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ABSTRACT

Studying 5.6 million biomedical science articles published over three
decades, we reconcile conflicts in a long-standing interdisciplinary literature
on scientists’ life-cycle productivity by controlling for selective attrition and
distinguishing between research quantity and quality. While research quality
declines monotonically over the career, this decline is easily overlooked
because higher “ability” authors have longer publishing careers. Our results
have implications for broader questions of human capital accumulation over
the career and federal research policies that shift funding to early-career
researchers—while funding researchers at their most creative, these policies
must be undertaken carefully because young researchers are less “able” on
average.
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I. Introduction

The scientific workforce is aging (Blau and Weinberg 2017), and an
ever-increasing share of resources are being devoted to older researchers. At theNational
Institutes of Health (NIH), the largest science funder, the share of senior investigators
aged 56 or older has nearly doubled in the past 16 years. There are now nearly twice as
many senior researchers funded by the NIH as the number of early-career investigators,
that is, those aged 40 and younger. The share of older investigators is projected to
exceed mid-career investigators, those aged between 41 and 55 years, in the next few
years (Charette et al. 2016).1 Even in the face of a wide range of pressing scientific and
medical challenges, former NIH director Elias Zerhouni identified the aging of sci-
entists as “the number-one issue in American science” (Kaiser 2008a). Concerns about
the aging of the scientific workforce have prompted a series of policies to redirect
resources from older to younger researchers. Key to the success of a policy that reallocates
funding across researchers of different ages is an evidence-based understanding of
how innovativeness varies over the career.
Unfortunately, despite nearly 150 years of research (for example, Beard 1874; Leh-

man 1953), no consensus has emerged on the relationship between age/experience and
innovativeness. Consequently, there is no strong empirical foundation to inform science
policy decisions on the allocation of resources across the age distribution of scientists.
For example, psychologists and sociologists have largely focused on the lives of great
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1. Moreover, the average age for the first-time recipient of an independent NIH grant rose to 42 in 2007 from
37 in 1980 (Kaiser 2008b). Over roughly the same period, the average age among all NIH PIs increased to 49
from 39 (White, Rush, and Schaffer 2009) and the average age of new professors hired in medical schools
increased to 37.5–40 from 34–36 years old, depending on the degree (Gingras et al. 2008).
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innovators, such as Darwin, Newton, and Einstein. Based on these prominent examples,
they theorize and find empirical evidence supporting the idea that innovation declines
over the career (for example, Zuckerman and Merton 1973; Simonton 1997).2 In con-
trast, economists generally subscribe to the logic of human capital models (for exam-
ple, Becker 1975), which emphasize a concave relationship between experience and
innovation. Empirical support for this relationship can be found in Levin and Stephan
(1991), as well as work by Cole (1979); Falagas, Ierodiakonou, and Alexiou (2008);
Horner, Rushton, and Vernon (1986); Costas, van Leeuwen, and Bordons (2010); and
Kyvik and Olsen (2008). A third view, with prominent contributions from physicists,
suggests that the probability of important contributions does not change over the career
(for example, Sinatra et al. 2016; Simonton 1997).3 Finally, a few researchers point to a
“swansong” effect, where scientific output increases shortly before the end of the career
(Lehman 1953; Davis 1954; Haefele 1962).4 The contradictory findings in this sizeable
interdisciplinary literature can largely be attributed to conceptual differences across
fields, empirical methodologies of varying rigor, and the use of selected subsamples of
particular scientists.
We use a data set covering nearly the universe of biomedical publications over a 30-

year period from 1980 to 2009. These data include detailed information on the authors,
citations, references, and text. Using this approximate population-level data set, we
simultaneously combine three conceptual and empirical advances that, together, con-
stitute a sