, which
is the annual productivity normalized to the baseline aver-
age calculated over the period of analysis. Since the strength
of super-tie effect �

⇢

is not necessarily universal, but rather,
drawn from a population distribution, we implement the
random-effects regression model

n

i,t

hn
i

i = �

i,0 + �

a

ln a

p,i,t

+ �

L

L

i,t

+

�

G

G

K

i,t

+ �

⇢

⇢

i,t

+ �

t

t

i

+ ✏

i,t

(10)

in STATA11 using “xtreg , vce(robust) re” to calculate robust
standard errors that account for autocorrelation within each
researcher profile. Table I shows the results of our model
estimates within each discipline. Table S1 shows that the
overall results are also robust for the choice of �t = 3. The
effect of strong ties on productivity, ⇢

t

, is positive (�
⇢

> 0)
and statistically significant at the p < 0.004 level in each
regression. With the exception of �

a

calculated for all data
aggregated, all coefficients are significant at the p  0.021

level. The coefficient �

L

is negative, demonstrating the
productivity boost related to recently updated teams. And
the coefficient �

G

is positive, indicating the value of hetero-
geneity in K

ij

(t), reflecting the value of hierarchical team
structure that mixes older and younger scientific generations.

The Apostle effect II: Quantifying the impact of super ties

on the citation impact of individual publications. Deter-
mining the impact of super ties on a publication’s long-term
citation tally is difficult to measure, because clearly older pub-
lications have had more time to accrue citations than newer
ones, and so a direct comparison of citations counts does not
correct for this censoring bias. To address this measurement
problem, we map the citation count c

i,p,Y

(y) measured in the
census year Y of a publication p published in year y < Y to a
normalized z-score,

z

i,p,y

⌘ ln c

i,p,Y

(y)� hln cm
Y

(y)i
�[ln c

m

Y

(y)]

. (11)

This measure of citation impact is well-suited for comparison

across time since z
i,p,y

is measured relative to the mean (h...i)
and standard deviation (�[...]) number of citations accrued up
to year Y by research articles published in the same year y
[33]. To define (h...i) and (�[...]) we use the baseline journal
set m comprising all articles collected from Nature, Proceed-
ings of the National Academy of Science, and Science. In
other words, we use this aggregation of three multidisciplinary
journals to control for the time dependence of citations. Since
these journals have extremely high impact factors (high cita-
tion rates), there will be an inherent bias in our sample towards
negative z

i,p,y

values. Nevertheless, Fig. S4 shows that the
distribution P (z

i,p

|y), calculated using z

i,p

values aggregated
over five successive 8-year periods, are roughly normally dis-
tributed with mean and standard deviation that do not dramat-
ically change over the sample period. Also, since most publi-
cations receive most of their citations within the first 7 years,
we only analyze z

i,p,y

with y  2002 which reduces fluc-
tuations in z

i,p,y

arising from variations early in the citation
lifecycle [6, 33]. As such, these z-scores provide robust mea-
sures of citation impact that are suitable for comparison.

In our linear panel data model we use 5 explanatory vari-
ables which are author and publication specific. The first is
the number a

i,p

of coauthors listed on paper p, which controls
for the tendency for papers with more coauthors to be more
highly cited [5]. This variable is also a gross level of technol-
ogy and coordination costs, since larger teams typically reflect
endeavors with higher technical challenge distributed across a
range of skill sets that require efficient management. We use
log a

i

since the range of values is rather broad broad, with a

p

appearing to be approximately log-normally distributed in the
right tail [7]. The second explanatory variable is the dummy
variable R

i,p

which takes the value 1 if the publication in-
cludes a super tie and the value 0 otherwise. The third variable
is the publication year t

p

measured relative to the career age
of i, representing aging effects. The fourth variable N

i

(t

p

)

represents the central author’s prestige in year t
p

, controlling
for prestige effects. The final explanatory variable is the col-
laboration radius, S

i

(t

p

), which is the cumulative number of
distinct coauthors up to t

p

, representing the central author’s
access to collaborative resources.

We then implement a fixed-effects regression to estimate
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TABLE I: Parameter estimates for the random-effects regression model in Eq. (10) with �t = 1, calculated with STATA using robust standard
errors (“vce(robust)”) to implement the Huber/White/sandwich method. See Table S1 for results with �t = 1. Only profiles with 4 or more
data values were included in the regression. Values significant at the p < 0.01 level are indicated in boldface.

We quantify the added-value of super ties on annual pro-
ductivity by modeling the dependent variable n

i,t

/hn
i

i, which
is the annual productivity normalized to the baseline aver-
age calculated over the period of analysis. Since the strength
of super-tie effect �

⇢

is not necessarily universal, but rather,
drawn from a population distribution, we implement the
random-effects regression model

n

i,t
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i

i = �

i,0 + �
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ln a
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+ �

L
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i,t

+

�

G

G

K

i,t

+ �

⇢

⇢

i,t

+ �

t

t

i

+ ✏

i,t

(10)

in STATA11 using “xtreg , vce(robust) re” to calculate robust
standard errors that account for autocorrelation within each
researcher profile. Table I shows the results of our model
estimates within each discipline. Table S1 shows that the
overall results are also robust for the choice of �t = 3. The
effect of strong ties on productivity, ⇢

t

, is positive (�
⇢

> 0)
and statistically significant at the p < 0.004 level in each
regression. With the exception of �

a

calculated for all data
aggregated, all coefficients are significant at the p  0.021

level. The coefficient �

L

is negative, demonstrating the
productivity boost related to recently updated teams. And
the coefficient �

G

is positive, indicating the value of hetero-
geneity in K

ij

(t), reflecting the value of hierarchical team
structure that mixes older and younger scientific generations.

The Apostle effect II: Quantifying the impact of super ties

on the citation impact of individual publications. Deter-
mining the impact of super ties on a publication’s long-term
citation tally is difficult to measure, because clearly older pub-
lications have had more time to accrue citations than newer
ones, and so a direct comparison of citations counts does not
correct for this censoring bias. To address this measurement
problem, we map the citation count c

i,p,Y

(y) measured in the
census year Y of a publication p published in year y < Y to a
normalized z-score,

z

i,p,y

⌘ ln c

i,p,Y

(y)� hln cm
Y

(y)i
�[ln c

m

Y

(y)]

. (11)

This measure of citation impact is well-suited for comparison

across time since z
i,p,y

is measured relative to the mean (h...i)
and standard deviation (�[...]) number of citations accrued up
to year Y by research articles published in the same year y
[33]. To define (h...i) and (�[...]) we use the baseline journal
set m comprising all articles collected from Nature, Proceed-
ings of the National Academy of Science, and Science. In
other words, we use this aggregation of three multidisciplinary
journals to control for the time dependence of citations. Since
these journals have extremely high impact factors (high cita-
tion rates), there will be an inherent bias in our sample towards
negative z

i,p,y

values. Nevertheless, Fig. S4 shows that the
distribution P (z

i,p

|y), calculated using z

i,p

values aggregated
over five successive 8-year periods, are roughly normally dis-
tributed with mean and standard deviation that do not dramat-
ically change over the sample period. Also, since most publi-
cations receive most of their citations within the first 7 years,
we only analyze z

i,p,y

with y  2002 which reduces fluc-
tuations in z

i,p,y

arising from variations early in the citation
lifecycle [6, 33]. As such, these z-scores provide robust mea-
sures of citation impact that are suitable for comparison.

In our linear panel data model we use 5 explanatory vari-
ables which are author and publication specific. The first is
the number a

i,p

of coauthors listed on paper p, which controls
for the tendency for papers with more coauthors to be more
highly cited [5]. This variable is also a gross level of technol-
ogy and coordination costs, since larger teams typically reflect
endeavors with higher technical challenge distributed across a
range of skill sets that require efficient management. We use
log a

i

since the range of values is rather broad broad, with a

p

appearing to be approximately log-normally distributed in the
right tail [7]. The second explanatory variable is the dummy
variable R

i,p

which takes the value 1 if the publication in-
cludes a super tie and the value 0 otherwise. The third variable
is the publication year t

p

measured relative to the career age
of i, representing aging effects. The fourth variable N

i

(t

p

)

represents the central author’s prestige in year t
p

, controlling
for prestige effects. The final explanatory variable is the col-
laboration radius, S

i

(t

p

), which is the cumulative number of
distinct coauthors up to t

p

, representing the central author’s
access to collaborative resources.

We then implement a fixed-effects regression to estimate

Unit of analysis = career period ti 

Dependent variable =            = annual productivity normalized to the average over the study period t  ∈ [6,29]

All quantities are defined over Δt-year non-overlapping periods. Overall results are robust for Δt =1,3.
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= 0i =
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T

R,i

/S
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Figure 6(C) shows the cumulative distribution P ( p

N

),
where the smallest value observed was p

N

= 2.5, meaning
that in all cases the premium was significantly greater than
unity. In fact, the average p

N

is between 7 and 10, with the
top scientists having on average smaller p

N

values.
Similarly, we separate the total citation impact between the

S

R,i

super ties and the S!R,i

other collaborators. However,
measuring citation impact requires accounting for the time-
dependence of citations as well as accounting for the distri-
bution of credit across the a

p

coauthors of the publication p.
The credit distribution problem has received recent attention
from the perspectives of institutional policy [8], team ethics
[7], and practical algorithmic implementation [29–31]. Here
we choose a naive method which divides the c

p

citations into
equal shares among the a

p

coauthors [32]. The citations are
counted in the census year Y (the year in which the total cita-
tions are measured) and “deflated” in terms of year y = 2000

citation values. We define the normalized citation impact of a
publication p published in year y as

c̃

j,p

(y) ⌘ c

j,p,Y

(y)

a

p

hcm
Y

(2000)i
hcm

Y

(y)i , (6)

where hcm
Y

(y)i is the average number of citations for publica-
tions published in a benchmark set of publications m from the
same year y. We choose m to be the aggregation of articles
appearing in the multidisciplinary journals Nature, Proceed-
ings of the National Academy of Sciences, and Science. We
use these high-impact journals since they have high citation
rates and hence provide a robust detrending baseline for the
time-dependent component of c

p

(y) (see the Data & Methods
section for further details). The main advantage of c̃

j,p

(y) is
that it can be aggregated across time yielding a cumulative
measure of binary impact for coauthors i and j, defined as

˜

C

i,j

⌘
X

p\(i,j)

c̃

j,p

(y) , (7)

where the sum includes only papers with i and j.
The total number of citation shares for coauthors with R =

1 is ˜

C

R,i

⌘
P

j|R=1
˜

C

i,j

, and for the remaining coauthors is
˜

C!R,i

⌘
P

j|R=0
˜

C

i,j

. We then define the citation premium to
be the ratio of the average citation shares,

p

C,i

⌘ h ˜C
R,i

i
h ˜C!R,i

i
=

˜

C

R,i

/S

R,i

˜

C!R,i

/S!R,i

. (8)

Figure 6(D) shows the distribution of p
C

across each sample,
with all values except for 2 being greater than unity. The p

C

mean, median, and maximum value across all datasets are
14.1, 11.3, and 134, respectively. Hence, at the aggregate
career level, we observe a strong premium attributable to
super ties for both productivity and citation impact. In the

FIG. 6: The frequency and premium of super ties. (A) Cumula-
tive distribution of the fraction fR,i of the Si coauthors that qualify
as super ties (Kij > K

c
i ). All pairwise comparisons of the distri-

butions have K-S p-value greater than 0.2, meaning that the data are
likely drawn from the same P (fR,i) distribution. Vertical lines indi-
cate mean value. (B) Cumulative distribution of the fraction fN of
papers that include at least one strong-tie coauthor. Vertical lines in-
dicate mean value. The top scientist distributions show mean values
(vertical lines) that are significantly smaller than their counterparts.
(C) Cumulative distribution of the productivity premium pN defined
in Eq. (6). Only the two physics datasets are significantly similar
(K-S p = 0.35). The top scientists distributions have smaller mean
value (vertical line) than their counterparts. (D) Cumulative distri-
bution of the citation premium pC defined in Eq. (8). Vertical lines
indicate the mean value within each dataset.

next two subsections, we investigate the role of super ties at
a more microscopic level by analyzing productivity at the
annual level and citation impact at the paper level.

The Apostle effect I: Quantifying the impact of super ties

on annual productivity. Here we analyze each profile i over
the range t

i

2 [6,Min(29, L

i

)], where L
i

is the career length
of the central author. We separate the collaboration profile into
non-overlapping �t-year periods, neglecting the first 5 years
to allow the L

ij

(t) and K

ij

(t) sufficient time to grow. For
each period we calculated the average number of authors per
publication, a

p,t,i

, a proxy for team management costs as well
as the technological level of the research. For each subperiod
we calculated the mean longevity, L

t,i

, using the L

ij

(t � 1)

values for only the coauthors with �K

ij

(t) > 0 over the
same �t-year period. L

t,i

provides a measure of team ex-
perience. Similarly, we calculated the Gini index, GK

t,i

, using
the K

ij

(t � 1) values for the same coauthors as in the calcu-
lation of L

t,i

. G

K

t,i

provides a standardized measure of col-
laboration strength variability, ranging from 0 (all coauthors
contributed equally) to 1 (extreme inequality in the coauthor
participation). And finally, we calculated the ratio of collabo-
ration inputs from super ties to non-super ties,

⇢

t,i

⌘
P

j|R=1 �K

ij

(t)

P
j|R=0 �K

ij

(t)

, (9)

measuring the relative intensity of super tie collaborators.
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dependence of citations as well as accounting for the distri-
bution of credit across the a
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The credit distribution problem has received recent attention
from the perspectives of institutional policy [8], team ethics
[7], and practical algorithmic implementation [29–31]. Here
we choose a naive method which divides the c
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citations into
equal shares among the a
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coauthors [32]. The citations are
counted in the census year Y (the year in which the total cita-
tions are measured) and “deflated” in terms of year y = 2000
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publication p published in year y as
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where hcm
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(y)i is the average number of citations for publica-
tions published in a benchmark set of publications m from the
same year y. We choose m to be the aggregation of articles
appearing in the multidisciplinary journals Nature, Proceed-
ings of the National Academy of Sciences, and Science. We
use these high-impact journals since they have high citation
rates and hence provide a robust detrending baseline for the
time-dependent component of c

p

(y) (see the Data & Methods
section for further details). The main advantage of c̃
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(y) is
that it can be aggregated across time yielding a cumulative
measure of binary impact for coauthors i and j, defined as
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Figure 6(D) shows the distribution of p
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across each sample,
with all values except for 2 being greater than unity. The p
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mean, median, and maximum value across all datasets are
14.1, 11.3, and 134, respectively. Hence, at the aggregate
career level, we observe a strong premium attributable to
super ties for both productivity and citation impact. In the
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as super ties (Kij > K

c
i ). All pairwise comparisons of the distri-

butions have K-S p-value greater than 0.2, meaning that the data are
likely drawn from the same P (fR,i) distribution. Vertical lines indi-
cate mean value. (B) Cumulative distribution of the fraction fN of
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(vertical lines) that are significantly smaller than their counterparts.
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(K-S p = 0.35). The top scientists distributions have smaller mean
value (vertical line) than their counterparts. (D) Cumulative distri-
bution of the citation premium pC defined in Eq. (8). Vertical lines
indicate the mean value within each dataset.

next two subsections, we investigate the role of super ties at
a more microscopic level by analyzing productivity at the
annual level and citation impact at the paper level.

The Apostle effect I: Quantifying the impact of super ties

on annual productivity. Here we analyze each profile i over
the range t
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2 [6,Min(29, L
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)], where L
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is the career length
of the central author. We separate the collaboration profile into
non-overlapping �t-year periods, neglecting the first 5 years
to allow the L
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(t) and K
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(t) sufficient time to grow. For
each period we calculated the average number of authors per
publication, a
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, a proxy for team management costs as well
as the technological level of the research. For each subperiod
we calculated the mean longevity, L
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, using the L
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values for only the coauthors with �K
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(t) > 0 over the
same �t-year period. L
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provides a measure of team ex-
perience. Similarly, we calculated the Gini index, GK
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, using
the K
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(t � 1) values for the same coauthors as in the calcu-
lation of L

t,i

. G

K
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provides a standardized measure of col-
laboration strength variability, ranging from 0 (all coauthors
contributed equally) to 1 (extreme inequality in the coauthor
participation). And finally, we calculated the ratio of collabo-
ration inputs from super ties to non-super ties,
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measuring the relative intensity of super tie collaborators.
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= 2.5, meaning
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measuring citation impact requires accounting for the time-
dependence of citations as well as accounting for the distri-
bution of credit across the a
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coauthors of the publication p.
The credit distribution problem has received recent attention
from the perspectives of institutional policy [8], team ethics
[7], and practical algorithmic implementation [29–31]. Here
we choose a naive method which divides the c
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equal shares among the a
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counted in the census year Y (the year in which the total cita-
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where hcm
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tions published in a benchmark set of publications m from the
same year y. We choose m to be the aggregation of articles
appearing in the multidisciplinary journals Nature, Proceed-
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use these high-impact journals since they have high citation
rates and hence provide a robust detrending baseline for the
time-dependent component of c
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(y) (see the Data & Methods
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that it can be aggregated across time yielding a cumulative
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next two subsections, we investigate the role of super ties at
a more microscopic level by analyzing productivity at the
annual level and citation impact at the paper level.
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on annual productivity. Here we analyze each profile i over
the range t

i

2 [6,Min(29, L
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)], where L
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is the career length
of the central author. We separate the collaboration profile into
non-overlapping �t-year periods, neglecting the first 5 years
to allow the L

ij

(t) and K

ij

(t) sufficient time to grow. For
each period we calculated the average number of authors per
publication, a

p,t,i

, a proxy for team management costs as well
as the technological level of the research. For each subperiod
we calculated the mean longevity, L

t,i

, using the L

ij

(t � 1)

values for only the coauthors with �K

ij

(t) > 0 over the
same �t-year period. L

t,i

provides a measure of team ex-
perience. Similarly, we calculated the Gini index, GK

t,i

, using
the K

ij

(t � 1) values for the same coauthors as in the calcu-
lation of L

t,i

. G

K

t,i

provides a standardized measure of col-
laboration strength variability, ranging from 0 (all coauthors
contributed equally) to 1 (extreme inequality in the coauthor
participation). And finally, we calculated the ratio of collabo-
ration inputs from super ties to non-super ties,

⇢

t,i

⌘
P

j|R=1 �K

ij
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P
j|R=0 �K

ij
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, (9)

measuring the relative intensity of super tie collaborators.

The average number of authors per publication, a proxy for team 
management costs and also the technological level of the research

The (productivity) apostle effect: The ratio of collaboration inputs from 
super ties to non-super ties measuring the relative intensity of super tie 
collaborators within the period.

The gini index calculated using the Kij(t) values in the previous period, 
measuring the tie-strength concentration, ranging from 0 (all team 
members contributed equally) to 1 (extreme inequality in the team 
participation)

The average collaboration length using the Lij(t-1) values for only the 
coauthors with ΔKij(t) > 0, measuring team experience.
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Apostle effect: productivity model (n
i,t

)
Dataset A ln a

p,t

L

t

G

K

t

⇢

t

t N

obs.

Adj. R2

All 434 0.016± 0.016 �0.056± 0.006 1.384± 0.122 0.095± 0.014 0.022± 0.002 6867 0.148
p-value 0.331 0.000 0.000 0.000 0.000

Biology (top) 99 �0.101± 0.044 �0.040± 0.012 1.243± 0.268 0.077± 0.026 0.021± 0.004 1879 0.191
p-value 0.021 0.001 0.000 0.003 0.000

Biology (other) 92 �0.086± 0.036 �0.075± 0.023 1.718± 0.296 0.077± 0.027 0.043± 0.007 1166 0.223
p-value 0.017 0.001 0.000 0.004 0.000

Physics (top) 100 �0.133± 0.039 �0.054± 0.011 1.090± 0.211 0.127± 0.026 0.020± 0.005 1727 0.142
p-value 0.001 0.000 0.000 0.000 0.000

Physics (other) 143 0.077± 0.022 �0.060± 0.009 0.951± 0.182 0.060± 0.021 0.022± 0.004 2095 0.124
p-value 0.000 0.000 0.000 0.004 0.000

TABLE I: Parameter estimates for the random-effects regression model in Eq. (10) with �t = 1, calculated with STATA using robust standard
errors (“vce(robust)”) to implement the Huber/White/sandwich method. See Table S1 for results with �t = 1. Only profiles with 4 or more
data values were included in the regression. Values significant at the p < 0.01 level are indicated in boldface.

We quantify the added-value of super ties on annual pro-
ductivity by modeling the dependent variable n

i,t

/hn
i

i, which
is the annual productivity normalized to the baseline aver-
age calculated over the period of analysis. Since the strength
of super-tie effect �

⇢

is not necessarily universal, but rather,
drawn from a population distribution, we implement the
random-effects regression model

n

i,t

hn
i

i = �

i,0 + �

a

ln a

p,i,t

+ �

L

L

i,t

+

�

G

G

K

i,t

+ �

⇢

⇢

i,t

+ �

t

t

i

+ ✏

i,t

(10)

in STATA11 using “xtreg , vce(robust) re” to calculate robust
standard errors that account for autocorrelation within each
researcher profile. Table I shows the results of our model
estimates within each discipline. Table S1 shows that the
overall results are also robust for the choice of �t = 3. The
effect of strong ties on productivity, ⇢

t

, is positive (�
⇢

> 0)
and statistically significant at the p < 0.004 level in each
regression. With the exception of �

a

calculated for all data
aggregated, all coefficients are significant at the p  0.021

level. The coefficient �

L

is negative, demonstrating the
productivity boost related to recently updated teams. And
the coefficient �

G

is positive, indicating the value of hetero-
geneity in K

ij

(t), reflecting the value of hierarchical team
structure that mixes older and younger scientific generations.

The Apostle effect II: Quantifying the impact of super ties

on the citation impact of individual publications. Deter-
mining the impact of super ties on a publication’s long-term
citation tally is difficult to measure, because clearly older pub-
lications have had more time to accrue citations than newer
ones, and so a direct comparison of citations counts does not
correct for this censoring bias. To address this measurement
problem, we map the citation count c

i,p,Y

(y) measured in the
census year Y of a publication p published in year y < Y to a
normalized z-score,

z

i,p,y

⌘ ln c

i,p,Y

(y)� hln cm
Y

(y)i
�[ln c

m

Y

(y)]

. (11)

This measure of citation impact is well-suited for comparison

across time since z
i,p,y

is measured relative to the mean (h...i)
and standard deviation (�[...]) number of citations accrued up
to year Y by research articles published in the same year y
[33]. To define (h...i) and (�[...]) we use the baseline journal
set m comprising all articles collected from Nature, Proceed-
ings of the National Academy of Science, and Science. In
other words, we use this aggregation of three multidisciplinary
journals to control for the time dependence of citations. Since
these journals have extremely high impact factors (high cita-
tion rates), there will be an inherent bias in our sample towards
negative z

i,p,y

values. Nevertheless, Fig. S4 shows that the
distribution P (z
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|y), calculated using z
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values aggregated
over five successive 8-year periods, are roughly normally dis-
tributed with mean and standard deviation that do not dramat-
ically change over the sample period. Also, since most publi-
cations receive most of their citations within the first 7 years,
we only analyze z
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with y  2002 which reduces fluc-
tuations in z

i,p,y

arising from variations early in the citation
lifecycle [6, 33]. As such, these z-scores provide robust mea-
sures of citation impact that are suitable for comparison.

In our linear panel data model we use 5 explanatory vari-
ables which are author and publication specific. The first is
the number a

i,p

of coauthors listed on paper p, which controls
for the tendency for papers with more coauthors to be more
highly cited [5]. This variable is also a gross level of technol-
ogy and coordination costs, since larger teams typically reflect
endeavors with higher technical challenge distributed across a
range of skill sets that require efficient management. We use
log a
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since the range of values is rather broad broad, with a
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appearing to be approximately log-normally distributed in the
right tail [7]. The second explanatory variable is the dummy
variable R
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which takes the value 1 if the publication in-
cludes a super tie and the value 0 otherwise. The third variable
is the publication year t
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measured relative to the career age
of i, representing aging effects. The fourth variable N
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represents the central author’s prestige in year t
p

, controlling
for prestige effects. The final explanatory variable is the col-
laboration radius, S
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), which is the cumulative number of
distinct coauthors up to t
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, representing the central author’s
access to collaborative resources.

We then implement a fixed-effects regression to estimate



The apostle effect I: annual productivity

1) The extra labor appears to balance out the coordination costs  (       ≈ 0)
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arising from variations early in the citation
lifecycle [6, 33]. As such, these z-scores provide robust mea-
sures of citation impact that are suitable for comparison.

In our linear panel data model we use 5 explanatory vari-
ables which are author and publication specific. The first is
the number a

i,p

of coauthors listed on paper p, which controls
for the tendency for papers with more coauthors to be more
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estimates within each discipline. Table S1 shows that the
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cations receive most of their citations within the first 7 years,
we only analyze z

i,p,y

with y  2002 which reduces fluc-
tuations in z

i,p,y

arising from variations early in the citation
lifecycle [6, 33]. As such, these z-scores provide robust mea-
sures of citation impact that are suitable for comparison.

In our linear panel data model we use 5 explanatory vari-
ables which are author and publication specific. The first is
the number a

i,p

of coauthors listed on paper p, which controls
for the tendency for papers with more coauthors to be more
highly cited [5]. This variable is also a gross level of technol-
ogy and coordination costs, since larger teams typically reflect
endeavors with higher technical challenge distributed across a
range of skill sets that require efficient management. We use
log a

i

since the range of values is rather broad broad, with a

p

appearing to be approximately log-normally distributed in the
right tail [7]. The second explanatory variable is the dummy
variable R

i,p

which takes the value 1 if the publication in-
cludes a super tie and the value 0 otherwise. The third variable
is the publication year t

p

measured relative to the career age
of i, representing aging effects. The fourth variable N

i

(t

p

)

represents the central author’s prestige in year t
p

, controlling
for prestige effects. The final explanatory variable is the col-
laboration radius, S

i

(t

p

), which is the cumulative number of
distinct coauthors up to t

p

, representing the central author’s
access to collaborative resources.

We then implement a fixed-effects regression to estimate
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Apostle effect: productivity model (n
i,t

)
Dataset A ln a

p,t

L

t

G

K

t

⇢

t

t N

obs.

Adj. R2

All 434 0.016± 0.016 �0.056± 0.006 1.384± 0.122 0.095± 0.014 0.022± 0.002 6867 0.148
p-value 0.331 0.000 0.000 0.000 0.000

Biology (top) 99 �0.101± 0.044 �0.040± 0.012 1.243± 0.268 0.077± 0.026 0.021± 0.004 1879 0.191
p-value 0.021 0.001 0.000 0.003 0.000

Biology (other) 92 �0.086± 0.036 �0.075± 0.023 1.718± 0.296 0.077± 0.027 0.043± 0.007 1166 0.223
p-value 0.017 0.001 0.000 0.004 0.000

Physics (top) 100 �0.133± 0.039 �0.054± 0.011 1.090± 0.211 0.127± 0.026 0.020± 0.005 1727 0.142
p-value 0.001 0.000 0.000 0.000 0.000

Physics (other) 143 0.077± 0.022 �0.060± 0.009 0.951± 0.182 0.060± 0.021 0.022± 0.004 2095 0.124
p-value 0.000 0.000 0.000 0.004 0.000

TABLE I: Parameter estimates for the random-effects regression model in Eq. (10) with �t = 1, calculated with STATA using robust standard
errors (“vce(robust)”) to implement the Huber/White/sandwich method. See Table S1 for results with �t = 1. Only profiles with 4 or more
data values were included in the regression. Values significant at the p < 0.01 level are indicated in boldface.

We quantify the added-value of super ties on annual pro-
ductivity by modeling the dependent variable n

i,t

/hn
i

i, which
is the annual productivity normalized to the baseline aver-
age calculated over the period of analysis. Since the strength
of super-tie effect �

⇢

is not necessarily universal, but rather,
drawn from a population distribution, we implement the
random-effects regression model

n

i,t

hn
i

i = �

i,0 + �

a

ln a

p,i,t

+ �

L

L

i,t

+

�

G

G

K

i,t

+ �

⇢

⇢

i,t

+ �

t

t

i

+ ✏

i,t

(10)

in STATA11 using “xtreg , vce(robust) re” to calculate robust
standard errors that account for autocorrelation within each
researcher profile. Table I shows the results of our model
estimates within each discipline. Table S1 shows that the
overall results are also robust for the choice of �t = 3. The
effect of strong ties on productivity, ⇢

t

, is positive (�
⇢

> 0)
and statistically significant at the p < 0.004 level in each
regression. With the exception of �

a

calculated for all data
aggregated, all coefficients are significant at the p  0.021

level. The coefficient �

L

is negative, demonstrating the
productivity boost related to recently updated teams. And
the coefficient �

G

is positive, indicating the value of hetero-
geneity in K

ij

(t), reflecting the value of hierarchical team
structure that mixes older and younger scientific generations.

The Apostle effect II: Quantifying the impact of super ties

on the citation impact of individual publications. Deter-
mining the impact of super ties on a publication’s long-term
citation tally is difficult to measure, because clearly older pub-
lications have had more time to accrue citations than newer
ones, and so a direct comparison of citations counts does not
correct for this censoring bias. To address this measurement
problem, we map the citation count c

i,p,Y

(y) measured in the
census year Y of a publication p published in year y < Y to a
normalized z-score,

z

i,p,y

⌘ ln c

i,p,Y

(y)� hln cm
Y

(y)i
�[ln c

m

Y

(y)]

. (11)

This measure of citation impact is well-suited for comparison

across time since z
i,p,y

is measured relative to the mean (h...i)
and standard deviation (�[...]) number of citations accrued up
to year Y by research articles published in the same year y
[33]. To define (h...i) and (�[...]) we use the baseline journal
set m comprising all articles collected from Nature, Proceed-
ings of the National Academy of Science, and Science. In
other words, we use this aggregation of three multidisciplinary
journals to control for the time dependence of citations. Since
these journals have extremely high impact factors (high cita-
tion rates), there will be an inherent bias in our sample towards
negative z

i,p,y

values. Nevertheless, Fig. S4 shows that the
distribution P (z

i,p

|y), calculated using z

i,p

values aggregated
over five successive 8-year periods, are roughly normally dis-
tributed with mean and standard deviation that do not dramat-
ically change over the sample period. Also, since most publi-
cations receive most of their citations within the first 7 years,
we only analyze z

i,p,y

with y  2002 which reduces fluc-
tuations in z

i,p,y

arising from variations early in the citation
lifecycle [6, 33]. As such, these z-scores provide robust mea-
sures of citation impact that are suitable for comparison.

In our linear panel data model we use 5 explanatory vari-
ables which are author and publication specific. The first is
the number a

i,p

of coauthors listed on paper p, which controls
for the tendency for papers with more coauthors to be more
highly cited [5]. This variable is also a gross level of technol-
ogy and coordination costs, since larger teams typically reflect
endeavors with higher technical challenge distributed across a
range of skill sets that require efficient management. We use
log a

i

since the range of values is rather broad broad, with a

p

appearing to be approximately log-normally distributed in the
right tail [7]. The second explanatory variable is the dummy
variable R

i,p

which takes the value 1 if the publication in-
cludes a super tie and the value 0 otherwise. The third variable
is the publication year t

p

measured relative to the career age
of i, representing aging effects. The fourth variable N

i

(t

p

)

represents the central author’s prestige in year t
p

, controlling
for prestige effects. The final explanatory variable is the col-
laboration radius, S

i

(t

p

), which is the cumulative number of
distinct coauthors up to t

p

, representing the central author’s
access to collaborative resources.

We then implement a fixed-effects regression to estimate

Table 1. Parameter estimates for the productivity model in Eq. (6) using �t = 1 year long periods, and the citation model in Eq.
(8) using only the publications with y

p

 2002. Each fixed e↵ects model was calculated using robust standard errors, implemented
by the Huber/White/sandwich method. Values significant at the p  0.034 level are indicated in boldface. “Std. coe↵.” represents
the estimates of the standardized (beta) coe�cients.“All” corresponds to the combination of all datasets.

Apostle e↵ect I: productivity model (n
i,t

)

Dataset A ln a
t

L
t

GK

t

⇢
t

t N
obs.

Adj. R2

All 466 0.002± 0.029 � 0.054± 0.008 1.788± 0.134 0.110± 0.013 0.029± 0.002 8483 0.19

(Std. coe↵.) 0.002± 0.033 �0.140± 0.021 0.320± 0.024 0.140± 0.016 0.049± 0.004

p-value 0.943 0.000 0.000 0.000 0.000

Biology (top) 99 �0.123± 0.056 �0.011± 0.018 2.816± 0.270 0.111± 0.026 0.031± 0.003 2202 0.24

p-value 0.031 0.519 0.000 0.000 0.000

Biology (other) 95 �0.061± 0.056 �0.067± 0.025 1.654± 0.287 0.071± 0.023 0.053± 0.006 1467 0.29

p-value 0.275 0.008 0.000 0.003 0.000

Physics (top) 100 �0.146± 0.057 �0.047± 0.015 2.053± 0.287 0.153± 0.025 0.022± 0.004 2056 0.15

p-value 0.012 0.002 0.000 0.000 0.000

Physics (other) 172 0.089± 0.050 �0.065± 0.013 1.495± 0.213 0.101± 0.021 0.026± 0.005 2758 0.15

p-value 0.079 0.000 0.000 0.000 0.000

Apostle e↵ect II: citation model (z
i,p

)

Dataset A ln a
p

R
p

t
p

lnN
i

(t
p

) lnS
i

(t
p

) N
obs.

Adj. R2

All 373 0.251± 0.024 0.205± 0.024 �0.062± 0.004 0.075± 0.066 0.050± 0.072 65513 0.27

(Std. coe↵.) 0.128± 0.012 0.131± 0.015 �0.040± 0.003 0.053± 0.046 0.038± 0.055

p-value 0.000 0.000 0.000 0.256 0.491

Biology (top) 100 0.269± 0.041 0.203± 0.034 �0.033± 0.007 �0.104± 0.106 0.050± 0.114 21398 0.11

p-value 0.000 0.000 0.000 0.327 0.661

Biology (other) 52 0.579± 0.056 0.127± 0.071 �0.037± 0.016 �0.192± 0.103 0.230± 0.106 4303 0.20

p-value 0.000 0.079 0.023 0.069 0.034

Physics (top) 100 0.121± 0.043 0.239± 0.044 �0.072± 0.007 0.277± 0.120 �0.115± 0.137 21819 0.19

p-value 0.006 0.000 0.000 0.022 0.402

Physics (other) 121 0.253± 0.041 0.243± 0.049 �0.061± 0.008 0.073± 0.092 0.016± 0.101 17993 0.19

p-value 0.000 0.000 0.000 0.427 0.874

Footline Author PNAS Issue Date Volume Issue Number 1



The apostle effect II: long-term citation impact
Unit of analysis = publication quality (proxied by long-term citations)

Only papers at least 6 years old (Y-tp ≥ 6 years) were analyzed. 
Dependent variable = zi,p,Y = the citation impact ci,p,Y (y) of publication p normalized to baseline 
citation levels defined by other papers published in the same year y. Y is the census year for the 

citation counts. 
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Apostle effect: productivity model (n
i,t

)
Dataset A ln a

p,t

L

t

G

K

t

⇢

t

t N

obs.

Adj. R2

All 434 0.016± 0.016 �0.056± 0.006 1.384± 0.122 0.095± 0.014 0.022± 0.002 6867 0.148
p-value 0.331 0.000 0.000 0.000 0.000

Biology (top) 99 �0.101± 0.044 �0.040± 0.012 1.243± 0.268 0.077± 0.026 0.021± 0.004 1879 0.191
p-value 0.021 0.001 0.000 0.003 0.000

Biology (other) 92 �0.086± 0.036 �0.075± 0.023 1.718± 0.296 0.077± 0.027 0.043± 0.007 1166 0.223
p-value 0.017 0.001 0.000 0.004 0.000

Physics (top) 100 �0.133± 0.039 �0.054± 0.011 1.090± 0.211 0.127± 0.026 0.020± 0.005 1727 0.142
p-value 0.001 0.000 0.000 0.000 0.000

Physics (other) 143 0.077± 0.022 �0.060± 0.009 0.951± 0.182 0.060± 0.021 0.022± 0.004 2095 0.124
p-value 0.000 0.000 0.000 0.004 0.000

TABLE I: Parameter estimates for the random-effects regression model in Eq. (10) with �t = 1, calculated with STATA using robust standard
errors (“vce(robust)”) to implement the Huber/White/sandwich method. See Table S1 for results with �t = 1. Only profiles with 4 or more
data values were included in the regression. Values significant at the p < 0.01 level are indicated in boldface.

We quantify the added-value of super ties on annual pro-
ductivity by modeling the dependent variable n

i,t

/hn
i

i, which
is the annual productivity normalized to the baseline aver-
age calculated over the period of analysis. Since the strength
of super-tie effect �

⇢

is not necessarily universal, but rather,
drawn from a population distribution, we implement the
random-effects regression model

n

i,t

hn
i

i = �

i,0 + �

a

ln a

p,i,t

+ �

L

L

i,t

+

�

G

G

K

i,t

+ �

⇢

⇢

i,t

+ �

t

t

i

+ ✏

i,t

(10)

in STATA11 using “xtreg , vce(robust) re” to calculate robust
standard errors that account for autocorrelation within each
researcher profile. Table I shows the results of our model
estimates within each discipline. Table S1 shows that the
overall results are also robust for the choice of �t = 3. The
effect of strong ties on productivity, ⇢

t

, is positive (�
⇢

> 0)
and statistically significant at the p < 0.004 level in each
regression. With the exception of �

a

calculated for all data
aggregated, all coefficients are significant at the p  0.021

level. The coefficient �

L

is negative, demonstrating the
productivity boost related to recently updated teams. And
the coefficient �

G

is positive, indicating the value of hetero-
geneity in K

ij

(t), reflecting the value of hierarchical team
structure that mixes older and younger scientific generations.

The Apostle effect II: Quantifying the impact of super ties

on the citation impact of individual publications. Deter-
mining the impact of super ties on a publication’s long-term
citation tally is difficult to measure, because clearly older pub-
lications have had more time to accrue citations than newer
ones, and so a direct comparison of citations counts does not
correct for this censoring bias. To address this measurement
problem, we map the citation count c

i,p,Y

(y) measured in the
census year Y of a publication p published in year y < Y to a
normalized z-score,

z

i,p,y

⌘ ln c

i,p,Y

(y)� hln cm
Y

(y)i
�[ln c

m

Y

(y)]

. (11)

This measure of citation impact is well-suited for comparison

across time since z
i,p,y

is measured relative to the mean (h...i)
and standard deviation (�[...]) number of citations accrued up
to year Y by research articles published in the same year y
[33]. To define (h...i) and (�[...]) we use the baseline journal
set m comprising all articles collected from Nature, Proceed-
ings of the National Academy of Science, and Science. In
other words, we use this aggregation of three multidisciplinary
journals to control for the time dependence of citations. Since
these journals have extremely high impact factors (high cita-
tion rates), there will be an inherent bias in our sample towards
negative z

i,p,y

values. Nevertheless, Fig. S4 shows that the
distribution P (z

i,p

|y), calculated using z

i,p

values aggregated
over five successive 8-year periods, are roughly normally dis-
tributed with mean and standard deviation that do not dramat-
ically change over the sample period. Also, since most publi-
cations receive most of their citations within the first 7 years,
we only analyze z

i,p,y

with y  2002 which reduces fluc-
tuations in z

i,p,y

arising from variations early in the citation
lifecycle [6, 33]. As such, these z-scores provide robust mea-
sures of citation impact that are suitable for comparison.

In our linear panel data model we use 5 explanatory vari-
ables which are author and publication specific. The first is
the number a

i,p

of coauthors listed on paper p, which controls
for the tendency for papers with more coauthors to be more
highly cited [5]. This variable is also a gross level of technol-
ogy and coordination costs, since larger teams typically reflect
endeavors with higher technical challenge distributed across a
range of skill sets that require efficient management. We use
log a

i

since the range of values is rather broad broad, with a

p

appearing to be approximately log-normally distributed in the
right tail [7]. The second explanatory variable is the dummy
variable R

i,p

which takes the value 1 if the publication in-
cludes a super tie and the value 0 otherwise. The third variable
is the publication year t

p

measured relative to the career age
of i, representing aging effects. The fourth variable N

i

(t

p

)

represents the central author’s prestige in year t
p

, controlling
for prestige effects. The final explanatory variable is the col-
laboration radius, S

i

(t

p

), which is the cumulative number of
distinct coauthors up to t

p

, representing the central author’s
access to collaborative resources.

We then implement a fixed-effects regression to estimate

This measure is approximately normally distributed within pub. age (y) 
cohorts, and is appropriate for comparing citation impact across time. m 
represents the set of publications from the high-impact journals Nature, 
PNAS, and Science, aggregated for each year, providing baseline 
measures which control for the time-dependence of citation counts 
(Petersen & Penner EPJ Data Science 2014)



The apostle effect II: long-term citation impact

Fixed-effects model

Unit of analysis = publication quality (proxied by long-term citations)
Only papers at least 6 years old (Y-tp ≥ 6 years) were analyzed. 

Dependent variable = zi,p,Y = the citation impact ci,p,Y (y) of publication p normalized to baseline 
citation levels defined by other papers published in the same year y. Y is the census year for the 
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Apostle effect: productivity model (n
i,t

)
Dataset A ln a

p,t

L

t

G

K

t

⇢

t

t N

obs.

Adj. R2

All 434 0.016± 0.016 �0.056± 0.006 1.384± 0.122 0.095± 0.014 0.022± 0.002 6867 0.148
p-value 0.331 0.000 0.000 0.000 0.000

Biology (top) 99 �0.101± 0.044 �0.040± 0.012 1.243± 0.268 0.077± 0.026 0.021± 0.004 1879 0.191
p-value 0.021 0.001 0.000 0.003 0.000

Biology (other) 92 �0.086± 0.036 �0.075± 0.023 1.718± 0.296 0.077± 0.027 0.043± 0.007 1166 0.223
p-value 0.017 0.001 0.000 0.004 0.000

Physics (top) 100 �0.133± 0.039 �0.054± 0.011 1.090± 0.211 0.127± 0.026 0.020± 0.005 1727 0.142
p-value 0.001 0.000 0.000 0.000 0.000

Physics (other) 143 0.077± 0.022 �0.060± 0.009 0.951± 0.182 0.060± 0.021 0.022± 0.004 2095 0.124
p-value 0.000 0.000 0.000 0.004 0.000

TABLE I: Parameter estimates for the random-effects regression model in Eq. (10) with �t = 1, calculated with STATA using robust standard
errors (“vce(robust)”) to implement the Huber/White/sandwich method. See Table S1 for results with �t = 1. Only profiles with 4 or more
data values were included in the regression. Values significant at the p < 0.01 level are indicated in boldface.

We quantify the added-value of super ties on annual pro-
ductivity by modeling the dependent variable n

i,t

/hn
i

i, which
is the annual productivity normalized to the baseline aver-
age calculated over the period of analysis. Since the strength
of super-tie effect �

⇢

is not necessarily universal, but rather,
drawn from a population distribution, we implement the
random-effects regression model

n

i,t

hn
i

i = �

i,0 + �

a

ln a

p,i,t

+ �

L

L

i,t

+

�

G

G

K

i,t

+ �

⇢

⇢

i,t

+ �

t

t

i

+ ✏

i,t

(10)

in STATA11 using “xtreg , vce(robust) re” to calculate robust
standard errors that account for autocorrelation within each
researcher profile. Table I shows the results of our model
estimates within each discipline. Table S1 shows that the
overall results are also robust for the choice of �t = 3. The
effect of strong ties on productivity, ⇢

t

, is positive (�
⇢

> 0)
and statistically significant at the p < 0.004 level in each
regression. With the exception of �

a

calculated for all data
aggregated, all coefficients are significant at the p  0.021

level. The coefficient �

L

is negative, demonstrating the
productivity boost related to recently updated teams. And
the coefficient �

G

is positive, indicating the value of hetero-
geneity in K

ij

(t), reflecting the value of hierarchical team
structure that mixes older and younger scientific generations.

The Apostle effect II: Quantifying the impact of super ties

on the citation impact of individual publications. Deter-
mining the impact of super ties on a publication’s long-term
citation tally is difficult to measure, because clearly older pub-
lications have had more time to accrue citations than newer
ones, and so a direct comparison of citations counts does not
correct for this censoring bias. To address this measurement
problem, we map the citation count c

i,p,Y

(y) measured in the
census year Y of a publication p published in year y < Y to a
normalized z-score,

z

i,p,y

⌘ ln c

i,p,Y

(y)� hln cm
Y

(y)i
�[ln c

m

Y

(y)]

. (11)

This measure of citation impact is well-suited for comparison

across time since z
i,p,y

is measured relative to the mean (h...i)
and standard deviation (�[...]) number of citations accrued up
to year Y by research articles published in the same year y
[33]. To define (h...i) and (�[...]) we use the baseline journal
set m comprising all articles collected from Nature, Proceed-
ings of the National Academy of Science, and Science. In
other words, we use this aggregation of three multidisciplinary
journals to control for the time dependence of citations. Since
these journals have extremely high impact factors (high cita-
tion rates), there will be an inherent bias in our sample towards
negative z

i,p,y

values. Nevertheless, Fig. S4 shows that the
distribution P (z

i,p

|y), calculated using z

i,p

values aggregated
over five successive 8-year periods, are roughly normally dis-
tributed with mean and standard deviation that do not dramat-
ically change over the sample period. Also, since most publi-
cations receive most of their citations within the first 7 years,
we only analyze z

i,p,y

with y  2002 which reduces fluc-
tuations in z

i,p,y

arising from variations early in the citation
lifecycle [6, 33]. As such, these z-scores provide robust mea-
sures of citation impact that are suitable for comparison.

In our linear panel data model we use 5 explanatory vari-
ables which are author and publication specific. The first is
the number a

i,p

of coauthors listed on paper p, which controls
for the tendency for papers with more coauthors to be more
highly cited [5]. This variable is also a gross level of technol-
ogy and coordination costs, since larger teams typically reflect
endeavors with higher technical challenge distributed across a
range of skill sets that require efficient management. We use
log a

i

since the range of values is rather broad broad, with a

p

appearing to be approximately log-normally distributed in the
right tail [7]. The second explanatory variable is the dummy
variable R

i,p

which takes the value 1 if the publication in-
cludes a super tie and the value 0 otherwise. The third variable
is the publication year t

p

measured relative to the career age
of i, representing aging effects. The fourth variable N

i

(t

p

)

represents the central author’s prestige in year t
p

, controlling
for prestige effects. The final explanatory variable is the col-
laboration radius, S

i

(t

p

), which is the cumulative number of
distinct coauthors up to t

p

, representing the central author’s
access to collaborative resources.

We then implement a fixed-effects regression to estimate

This measure is approximately normally distributed within pub. age (y) 
cohorts, and is appropriate for comparing citation impact across time. m 
represents the set of publications from the high-impact journals Nature, 
PNAS, and Science, aggregated for each year, providing baseline 
measures which control for the time-dependence of citation counts 
(Petersen & Penner EPJ Data Science 2014)
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Apostle effect: citation model (z
i,p

)
Dataset A ln a

p

R

p

t

p

lnN

i

(t

p

) lnS

i

(t

p

) N

obs.

Adj. R2

All 373 0.251± 0.024 0.205± 0.024 �0.062± 0.004 0.075± 0.066 0.050± 0.072 65513 0.265
p-value 0.000 0.000 0.000 0.256 0.491

Biology (top) 100 0.269± 0.041 0.203± 0.034 �0.033± 0.007 �0.104± 0.106 0.050± 0.114 21398 0.113
p-value 0.000 0.000 0.000 0.327 0.661

Biology (other) 52 0.579± 0.056 0.127± 0.071 �0.037± 0.016 �0.192± 0.103 0.230± 0.106 4303 0.201
p-value 0.000 0.079 0.023 0.069 0.034

Physics (top) 100 0.121± 0.043 0.239± 0.044 �0.072± 0.007 0.277± 0.120 �0.115± 0.137 21819 0.188
p-value 0.006 0.000 0.000 0.022 0.402

Physics (other) 121 0.253± 0.041 0.243± 0.049 �0.061± 0.008 0.073± 0.092 0.016± 0.101 17993 0.187
p-value 0.000 0.000 0.000 0.427 0.874
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to quantify the effect of super ties on the long-term citation
impact of individual papers. This fixed-effects model ac-
counts for the unobserved heterogeneity in time-independent
variables related to each researcher profile, assuming that the
systemic citation processes are the same for all researchers.
Furthermore, we use robust standard errors to account for pos-
sible heteroskedasticity or within-panel serial correlation in
the idiosyncratic error term ✏

i,y

. Table II shows the parameter
estimates calculated using the “xtreg , vce(robust) fe” function
in STATA11 for each dataset.

The regression results indicate that the change in R

p

from
0 to 1 provides a significant citation impact boost in the long
term. This ‘apostle effect’ – the value added by a few ex-
tremely strong colleagues who act as messengers and repre-
sentatives for the knowledge contained in p – is quite robust
across each dataset analyzed, except for the Biology (other)
dataset where it was not observed to be significant at the
p = 0.05 level. Remarkably, in the datasets where �

R

was
statistically significant, the magnitude of the effect was com-
parable to effect of increasing a

p

by an exponential factor.
Interestingly, the career age parameter was negative (�

t

<

0) and statistically significant at the p  0.023 level in each
regression, meaning that researchers’ normalized citation im-
pact decreases across the career, possibly due to finite career
and knowledge life-cycles, and possibly the role of confirma-
tion bias in the career growth process. This finding is con-
sistent with a recent analysis of several hundred thousand re-
searcher profiles extracted from high-impact journals which
also shows a negative citation impact trend across the career
[33]. Neither the prestige (�

N

) nor collaboration radius (�
S

)
parameters were statistically significant in explaining z

i,p,y

.

Discussion

The characteristic collaboration size in science has been
steadily increasing over the last century [5, 7, 26] with con-
sequences at every level of science, from education and aca-

demic careers to universities and funding bodies [8]. Un-
derstanding how this team-oriented paradigm shift affects the
sustainability of careers, the efficiency of the science system,
and the rate of novel knowledge production, will be of great
important to a broad range of scientific actors, from scientists
to science policy makers.

Collaborative activities are also fundamental to the career
growth process, especially in disciplines where research ac-
tivities require a division of labor. This is especially true in
biology and physics research, where computational, theoret-
ical, and experimental methods provide complementary ap-
proaches to a wide array of problems. As a result, a research
group leader is likely to find the assembly of team – one which
is composed of individuals with diverse, yet complementary,
skill sets, spanning time, age-groups, and personalities– a
daunting task, especially when under constraints to optimize
access to valuable facilities, hardware, and software, and fi-
nancial resources. Many emerging online social network plat-
forms provide recommendation services that attempt to ad-
dress this problem by suggesting potentially advantageous
collaboration matches. These considerations underscore why
it is important to understand the role of local network struc-
tures. Understanding the redundancies in the local network
[24] and the interaction capacity of team members [22] pro-
vides the potential to act on this information and gain a strate-
gic competitive advantage by optimizing group intelligence
[23]. And beyond the performance of the team in the present,
social ties represent social capital investments which can have
important implications on information spreading [16], career
paths, and access to key strategic resources at future times.

To this end, we have dissected the career profile of a large
number of scientists in order to gain new insights into the dy-
namical aspects of collaboration, assuming the ‘ego’ perspec-
tive so that a career is the unit of analysis. As such, the col-
laborations, publications, and impact scores fit together into
a temporal framework ideal for pooled, cross-sectional and
longitudinal modeling. We began by considering the unavoid-
ably complex role played time. By way of example, the ar-
rival patterns of new collaborations in A. Geim’s profile (see
Fig. 1) appear to be subject to bursts, and the durations of in-
dividual collaborations appear to span the entire range, from
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to quantify the effect of super ties on the long-term citation
impact of individual papers. This fixed-effects model ac-
counts for the unobserved heterogeneity in time-independent
variables related to each researcher profile, assuming that the
systemic citation processes are the same for all researchers.
Furthermore, we use robust standard errors to account for pos-
sible heteroskedasticity or within-panel serial correlation in
the idiosyncratic error term ✏
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. Table II shows the parameter
estimates calculated using the “xtreg , vce(robust) fe” function
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term. This ‘apostle effect’ – the value added by a few ex-
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dataset where it was not observed to be significant at the
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pact decreases across the career, possibly due to finite career
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nancial resources. Many emerging online social network plat-
forms provide recommendation services that attempt to ad-
dress this problem by suggesting potentially advantageous
collaboration matches. These considerations underscore why
it is important to understand the role of local network struc-
tures. Understanding the redundancies in the local network
[24] and the interaction capacity of team members [22] pro-
vides the potential to act on this information and gain a strate-
gic competitive advantage by optimizing group intelligence
[23]. And beyond the performance of the team in the present,
social ties represent social capital investments which can have
important implications on information spreading [16], career
paths, and access to key strategic resources at future times.
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number of scientists in order to gain new insights into the dy-
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is composed of individuals with diverse, yet complementary,
skill sets, spanning time, age-groups, and personalities– a
daunting task, especially when under constraints to optimize
access to valuable facilities, hardware, and software, and fi-
nancial resources. Many emerging online social network plat-
forms provide recommendation services that attempt to ad-
dress this problem by suggesting potentially advantageous
collaboration matches. These considerations underscore why
it is important to understand the role of local network struc-
tures. Understanding the redundancies in the local network
[24] and the interaction capacity of team members [22] pro-
vides the potential to act on this information and gain a strate-
gic competitive advantage by optimizing group intelligence
[23]. And beyond the performance of the team in the present,
social ties represent social capital investments which can have
important implications on information spreading [16], career
paths, and access to key strategic resources at future times.

To this end, we have dissected the career profile of a large
number of scientists in order to gain new insights into the dy-
namical aspects of collaboration, assuming the ‘ego’ perspec-
tive so that a career is the unit of analysis. As such, the col-
laborations, publications, and impact scores fit together into
a temporal framework ideal for pooled, cross-sectional and
longitudinal modeling. We began by considering the unavoid-
ably complex role played time. By way of example, the ar-
rival patterns of new collaborations in A. Geim’s profile (see
Fig. 1) appear to be subject to bursts, and the durations of in-
dividual collaborations appear to span the entire range, from
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aging and cumulative advantage effects, learning and prestige
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range of skill sets. We use ln a
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since the range of values
is rather broad, appearing to be approximately log-normally
distributed in the right tail [7]. The second explanatory vari-
able is the dummy variable R
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which takes the value 1 if p
includes a super tie and the value 0 otherwise. Remarkably,
the percentage of publications including a super tie is rather
close to parity for three of the four datasets: 54% (top biol-
ogy), 45% (top physics), 74% (other biology) and 54% (other
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the time of publication. The fourth variable N

i

(t
p

) is the total
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in the local community who, having published with i, may
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) and S
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we control for two dimensions of cumulative advantage that
could potentially a↵ect a publication’s citation tally.
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using the Huber/White/sandwich method to calculate robust
standard error estimates that account for heteroskedasticity
and within-panel serial correlation in the idiosyncratic error
term ✏

i,p

. We excluded publications with y

p

> 2003, and in
order that the ‘top’ and ‘other’ datasets are well-balanced, we
also excluded the ‘other’ researchers with less than 43 (bio)
and 33 (phys.) publications (observations) as of 2003. Table
1 lists the (standardized) parameter estimates.

We observed �

R

= 0.20 ± 0.02 (p  0.026 level in each
regression) indicating a significant relative citation increase
when a publication is coauthored with at least one super tie.
The standardized �

a

and �

R

coe�cients are roughly equal,
meaning that increasing a

p

from 1 (a solo author publica-
tion) to e ⇡ 3 coauthors produces roughly the same e↵ect
as a change in R

p

from 0 to 1. Thus, while larger team size
correlates with more citations [4], the relative strength of �

R

stresses the importance of ‘who’ in addition to ‘how many’.
Interestingly, the career age parameter �

t

= �0.061±0.004
is negative (significant at the p  0.04 level in each regres-
sion), meaning that researchers’ normalized citation impact
decreases across the career, possibly due to finite career and
knowledge life-cycles. This finding is consistent with a large-
scale analysis of researcher histories within high-impact jour-
nals, which also shows a negative trend in the citation impact
across the career [31]. Neither the reputation (�

N

) nor collab-
oration radius (�

S

) parameters were consistently statistically
significant in explaining z

i,p,y

, likely because they are highly
correlated with t

p

for established researchers. Modifications
to consider in followup analysis are controls for the impact fac-
tor of the journal publishing p, the absolute year y in order to
account for shifts in citation patterns in the post-internet era,
and removing self-citations from super ties. Unfortunately,
this last task requires a substantial increase in data coverage,
far beyond the relatively small amount needed to construct
individual ego-network collaboration profiles.

We develop three additional descriptive methods in the SI
Text to compare the subset of publications with at least one
super-tie to the complementary subset of publications with-
out one. These investigations provide further evidence for the

apostle e↵ect. First, we defined an aggregate career measure,
the productivity premium p

N,i

(see SI Text Eq. [S1]), which
measures the average K

ij

value among the super ties relative
to all the other collaborators. Second, we defined a similar ca-
reer measure, the citation premium p

C,i

(see SI Text Eq. [S5]),
which quantifies the average citation impact attributable to
super ties relative to all the other collaborators.

Independent of dataset, we observed rather substantial
premium values. For example, the productivity premium
has an average value hp

N

i ⇡ 8, meaning that on a per-
collaborator basis, productivity with super ties is roughly 8
times higher than the remaining collaborators. Similarly, the
citation premium p

C,i

is also significantly right-skewed, with
average value hp

C

i ⇡ 14, meaning that net citation impact per
super tie is 14 times larger than the net citation impact from
all other collaborators. We emphasize that p

C,i

appropriately
accounts for team size by using an equal partitioning of cita-
tion credit across the a

p

coauthors, remedying the multiplicity
problem concerning citation credit.

And third, we calculated an additional estimation of the
publication-level citation advantage due to super ties. For
both biology and physics, we found that the publications with
super ties receive roughly 17% more citations than their coun-
terparts. In basic terms, this means that that publications
with super ties have on average 21 more citations in biology
and 8 more citations in physics than the publications without
super ties. This is not a tail e↵ect, because the citation boost
factor ↵

R

= 1.17 applies a multiplicative shift to the entire
citation distribution, P (c̃|R

p

= 1) ⇡ P (↵
R

c̃|R
p

= 0), thereby
impacting publications above and below the average.

Discussion
The characteristic collaboration size in science has been
steadily increasing over the last century [4, 21, 7] with conse-
quences at every level of science, from education and academic
careers to universities and funding bodies [8]. Understanding
how this team-oriented paradigm shift a↵ects the sustainabil-
ity of careers, the e�ciency of the science system, and society’s
capacity to overcome grand challenges, will be of great impor-
tance to a broad range of scientific actors, from scientists to
science policy makers.

Collaborative activities are also fundamental to the ca-
reer growth process, especially in disciplines where research
activities require a division of labor. This is especially true
in biology and physics research, where computational, the-
oretical, and experimental methods provide complementary
approaches to a wide array of problems. As a result, a contem-
porary research group leader is likely to find the assembly of
team – one which is composed of individuals with diverse yet
complementary skill sets – a daunting task, especially when
under constraints to optimize financial resources, valuable fa-
cilities, and other material resources. Online social network
platforms, such as VIVO (http://www.vivoweb.org/) and
Profiles RNS (http://profiles.catalyst.harvard.edu/), which
serve as match-making recommendation systems, have been
developed to facilitate the challenges of team assembly.

Our analysis indicates that 2/3 of the collaborations an-
alyzed here are “weak”. Nevertheless, the remaining strong
ties represent social capital investments that can indeed have
important long-term implications, for example on information
spreading [17], career paths [36], and access to key strategic
resources [37]. In the private sector strong ties facilitate ac-
cess to new growth opportunities, playing an important role
in sustaining the competitiveness of firms and employees [38].
These considerations further identify why it is important for
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1) Positive impact of having more disciples (      > 0) : indicating the benefits of 
having more contributors (towards big endeavor) and also more messengers (of 
the results)

2) Positive citation boost due to super ties  (      > 0) : possibly reflecting the 
promoting power of super ties via self-citation and reputation growth, but also skill 
complementarity

3) Aging effects (      < 0) : indicates a decreasing citation impact with increasing 
career age. A decreasing trend in researchers’ normalized impact is possibly due 
to finite career (staying motivated) and knowledge life-cycles (staying on the crest 
of the knowledge front) and possibly reflects the role of confirmation bias in the 
career growth process (Petersen & Penner EPJ Data Science 2014)

4) Neither prestige nor collaborator radius show a significant effect (       ,       =  0 )

The apostle effect II: long-term citation impact
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All 373 0.251± 0.024 0.205± 0.024 �0.062± 0.004 0.075± 0.066 0.050± 0.072 65513 0.265
p-value 0.000 0.000 0.000 0.256 0.491

Biology (top) 100 0.269± 0.041 0.203± 0.034 �0.033± 0.007 �0.104± 0.106 0.050± 0.114 21398 0.113
p-value 0.000 0.000 0.000 0.327 0.661

Biology (other) 52 0.579± 0.056 0.127± 0.071 �0.037± 0.016 �0.192± 0.103 0.230± 0.106 4303 0.201
p-value 0.000 0.079 0.023 0.069 0.034

Physics (top) 100 0.121± 0.043 0.239± 0.044 �0.072± 0.007 0.277± 0.120 �0.115± 0.137 21819 0.188
p-value 0.006 0.000 0.000 0.022 0.402

Physics (other) 121 0.253± 0.041 0.243± 0.049 �0.061± 0.008 0.073± 0.092 0.016± 0.101 17993 0.187
p-value 0.000 0.000 0.000 0.427 0.874

TABLE II: Parameter estimates for the fixed-effects regression model in Eq. (12) calculated with STATA using robust standard errors
(“vce(robust)”) to implement the Huber/White/sandwich method. Values significant at the p < 0.01 level are indicated in boldface. Only
papers with yp  2002 were analyzed so that the dependent variable zi,p has time to become a robust measure of relative citation impact.
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to quantify the effect of super ties on the long-term citation
impact of individual papers. This fixed-effects model ac-
counts for the unobserved heterogeneity in time-independent
variables related to each researcher profile, assuming that the
systemic citation processes are the same for all researchers.
Furthermore, we use robust standard errors to account for pos-
sible heteroskedasticity or within-panel serial correlation in
the idiosyncratic error term ✏

i,y

. Table II shows the parameter
estimates calculated using the “xtreg , vce(robust) fe” function
in STATA11 for each dataset.

The regression results indicate that the change in R

p

from
0 to 1 provides a significant citation impact boost in the long
term. This ‘apostle effect’ – the value added by a few ex-
tremely strong colleagues who act as messengers and repre-
sentatives for the knowledge contained in p – is quite robust
across each dataset analyzed, except for the Biology (other)
dataset where it was not observed to be significant at the
p = 0.05 level. Remarkably, in the datasets where �

R

was
statistically significant, the magnitude of the effect was com-
parable to effect of increasing a

p

by an exponential factor.
Interestingly, the career age parameter was negative (�

t

<

0) and statistically significant at the p  0.023 level in each
regression, meaning that researchers’ normalized citation im-
pact decreases across the career, possibly due to finite career
and knowledge life-cycles, and possibly the role of confirma-
tion bias in the career growth process. This finding is con-
sistent with a recent analysis of several hundred thousand re-
searcher profiles extracted from high-impact journals which
also shows a negative citation impact trend across the career
[33]. Neither the prestige (�

N

) nor collaboration radius (�
S

)
parameters were statistically significant in explaining z

i,p,y

.

Discussion

The characteristic collaboration size in science has been
steadily increasing over the last century [5, 7, 26] with con-
sequences at every level of science, from education and aca-

demic careers to universities and funding bodies [8]. Un-
derstanding how this team-oriented paradigm shift affects the
sustainability of careers, the efficiency of the science system,
and the rate of novel knowledge production, will be of great
important to a broad range of scientific actors, from scientists
to science policy makers.

Collaborative activities are also fundamental to the career
growth process, especially in disciplines where research ac-
tivities require a division of labor. This is especially true in
biology and physics research, where computational, theoret-
ical, and experimental methods provide complementary ap-
proaches to a wide array of problems. As a result, a research
group leader is likely to find the assembly of team – one which
is composed of individuals with diverse, yet complementary,
skill sets, spanning time, age-groups, and personalities– a
daunting task, especially when under constraints to optimize
access to valuable facilities, hardware, and software, and fi-
nancial resources. Many emerging online social network plat-
forms provide recommendation services that attempt to ad-
dress this problem by suggesting potentially advantageous
collaboration matches. These considerations underscore why
it is important to understand the role of local network struc-
tures. Understanding the redundancies in the local network
[24] and the interaction capacity of team members [22] pro-
vides the potential to act on this information and gain a strate-
gic competitive advantage by optimizing group intelligence
[23]. And beyond the performance of the team in the present,
social ties represent social capital investments which can have
important implications on information spreading [16], career
paths, and access to key strategic resources at future times.

To this end, we have dissected the career profile of a large
number of scientists in order to gain new insights into the dy-
namical aspects of collaboration, assuming the ‘ego’ perspec-
tive so that a career is the unit of analysis. As such, the col-
laborations, publications, and impact scores fit together into
a temporal framework ideal for pooled, cross-sectional and
longitudinal modeling. We began by considering the unavoid-
ably complex role played time. By way of example, the ar-
rival patterns of new collaborations in A. Geim’s profile (see
Fig. 1) appear to be subject to bursts, and the durations of in-
dividual collaborations appear to span the entire range, from
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dress this problem by suggesting potentially advantageous
collaboration matches. These considerations underscore why
it is important to understand the role of local network struc-
tures. Understanding the redundancies in the local network
[24] and the interaction capacity of team members [22] pro-
vides the potential to act on this information and gain a strate-
gic competitive advantage by optimizing group intelligence
[23]. And beyond the performance of the team in the present,
social ties represent social capital investments which can have
important implications on information spreading [16], career
paths, and access to key strategic resources at future times.

To this end, we have dissected the career profile of a large
number of scientists in order to gain new insights into the dy-
namical aspects of collaboration, assuming the ‘ego’ perspec-
tive so that a career is the unit of analysis. As such, the col-
laborations, publications, and impact scores fit together into
a temporal framework ideal for pooled, cross-sectional and
longitudinal modeling. We began by considering the unavoid-
ably complex role played time. By way of example, the ar-
rival patterns of new collaborations in A. Geim’s profile (see
Fig. 1) appear to be subject to bursts, and the durations of in-
dividual collaborations appear to span the entire range, from
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to quantify the effect of super ties on the long-term citation
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counts for the unobserved heterogeneity in time-independent
variables related to each researcher profile, assuming that the
systemic citation processes are the same for all researchers.
Furthermore, we use robust standard errors to account for pos-
sible heteroskedasticity or within-panel serial correlation in
the idiosyncratic error term ✏
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estimates calculated using the “xtreg , vce(robust) fe” function
in STATA11 for each dataset.
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p = 0.05 level. Remarkably, in the datasets where �

R

was
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sequences at every level of science, from education and aca-

demic careers to universities and funding bodies [8]. Un-
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and the rate of novel knowledge production, will be of great
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growth process, especially in disciplines where research ac-
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proaches to a wide array of problems. As a result, a research
group leader is likely to find the assembly of team – one which
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vides the potential to act on this information and gain a strate-
gic competitive advantage by optimizing group intelligence
[23]. And beyond the performance of the team in the present,
social ties represent social capital investments which can have
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paths, and access to key strategic resources at future times.

To this end, we have dissected the career profile of a large
number of scientists in order to gain new insights into the dy-
namical aspects of collaboration, assuming the ‘ego’ perspec-
tive so that a career is the unit of analysis. As such, the col-
laborations, publications, and impact scores fit together into
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to quantify the effect of super ties on the long-term citation
impact of individual papers. This fixed-effects model ac-
counts for the unobserved heterogeneity in time-independent
variables related to each researcher profile, assuming that the
systemic citation processes are the same for all researchers.
Furthermore, we use robust standard errors to account for pos-
sible heteroskedasticity or within-panel serial correlation in
the idiosyncratic error term ✏
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. Table II shows the parameter
estimates calculated using the “xtreg , vce(robust) fe” function
in STATA11 for each dataset.

The regression results indicate that the change in R
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from
0 to 1 provides a significant citation impact boost in the long
term. This ‘apostle effect’ – the value added by a few ex-
tremely strong colleagues who act as messengers and repre-
sentatives for the knowledge contained in p – is quite robust
across each dataset analyzed, except for the Biology (other)
dataset where it was not observed to be significant at the
p = 0.05 level. Remarkably, in the datasets where �
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was
statistically significant, the magnitude of the effect was com-
parable to effect of increasing a
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by an exponential factor.
Interestingly, the career age parameter was negative (�
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0) and statistically significant at the p  0.023 level in each
regression, meaning that researchers’ normalized citation im-
pact decreases across the career, possibly due to finite career
and knowledge life-cycles, and possibly the role of confirma-
tion bias in the career growth process. This finding is con-
sistent with a recent analysis of several hundred thousand re-
searcher profiles extracted from high-impact journals which
also shows a negative citation impact trend across the career
[33]. Neither the prestige (�
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sequences at every level of science, from education and aca-

demic careers to universities and funding bodies [8]. Un-
derstanding how this team-oriented paradigm shift affects the
sustainability of careers, the efficiency of the science system,
and the rate of novel knowledge production, will be of great
important to a broad range of scientific actors, from scientists
to science policy makers.

Collaborative activities are also fundamental to the career
growth process, especially in disciplines where research ac-
tivities require a division of labor. This is especially true in
biology and physics research, where computational, theoret-
ical, and experimental methods provide complementary ap-
proaches to a wide array of problems. As a result, a research
group leader is likely to find the assembly of team – one which
is composed of individuals with diverse, yet complementary,
skill sets, spanning time, age-groups, and personalities– a
daunting task, especially when under constraints to optimize
access to valuable facilities, hardware, and software, and fi-
nancial resources. Many emerging online social network plat-
forms provide recommendation services that attempt to ad-
dress this problem by suggesting potentially advantageous
collaboration matches. These considerations underscore why
it is important to understand the role of local network struc-
tures. Understanding the redundancies in the local network
[24] and the interaction capacity of team members [22] pro-
vides the potential to act on this information and gain a strate-
gic competitive advantage by optimizing group intelligence
[23]. And beyond the performance of the team in the present,
social ties represent social capital investments which can have
important implications on information spreading [16], career
paths, and access to key strategic resources at future times.

To this end, we have dissected the career profile of a large
number of scientists in order to gain new insights into the dy-
namical aspects of collaboration, assuming the ‘ego’ perspec-
tive so that a career is the unit of analysis. As such, the col-
laborations, publications, and impact scores fit together into
a temporal framework ideal for pooled, cross-sectional and
longitudinal modeling. We began by considering the unavoid-
ably complex role played time. By way of example, the ar-
rival patterns of new collaborations in A. Geim’s profile (see
Fig. 1) appear to be subject to bursts, and the durations of in-
dividual collaborations appear to span the entire range, from
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to quantify the effect of super ties on the long-term citation
impact of individual papers. This fixed-effects model ac-
counts for the unobserved heterogeneity in time-independent
variables related to each researcher profile, assuming that the
systemic citation processes are the same for all researchers.
Furthermore, we use robust standard errors to account for pos-
sible heteroskedasticity or within-panel serial correlation in
the idiosyncratic error term ✏

i,y

. Table II shows the parameter
estimates calculated using the “xtreg , vce(robust) fe” function
in STATA11 for each dataset.

The regression results indicate that the change in R

p

from
0 to 1 provides a significant citation impact boost in the long
term. This ‘apostle effect’ – the value added by a few ex-
tremely strong colleagues who act as messengers and repre-
sentatives for the knowledge contained in p – is quite robust
across each dataset analyzed, except for the Biology (other)
dataset where it was not observed to be significant at the
p = 0.05 level. Remarkably, in the datasets where �

R

was
statistically significant, the magnitude of the effect was com-
parable to effect of increasing a
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by an exponential factor.
Interestingly, the career age parameter was negative (�

t

<

0) and statistically significant at the p  0.023 level in each
regression, meaning that researchers’ normalized citation im-
pact decreases across the career, possibly due to finite career
and knowledge life-cycles, and possibly the role of confirma-
tion bias in the career growth process. This finding is con-
sistent with a recent analysis of several hundred thousand re-
searcher profiles extracted from high-impact journals which
also shows a negative citation impact trend across the career
[33]. Neither the prestige (�

N

) nor collaboration radius (�
S

)
parameters were statistically significant in explaining z

i,p,y

.

Discussion

The characteristic collaboration size in science has been
steadily increasing over the last century [5, 7, 26] with con-
sequences at every level of science, from education and aca-

demic careers to universities and funding bodies [8]. Un-
derstanding how this team-oriented paradigm shift affects the
sustainability of careers, the efficiency of the science system,
and the rate of novel knowledge production, will be of great
important to a broad range of scientific actors, from scientists
to science policy makers.

Collaborative activities are also fundamental to the career
growth process, especially in disciplines where research ac-
tivities require a division of labor. This is especially true in
biology and physics research, where computational, theoret-
ical, and experimental methods provide complementary ap-
proaches to a wide array of problems. As a result, a research
group leader is likely to find the assembly of team – one which
is composed of individuals with diverse, yet complementary,
skill sets, spanning time, age-groups, and personalities– a
daunting task, especially when under constraints to optimize
access to valuable facilities, hardware, and software, and fi-
nancial resources. Many emerging online social network plat-
forms provide recommendation services that attempt to ad-
dress this problem by suggesting potentially advantageous
collaboration matches. These considerations underscore why
it is important to understand the role of local network struc-
tures. Understanding the redundancies in the local network
[24] and the interaction capacity of team members [22] pro-
vides the potential to act on this information and gain a strate-
gic competitive advantage by optimizing group intelligence
[23]. And beyond the performance of the team in the present,
social ties represent social capital investments which can have
important implications on information spreading [16], career
paths, and access to key strategic resources at future times.

To this end, we have dissected the career profile of a large
number of scientists in order to gain new insights into the dy-
namical aspects of collaboration, assuming the ‘ego’ perspec-
tive so that a career is the unit of analysis. As such, the col-
laborations, publications, and impact scores fit together into
a temporal framework ideal for pooled, cross-sectional and
longitudinal modeling. We began by considering the unavoid-
ably complex role played time. By way of example, the ar-
rival patterns of new collaborations in A. Geim’s profile (see
Fig. 1) appear to be subject to bursts, and the durations of in-
dividual collaborations appear to span the entire range, from

Table 1. Parameter estimates for the productivity model in Eq. (6) using �t = 1 year long periods, and the citation model in Eq.
(8) using only the publications with y

p

 2003. Each fixed e↵ects model was calculated using robust standard errors, implemented
by the Huber/White/sandwich method. Values significant at the p  0.04 level are indicated in boldface. “Std. coe↵.” represents
the estimates of the standardized (beta) coe�cients.“All” corresponds to the combination of all datasets.

Apostle e↵ect I: productivity model (n
i,t

)

Dataset A ln a
t

L
t

GK

t

⇢
t

t N
obs.

Adj. R2

All 466 0.002± 0.029 � 0.054± 0.008 1.788± 0.134 0.110± 0.013 0.029± 0.002 8483 0.19

(Std. coe↵.) 0.002± 0.033 �0.140± 0.021 0.320± 0.024 0.140± 0.016 0.049± 0.004

p-value 0.943 0.000 0.000 0.000 0.000

Biology (top) 99 �0.123± 0.056 �0.011± 0.018 2.816± 0.270 0.111± 0.026 0.031± 0.003 2202 0.24

p-value 0.031 0.519 0.000 0.000 0.000

Biology (other) 95 �0.061± 0.056 �0.067± 0.025 1.654± 0.287 0.071± 0.023 0.053± 0.006 1467 0.29

p-value 0.275 0.008 0.000 0.003 0.000

Physics (top) 100 �0.146± 0.057 �0.047± 0.015 2.053± 0.287 0.153± 0.025 0.022± 0.004 2056 0.15

p-value 0.012 0.002 0.000 0.000 0.000

Physics (other) 172 0.089± 0.050 �0.065± 0.013 1.495± 0.213 0.101± 0.021 0.026± 0.005 2758 0.15

p-value 0.079 0.000 0.000 0.000 0.000

Apostle e↵ect II: citation model (z
i,p

)

Dataset A ln a
p

R
p

t
p

lnN
i

(t
p

) lnS
i

(t
p

) N
obs.

Adj. R2

All 377 0.263± 0.024 0.202± 0.023 �0.061± 0.004 0.062± 0.066 0.065± 0.072 68589 0.27

(Std. coe↵.) 0.135± 0.012 0.129± 0.015 �0.039± 0.003 0.044± 0.046 0.050± 0.055

p-value 0.000 0.000 0.000 0.347 0.367

Biology (top) 100 0.263± 0.039 0.213± 0.033 �0.029± 0.007 �0.138± 0.102 0.062± 0.112 22135 0.12

p-value 0.000 0.000 0.000 0.177 0.578

Biology (other) 55 0.579± 0.053 0.152± 0.066 �0.031± 0.015 �0.179± 0.095 0.211± 0.094 4801 0.20

p-value 0.000 0.026 0.040 0.065 0.029

Physics (top) 100 0.139± 0.043 0.230± 0.044 �0.070± 0.007 0.277± 0.118 �0.119± 0.135 22673 0.19

p-value 0.002 0.000 0.000 0.021 0.380

Physics (other) 122 0.272± 0.042 0.235± 0.049 �0.060± 0.008 0.082± 0.095 0.017± 0.104 18980 0.19

p-value 0.000 0.000 0.000 0.389 0.870
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So what is the added value measured in terms of citations?

A) Aggregate level B) Career level
We analyzed all the publications from 1990-2000, splitting them into two groups depending on Rp = 0,1

These two methods provide consistent estimates of the citation boost at the publication 
level, μ ≈ αR , corresponding to a 16%-24% citation increase attributable to super ties: 

αR =  

αR =  

of citations, it is di�cult to use these quantities to measure
the citation boost on a per-publication basis. Thus, in order
to estimate the apostle e↵ect on the long-term citations of
individual publications, we separated the set of publications
with at least one super tie coauthor (R

p

= 1) from the comple-
mentary set of publications without any super tie coauthors
(R

p

= 0). To compare p from a similar era, we took all the
publications from the 11-year window 1990-2000. Also, be-
cause citation rates are discipline dependent, we distinguish
between biology and physics publications. During this period,
62% (7814) of the p have R

p

= 1 for biology and 57% (10,128)
of the p have R

p

= 1 for physics. From these well-balanced
subsets, we then estimated the citation impact due to R

p

= 1
in two ways.

First, we calculated the cumulative citation distribution,
P (c̃), for the publications with R

p

= 0, 1. Figure S5(A,B)
show each distribution on log-linear axes, which emphasizes
the log-normal features of P (c̃). On this log-linear scale,
the two distributions are characterized by a horizontal o↵-
set, which is visible for the majority of the c̃

p

values. This
graphical feature indicates that, in distribution, the c̃

p

for
R

p

= 1 are larger by an approximately constant factor ↵

R

,
i.e. P (c̃|R

p

= 1) ⇡ P (↵
R

c̃|R
p

= 0). We estimate c

R=1 by
comparing the means and the median values of the P (c̃) dis-
tributions. For example, the ratio between the means yields
the value ↵

R

= hc̃
p

|R = 1i/hc̃
p

|R = 0i = 1.17 for biology
and 1.16 for physics. Estimating ↵

R

using the ratio of the
median values yields approximately the same value. Thus,
↵

R

represents a 16%-17% citation boost for p with R

p

= 1.
For the average-cited p, this boost translates to a 21 citation
di↵erence for biology and a 8 citation di↵erence for physics.
These numbers, however, arise from an aggregated dataset,
and so it is not necessarily true that ↵

R

is representative of
all scientists.

In order to confirm the per-publication citation premium
at the researcher level, we grouped the publications with
R

p

= 0, 1 within each profile i. In order to reduce the sensi-
tivity to fluctuations, we analyzed only the i with at least 10
publications in the R

p

= 0 subset and at least 10 publications
in the R

p

= 1 subset. Then, in order to obtain a character-
istic citation measure for each the two R

p

= 0, 1 subsets, we
calculated the the median value, c̃

R,i

, for the subset of p with
R

p

= 1, and the median value, c̃!R,i

, for the complementary
publication subset with R

p

= 0.
Figure S5(C,D) shows the scatter plot of c̃!R,i

and c̃

R,i

for each i. The line y = x distinguishes the researchers with
c̃

R,i

> c̃!R,i

. There is notable heterogeneity across the i in
terms of the citation premium from super ties. Nevertheless,
the majority of researchers have c̃

R,i

> c̃!R,i

, with 73% of the
biology researchers and 76% of the physics researchers above
the y = x line. We then obtained a second estimate of the per-
publication citation premium by fitting a least-squares model,
c̃

R,i

= µ c̃!R,i

+ ✏, with normally distributed noise ✏, obtaining
best-fit values µ = 1.21 ± 0.06 (biology) and µ = 1.24 ± 0.09
(physics).

Thus, these last two methods provide consistent estimates
of the citation boost at the publication level, µ ⇡ ↵

R

⇡ cor-
responding to a 16%-24% citation boost, pointing to a signif-
icant long-term citation impact attributable to the presence
of super ties.

Data & Methods
Name disambiguation strategy. We obtained the top-
cited researcher publication data using the “Distinct Author
Sets” function provided by TRWOK in order to increase the

likelihood that only publications actually authored by each
central author i are analyzed. On a case by case basis, we
performed further author disambiguation within each profile.
The matched profiles were also downloaded from TRWOK,
either by using the “distinct author” database option, or by
collecting profile data from ResearcherID.com.

In this latter case of ResearcherID.com profiles, we col-
lected biology and physics profiles by querying the database
for profiles listing any of the following keywords: graphene,
neuroscience, molecular biology, or genomics. For further de-
tails on the selection procedure and for extensive analysis of
the statistical properties of these datasets see the data de-
scriptions in [7, 8, 9].

The data census year Y
i

refers to the year in which the re-
searcher profile data was downloaded. Hence, Y

i

corresponds
to the career year T

i

of profile i if he/she was still active in
Y

i

, or Y

i

� T

i

years after his/her last publication if his/her
career terminated at some time before Y

i

. The datasets are
comprised of profiles with census year Y

i

varying from 2010
to 2012 [8]. We are confident that the small variations in Y

i

do not alter the citation results because all citation measures
are appropriately detrended in order to make possible com-
parisons across time. Moreover, the regression models each
include an author-level fixed-e↵ect parameter �

i,0 which con-
trols for time-invariant properties, thereby absorbing factors
related to the upper career age T

i

and the lag Y

i

� T

i

.
For a given central author i we aggregate the TRWOK

publications and create a registry of surname and first/middle-
initial pairs {Surname, FM} where FM can consist of one,
two, or three alphabetic first-letter character abbreviations
↵, FM ⌘ ↵1↵2↵3. Since the number of distinct coauthors
per i is relatively small, on the order of 10 to 1000 distinct
names per profile, we assume that name disambiguation prob-
lem among the coauthors does not introduce significant levels
of type 1 “splitting” or type 2 “clumping” disambiguation er-
rors. Hence, we perform a string matching on similar last
names and ↵1, ignoring ↵2 and ↵3 so that publications with
variable listing of ↵2 and ↵3 does not result in type 1 “profile
splitting” error. We then aggregate the publication informa-
tion into the profile of coauthor j of central author i. Since
our approach is ego-centric, we do not analyze the publica-
tions of j that do not include i. Clearly, this would require
nearly comprehensive TRWOK publication data, which is a
major data limitation.

Matched profile selection criteria. In order to account
for possible prestige e↵ects, we compared top-cited profiles to
a set of “other” profiles that we matched within each disci-
pline. To match the datasets, we collected “not top-cited”
researcher profiles that had similar levels of career length and
productivity as the top-cited profiles. More specifically, we
introduced a productivity criteria requiring that an “other”
profile must have at least as many publications, N

i

, as all the
researchers in the corresponding top-cited dataset: for biol-
ogy this minimum threshold value is Min(N

i

|top-cited) = 52
and for physics Min(N

i

|top-cited) = 46. Altogether, our ca-
reer dataset comprised 100 top-cited and 93 matched profiles
from biology, and 100 top-cited and 180 matched profiles from
physics.

Throughout our analysis, we introduced various quanti-
ties that summarize the career (career length T

i

, total pub-
lications N

i

, etc.) and collaboration pattern (mean duration
hL

i

i, mean intensity hK
i

i, intensity Gini coe�cient G

i

, etc.)
of any given research profile i. We found that the “top” and
“other” datasets are statistically well-matched with respect to
some variables, using the Kolmogorov-Smirnov test to certify
the null For example, the super-tie coauthor fraction f

R,i

ex-
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2) We run the Monte Carlo (MC) simulation for T ⇤ 100 time periods and all agents are by construction from the
same age cohort (born at same time).

3) Each time period corresponds to the allocation of P ⇤
�I

i=1 n0,i opportunities, sequentially one at a time, to
randomly assigned agents i, where n0,i ⇤ 1 is the potential production capacity of a given individual.

4) The assignment of a given opportunity is proportional to the time-dependent weight (capture rate) wi(t) of each
agent. Hence, the assignment of 1 opportunity to agent i at period t results in the production (achievement)
ni(t) to increase by one unit: ni(t)⌃ ni(t) + 1. In the next time period t + 1, we update the weight wi(t + 1)
to include the performance ni(t) in the current period.

B. Initial Condition

The initial weight at the beginning of the simulation is wi(t = 0) ⇤ nc for each agent i with nc ⇤ 1. The value
nc > 0 ensures that competitors begin with a non-zero production potential, and corresponds to a homogenous system
where all agents begin with the same production capacity. Hence, we do not analyze the more complicated model
wherein external factors (i.e. collaboration factors) can result in a heterogeneous production capacity across scientists.
By construction, each agent begins with one unit of achievement ni(t = 1) ⇤ 1.

C. System Dynamics

1) In each Monte Carlo step we allocate one opportunity to a randomly chosen individual i so that ni(t)⌃ ni(t)+1

2) The individual i is chosen with probability Pi(t) proportional to [wi(t)]�

Pi(t) =
wi(t)�

�I
i=1 wi(t)�

(S16)

where the value wi(t) is given by an exponentially weighted sum over the entire achievement history

wi(t) ⇤
t�1⇥

�t=1

ni(t��t)e�c�t . (S17)

The parameter c ⌅ 0 is a memory parameter which determines how the record of accomplishments in the past
a⇥ect the ability to obtain new opportunities in the current period, and therefore, the future. The limit c = 0
rewards long-term accomplishment by equally weighting the entire history of accomplishments. Conversely, when
c⇧ 1 the value of wi(t) is largely dominated by the performance ni(t�1) in the previous period, corresponding
to increased emphasis on short-term accomplishment in the immediate past. Intermediate values 0 < c < 1
weight more equally the immediate past and the entire history of accomplishment.

3) The exponent � determines how the relative ability to attract opportunities Pi/Pj = [wi(t)/wj(t)]� depends
on the weights wi(t) and wj(t) between two individuals i and j. The linear capture case follows from � = 1,
uniform capture � = 0, super linear capture � > 1, and sub-linear capture � < 1.

4) At the end of each time period, the weight wi(t) is recalculated and used for the entirety of the next MC time
period corresponding to the allocation of the next I ⇥ nc achievement opportunities.

D. Model Results

We simulate this system for a realistic labor force size I = 1000 with the assumption that in any given period,
an individual has the capacity for one unit of production (nc ⇤ 1). We evolve the system for T = 100 periods
corresponding to I⇥nc⇥T Monte Carlo time steps. The timescale T represents the (production) lifetime of individuals
with finite longevity. In this model we do not include exogenous shocks (career hazards) that can result in career
death [16]. Here we analyze four quantities:

1) The distribution P (N) of the total number of opportunities Ni(T ) ⇤
�T

t=1 ni(t) captured by agent i over the
course of the T� period simulation.

Achievement measured by , the number of opportunities 
(ex. publications) captured in time period t

How does competition affect career sustainability? 
An agent-based competition model with cumulative achievement 

appraisal (evaluation)

} Arrival of opportunities 



Appraising prior achievement

c → 0 : appraisal over all lifetime achievements ( ~ tenure system)
c >1 : appraisal over only recent achievements (short-term contract system)

The cohort of I agents compete for a fixed number of opportunities in each period 
over a lifespan of  t = 1... T periods. 

In each period, the capture rate of a given individual i is calculated by an appraisal of 
the achievement history
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FIG. 3: Quantitative relations between career growth, career
risk, and collaboration e⇥ciency. The fluctuations in produc-
tion reflect the unpredictable horizon of “career shocks” which
can a�ect the ability of a scientists to access new creative op-
portunities. (A) Relation between average annual production
⇤ni⌅ and collaboration radius Si � Med[ki] shows a decreasing
marginal output per collaborator as demonstrated by sublin-
ear ⌅ < 1. Interestingly, dataset [A] scientists have on average
a larger output-to-input e⇥ciency. (B) The production fluc-
tuation scale ⇤i(r) is a quantitative measure for uncertainty

in academic careers, with scaling relation ⇤i(r) ⇥ S�/2
i . (C)

Over time, there is an increasing returns evident in the annual
production ni(t) since � > 1. Management, coordination, and
training ine⇥ciencies can result in a ⇥ < 1 corresponding to a
decreasing marginal return with each additional coauthor in-
put. The significantly larger ⇥ value for dataset [A] scientists
seems to suggest that managerial abilities related to output
e⇥ciency is a common attribute of top scientists.

D. A Proportional growth model for scientific
output

We develop a stochastic model as a heuristic tool to
better understand the e⇥ects of long-term versus short-
term contracts. In this competition model, opportunities
(i.e. new scientific publications) are captured according
to a general mechanism whereby the capture rate Pi(t)
depends on the appraisal wi(t) of an individual’s record
of achievement over a prescribed history. We define the
appraisal to be an exponentially weighted average over a
given individual’s history of production

wi(t) ⇥
t�1⇥

�t=1

ni(t��t)e�c�t , (8)

which is characterized by the appraisal horizon 1/c. We
use the value c = 0 to represent a long-term appraisal
(tenure) system and a value c ⇧ 1 to represent a short-
term appraisal system. Each agent i = 1...I simultane-
ously attracts new opportunities at a rate

Pi(t) =
wi(t)�

�I
i=1 wi(t)�

. (9)

until all P opportunities for a given period t are allo-
cated. We assume that each agent has the production
potential of one unit per period, and so the total number
of opportunities allocated per period P is equal to the
number of competing agents, P ⇥ I.

We use Monte Carlo (MC) simulation to analyze this
2-parameter model over the course of t = 1...T sequen-
tial periods. In each production period (representing a
timescale on the order of half a human year), a fixed
number of P production units are captured by the com-
peting agents. At the end of each period, we update each
wi(t) and then proceed to simulate the next preferential
capture period t + 1. Since Pi(t) depends on the relative
achievements of every agent, the relative competitive ad-
vantage of one individual over another is determined by
the parameter ⇤. In the SI Appendix text we elaborate
in more detail the results of our simulation of synthetic
careers dynamics. We vary ⇤ and c for a labor force of
size I ⇥ 1000 and maximum lifetime T ⇥ 100 periods as
a representative size and duration of a real labor cohort.
Our results are general, and for su⇤ciently large system
size, the qualitative features of the results do not depend
significantly on the choice of I or T .

The case with ⇤ = 0 corresponds to a random capture
model that has (i) no appraisal and (ii) no preferential
capture. Hence, in this null model, opportunities are cap-
tured at a Poisson rate ⇥p = 1 per period. The results
of this model (see Fig. S13) shows that almost all ca-
reers obtain the maximum career length T with a typical
career trajectory exponent ⌥�i� ⌅ 1. Comparing to sim-
ulations with ⇤ > 0 and c ⇤ 0, the null model is similar
to a “long-term” appraisal system (c ⌃ 0) with sublin-
ear preferential capture (⇤ < 1). In such systems, the
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2) We run the Monte Carlo (MC) simulation for T ⇤ 100 time periods and all agents are by construction from the
same age cohort (born at same time).

3) Each time period corresponds to the allocation of P ⇤
�I

i=1 n0,i opportunities, sequentially one at a time, to
randomly assigned agents i, where n0,i ⇤ 1 is the potential production capacity of a given individual.

4) The assignment of a given opportunity is proportional to the time-dependent weight (capture rate) wi(t) of each
agent. Hence, the assignment of 1 opportunity to agent i at period t results in the production (achievement)
ni(t) to increase by one unit: ni(t)⌃ ni(t) + 1. In the next time period t + 1, we update the weight wi(t + 1)
to include the performance ni(t) in the current period.

B. Initial Condition

The initial weight at the beginning of the simulation is wi(t = 0) ⇤ nc for each agent i with nc ⇤ 1. The value
nc > 0 ensures that competitors begin with a non-zero production potential, and corresponds to a homogenous system
where all agents begin with the same production capacity. Hence, we do not analyze the more complicated model
wherein external factors (i.e. collaboration factors) can result in a heterogeneous production capacity across scientists.
By construction, each agent begins with one unit of achievement ni(t = 1) ⇤ 1.

C. System Dynamics

1) In each Monte Carlo step we allocate one opportunity to a randomly chosen individual i so that ni(t)⌃ ni(t)+1

2) The individual i is chosen with probability Pi(t) proportional to [wi(t)]�

Pi(t) =
wi(t)�

�I
i=1 wi(t)�

(S16)

where the value wi(t) is given by an exponentially weighted sum over the entire achievement history

wi(t) ⇤
t�1⇥

�t=1

ni(t��t)e�c�t . (S17)

The parameter c ⌅ 0 is a memory parameter which determines how the record of accomplishments in the past
a⇥ect the ability to obtain new opportunities in the current period, and therefore, the future. The limit c = 0
rewards long-term accomplishment by equally weighting the entire history of accomplishments. Conversely, when
c⇧ 1 the value of wi(t) is largely dominated by the performance ni(t�1) in the previous period, corresponding
to increased emphasis on short-term accomplishment in the immediate past. Intermediate values 0 < c < 1
weight more equally the immediate past and the entire history of accomplishment.

3) The exponent � determines how the relative ability to attract opportunities Pi/Pj = [wi(t)/wj(t)]� depends
on the weights wi(t) and wj(t) between two individuals i and j. The linear capture case follows from � = 1,
uniform capture � = 0, super linear capture � > 1, and sub-linear capture � < 1.

4) At the end of each time period, the weight wi(t) is recalculated and used for the entirety of the next MC time
period corresponding to the allocation of the next I ⇥ nc achievement opportunities.

D. Model Results

We simulate this system for a realistic labor force size I = 1000 with the assumption that in any given period,
an individual has the capacity for one unit of production (nc ⇤ 1). We evolve the system for T = 100 periods
corresponding to I⇥nc⇥T Monte Carlo time steps. The timescale T represents the (production) lifetime of individuals
with finite longevity. In this model we do not include exogenous shocks (career hazards) that can result in career
death [16]. Here we analyze four quantities:

1) The distribution P (N) of the total number of opportunities Ni(T ) ⇤
�T

t=1 ni(t) captured by agent i over the
course of the T� period simulation.

Achievement measured by , the number of opportunities captured  

in time period t

exponential 
discount factor

{capture rate ∝

Appraisal 
timescale 1/c



Crowding out by “kingpins”

before reaching age 0.01T, and 25% of the labor population dies
before reaching age 0.02T (see SI Appendix: Table S1). Hence,
in model short contract systems, the longevity, output, and impact
of careers are largely determined by fluctuations and not by per-
sistence.

Fig. 4 shows the MC results for π ¼ 1. For c ≥ 1 we observe a
drastic shift in the career longevity distribution PðLÞ, which
becomes heavily right-skewed with most careers terminating ex-
tremely early. This observation is consistent with the predictions
of an analytically solvable Matthew effect model (16) which de-
monstrates that many careers have difficulty making forward pro-
gress due to the relative disadvantage associated with early career
inexperience. However, due to the nature of zero-sum competi-
tion, there are a few “big winners” who survive for the entire
duration T and who acquire a majority of the opportunities al-
located during the evolution of the system. Quantitatively, the
distribution PðNÞ becomes extremely heavy-tailed due to agents
with α > 2 corresponding to extreme accelerating career growth.
Despite the fact that all the agents are endowed initially with the
same production potential, some agents emerge as superstars
following stochastic fluctuations at relatively early stages of the
career, thus reaping the full benefits of cumulative advantage.

Discussion
An ongoing debate involving academics, university administra-
tion, and educational policy makers concerns the definition
of professorship and the case for lifetime tenure, as changes
in the economics of university growth have now placed tenure

under the review process (3, 6). Critics of tenure argue that te-
nure places too much financial risk burden on the modern com-
petitive research university and diminishes the ability to adapt to
shifting economic, employment, and scientific markets. To ad-
dress these changes, universities and other research institutes
have shifted away from tenure at all levels of academia in the last
thirty years towards meeting staff needs with short-term and non-
tenure track positions (3).

For knowledge intensive domains, production is characterized
by long-term spillovers both through time and through the knowl-
edge network of associated ideas and agents. A potential draw-
back of professions designed around short-term contracts is that
there is an implicit expectation of sustained annual production
that effectively discounts the cumulative achievements of the in-
dividual. Consequently, there is a possibility that short-term con-
tracts may reduce the incentives for a young scientist to invest in
human and social capital accumulation. Moreover, we highlight
the importance of an employment relationship that is able to
combine positive competitive pressure with adequate safeguards
to protect against career hazards and endogenous production un-
certainty an individual is likely to encounter in his/her career.

In an attempt to render a more objective review process
for tenure and other lifetime achievement awards, quantitative
measures for scientific publication impact are increasing in use
and variety (17–20, 24, 27, 46, 47). However, many quantifiable
benchmarks such as the h-index (17) do not take into account
collaboration size or discipline specific factors. Measures for
the comparison of scientific achievement should at least account

1,000 2,000

2,000 4,000 6,000 8,000 10,000 12,000

3,000 4,000 5,000

Fig. 4. MC simulation of the linear preferential capture model (π ¼ 1) for varying contract length parametrized by c. We plot the probability distributions for
(i) Ni , the total number of opportunities captured by the end period T , (ii) the growth acceleration exponent αi , (iii) the single period growth fluctuation riðtÞ
including for comparison the Laplace (solid green) and Gaussian (dashed red) best-fit distributions calculated using the respective MLE estimator, and (iv) the
career longevity Li defined as the time difference between an agent’s first and last captured opportunity. Results for c → 0 systems shows that for a “long-term
appraisal” scenario careers are less vulnerable to low-production phases, and as a result, most agents sustain production throughout the career. Conversely,
results for c ≥ 1 systems show that for a “short-term appraisal” scenario the labor system is driven by fluctuations that can cause career “sudden death” for a
large fraction of the population. In this short-term appraisal model, there are typically a small number of agents who are able to capture the majority of the
production opportunities with remarkably accelerating career growth reflected by significantly large αi ≥ 1. Thus, a few “lucky” agents are able to survive the
initial fluctuations and end up dominating the system. In SI Appendix: and Figs. S12–S16, we further show that systems with increased levels of competition
(π > 1) mimic systems with short-term contracts, resulting in productivity “death traps” whereby most careers stagnate and terminate early.
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before reaching age 0.01T, and 25% of the labor population dies
before reaching age 0.02T (see SI Appendix: Table S1). Hence,
in model short contract systems, the longevity, output, and impact
of careers are largely determined by fluctuations and not by per-
sistence.

Fig. 4 shows the MC results for π ¼ 1. For c ≥ 1 we observe a
drastic shift in the career longevity distribution PðLÞ, which
becomes heavily right-skewed with most careers terminating ex-
tremely early. This observation is consistent with the predictions
of an analytically solvable Matthew effect model (16) which de-
monstrates that many careers have difficulty making forward pro-
gress due to the relative disadvantage associated with early career
inexperience. However, due to the nature of zero-sum competi-
tion, there are a few “big winners” who survive for the entire
duration T and who acquire a majority of the opportunities al-
located during the evolution of the system. Quantitatively, the
distribution PðNÞ becomes extremely heavy-tailed due to agents
with α > 2 corresponding to extreme accelerating career growth.
Despite the fact that all the agents are endowed initially with the
same production potential, some agents emerge as superstars
following stochastic fluctuations at relatively early stages of the
career, thus reaping the full benefits of cumulative advantage.

Discussion
An ongoing debate involving academics, university administra-
tion, and educational policy makers concerns the definition
of professorship and the case for lifetime tenure, as changes
in the economics of university growth have now placed tenure

under the review process (3, 6). Critics of tenure argue that te-
nure places too much financial risk burden on the modern com-
petitive research university and diminishes the ability to adapt to
shifting economic, employment, and scientific markets. To ad-
dress these changes, universities and other research institutes
have shifted away from tenure at all levels of academia in the last
thirty years towards meeting staff needs with short-term and non-
tenure track positions (3).

For knowledge intensive domains, production is characterized
by long-term spillovers both through time and through the knowl-
edge network of associated ideas and agents. A potential draw-
back of professions designed around short-term contracts is that
there is an implicit expectation of sustained annual production
that effectively discounts the cumulative achievements of the in-
dividual. Consequently, there is a possibility that short-term con-
tracts may reduce the incentives for a young scientist to invest in
human and social capital accumulation. Moreover, we highlight
the importance of an employment relationship that is able to
combine positive competitive pressure with adequate safeguards
to protect against career hazards and endogenous production un-
certainty an individual is likely to encounter in his/her career.

In an attempt to render a more objective review process
for tenure and other lifetime achievement awards, quantitative
measures for scientific publication impact are increasing in use
and variety (17–20, 24, 27, 46, 47). However, many quantifiable
benchmarks such as the h-index (17) do not take into account
collaboration size or discipline specific factors. Measures for
the comparison of scientific achievement should at least account
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Fig. 4. MC simulation of the linear preferential capture model (π ¼ 1) for varying contract length parametrized by c. We plot the probability distributions for
(i) Ni , the total number of opportunities captured by the end period T , (ii) the growth acceleration exponent αi , (iii) the single period growth fluctuation riðtÞ
including for comparison the Laplace (solid green) and Gaussian (dashed red) best-fit distributions calculated using the respective MLE estimator, and (iv) the
career longevity Li defined as the time difference between an agent’s first and last captured opportunity. Results for c → 0 systems shows that for a “long-term
appraisal” scenario careers are less vulnerable to low-production phases, and as a result, most agents sustain production throughout the career. Conversely,
results for c ≥ 1 systems show that for a “short-term appraisal” scenario the labor system is driven by fluctuations that can cause career “sudden death” for a
large fraction of the population. In this short-term appraisal model, there are typically a small number of agents who are able to capture the majority of the
production opportunities with remarkably accelerating career growth reflected by significantly large αi ≥ 1. Thus, a few “lucky” agents are able to survive the
initial fluctuations and end up dominating the system. In SI Appendix: and Figs. S12–S16, we further show that systems with increased levels of competition
(π > 1) mimic systems with short-term contracts, resulting in productivity “death traps” whereby most careers stagnate and terminate early.
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Our theoretical model suggests that

short-term appraisal systems: 

* can amplify the effects of competition and uncertainty 
making careers more vulnerable to early termination, not 
necessarily due to lack of individual talent and persistence, 
but because of random negative production shocks.

* effectively discount the cumulative achievements of the 
individual.

* may reduce the incentives for a young scientist to invest in 
human and social capital accumulation. 
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c = 0.1 (~ long term appraisal)

Q: Is there an optimal appraisal (contract) length?
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for production spillovers in the 5–8% decrease in output
by scientists who were close collaborators with a “super-
star” scientists who died suddenly [28].

We now formalize the quantitative link between scien-
tific collaboration [38, 39] and career growth given by the
size-variance scaling relation in Eq. [5] visualized in the
scatter plot in Fig. 3(B). Using ordinary least squares
(OLS) regression of the data on log-log scale, we cal-
culate ⌃/2 ⌃ 0.40 ± 0.03 (R = 0.77) for dataset [A],
⌃/2 ⌃ 0.22± 0.04 (R = 0.51) [B], and ⌃/2 ⌃ 0.26± 0.05
(R = 0.45) [C]. Interdependent tasks characteristic of
group collaborations typically involve partially overlap-
ping e⇥orts. Hence, the empirical ⌃ values are signifi-
cantly less than the value ⌃ = 1 that one would expect
from the sum of Si independent random variables with
approximately equal variance V . Collectively, these em-
pirical evidences serve as coherent motivations for the the
preferential capture growth model that we propose in the
following section.

Alternatively, it is also possible to estimate ⌃ using
the relation between the average annual production ↵ni�
and the collaboration radius Si. The input-output re-
lation ↵ni� ⇧ S⇤

i quantifies the collaboration e⇧ciency,
with ⌃ = 0.74 ± 0.04 (R = 0.87) for dataset [A] and
⌃ = 0.25±0.04 (R = 0.37) for dataset [B]. If the autocor-
relation between sequential production values ni(t) and
ni(t + 1) is relatively small, then we expect the scaling
exponents calculated for ↵ni� and ⇧2

i (r) to be approxi-
mately equal. This result follows from considering ri(t)
as the convolution of an underlying production distribu-
tion Pi(n) for each scientist that is approximately stable.
Interestingly, the larger ⌃ values calculated for dataset
[A] scientists suggests that prestige is related to the in-
creasing returns in the scientific production function [45].

Next we use an alternative method to estimate the
annual collaboration e⇧ciency by relating the number
of publications ni(t) in a given year to the number of
distinct coauthors ki(t) over the same year. We use a
single-factor production function,

ni(t) ⌃ qi[ki(t)]�i , (7)

to quantify the relation between output and labor in-
puts with a scaling exponent ⇥i. We estimate qi and
⇥i for each author using OLS regression, and define the
normalized output measure Qi  ni(t)/ki(t)�i using the
best-fit qi and ⇥i values calculated for each scientist i.
Fig. 3(C) shows the e⇧ciency parameter ⇥ calculated
by aggregating all careers in each dataset, and indicates
that this aggregate ⇥ is approximately equal to the av-
erage ↵⇥i� calculated from the ⇥i values in each career
dataset: ⇥ = 0.68 ± 0.01 [A], ⇥ = 0.52 ± 0.01 [B], and
⇥ = 0.51± 0.02 [C]. Furthermore, the ⌃ and ⇥ values are
approximately equal, which is not surprising, since both
scaling exponents are e⇧ciency measures that relate the
scaling relation of output ni(t) per input ki(t).

D. A Proportional growth model for scientific
output

We develop a stochastic model as a heuristic tool to
better understand the e⇥ects of long-term versus short-
term contracts. In this competition model, opportunities
(i.e. new scientific publications) are captured according
to a general mechanism whereby the capture rate Pi(t)
depends on the appraisal wi(t) of an individual’s record
of achievement over a prescribed history. We define the
appraisal to be an exponentially weighted average over a
given individual’s history of production

wi(t) ⇤
t�1⇥

�t=1

ni(t��t)e�c�t , (8)

which is characterized by the appraisal horizon 1/c. We
use the value c = 0 to represent a long-term appraisal
(tenure) system and a value c ⌥ 1 to represent a short-
term appraisal system. Each agent i = 1...I simultane-
ously attracts new opportunities at a rate

Pi(t) =
wi(t)⇥

�I
i=1 wi(t)⇥

. (9)

until all P opportunities for a given period t are cap-
tured. We assume that each agent has the production
potential of one unit per period, and so the total number
of opportunities distributed per period P is equal to the
number of competing agents, P ⇤ I.

We use Monte Carlo (MC) simulation to analyze this
2-parameter model over the course of t = 1...T sequential
periods. In each production period (i.e. representing a
characteristic time to publication), a fixed number of P
production units are captured by the competing agents.
At the end of each period, we update each wi(t) and then
proceed to simulate the next preferential capture period
t+1. Since Pi(t) depends on the relative achievements of
every agent, the relative competitive advantage of one in-
dividual over another is determined by the parameter ⌅.
In the SI Appendix text we elaborate in more detail the
results of our simulation of synthetic careers dynamics.
We vary ⌅ and c for a labor force of size I ⇤ 1000 and
maximum lifetime T ⇤ 100 periods as a representative
size and duration of a real labor cohort. Our results are
general, and for su⇧ciently large system size, the quali-
tative features of the results do not depend significantly
on the choice of I or T .

The case with ⌅ = 0 corresponds to a random capture
model that has (i) no appraisal and (ii) no preferential
capture. Hence, in this null model, opportunities are
captured at a Poisson rate ⇤p = 1 per period. The results
of this model (see Fig. S13) shows that almost all careers
obtain the maximum career length T with a typical career
trajectory exponent ↵�i� ⌃ 1. Comparing to simulations
with ⌅ > 0 and c ⌅ 0, the null model is similar to a
“long-term” appraisal system (c � 0) with sub-linear
preferential capture (⌅ < 1). In such systems, the long-
term appraisal timescale averages out fluctuations, and

 non-linear 
preferential 

capture model

Hazard rate H(L)=-d/dL [ln P(L)]: 
conditional probability that failure will 
occur at time (L + δL) given that 
termination has not yet occurred at 
time L

H(L) ≈ 0

hazard rate is not dependent on

career position!



Closing thoughts:
Science is a challenging but fascinating system to analyze using data-driven methods: lots of open data, 
various levels of aggregation, and paradigm shifts offer many natural experiments. It also goes without saying 
that the science of science is highly relevant: formally — Science of Science policy, and informally —  “the 
hunter becomes the hunted” — informing young scientists on the paths to success in science

Quantitative insights into social/institutional processes underlying science: competition, reputation, team 
formation, productivity spillovers, career uncertainty, social & economic impact, peer review, etc.

Reputation: Nuances in the interpretation of citation rates. On the one hand, we show there is a significant 
boost in the early phase of the citation lifecycle due to reputation. Nevertheless, it is not strong enough to 
explain the phenomena of extremely highly-cited publications, nor should a single publication represent the 
accomplishments of a career. Reputation offers a strategic incentive to work with established researchers.

Super ties (often career partners): A scientist will encounter many potential collaborators throughout the 
career. As such, the choice to start or terminate a collaboration can also be an important strategic 
consideration with long- term implications. The formation of super ties can benefit a career, which can gain a 
competitive advantage from collective experience, skill complementarity, effective collocation (larger formal 
and informal social network), moral support, reputation spillovers, cost-risk-profit sharing, etc. We measure 
the significance of these super ties using an ego-centric perspective which quantifies the added-value of 
super ties on productivity and citations.

Policy recommendations: One particularly relevant scenario is in career award and tenure evaluations, 
where it is a common practice to consider “independence from one’s thesis advisor” as a selection criteria. We 
show that in order to assess a researcher’s independence, evaluation committees should also take into 
consideration the level of publication overlap between a researcher and his/her strongest collaborator(s) and 
the citation impact attributable to working with highly cited scientists due to the reputation effect. Yet at the 
same time, the beneficial role of super ties should also be acknowledged and supported. For example, 
funding programs might consider career awards that are specifically multipolar, aimed at life partners (possibly 
real ones). Policies on credit sharing should make sure to avoid penalizing the incentives to collaborate.
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Title: The computational social science of academic career growth

Abstract: Quantitative measures are becoming increasingly prevalent at all scales of scientific 
evaluation, from countries, to universities, departments, laboratories, and individuals. In the first part of 
this talk I will share our recent work on the reputation effect in science based upon an analysis of 
comprehensive career data for several hundred leading scientists from biology, mathematics, and 
physics. Reputation is an important social construct in science, which enables informed quality 
assessments of both publications and careers of scientists in the absence of complete systemic 
information. However, the relation between reputation and career growth of an individual remains 
poorly understood, despite recent proliferation of quantitative research evaluation methods. I will 
discuss an original framework for measuring how a publication’s citation rate depends on the reputation 
of its central author. We find that a new publication may gain a significant early advantage 
corresponding to roughly a 66% increase in the citation rate for each tenfold increase in author 
reputation. I will conclude with recent evidence on how cumulative advantage underlies trends in 
waiting times and citation patterns of individual researchers within high-impact “arenas”. In the second 
part of the talk I will discuss new results on the role of tie strength in egocentric collaboration networks. 
This study is motivated by the fact that a scientist will encounter many potential collaborators 
throughout the career. As such, the choice to start or terminate a collaboration can be an important 
strategic consideration with long- term implications. While previous studies have focused primarily on 
aggregate cross-sectional patterns of collaboration, here we analyze the ’egocentric’ patterns of 
collaboration along individual careers, focusing on tie-formation dynamics characterized by a complex 
dichotomy of burstiness and persistence. We develop a framework for quantifying collaborative tie 
strength, revealing a new class of ‘super tie’, the analog of a research life partner. Accounting for author-
specific features, we measure a significant positive impact of super ties on a researcher’s productivity 
and citations – the ‘apostle effect’ – representing the advantage of extremely tight social ties 
characterized by trust, conviction, and commitment.


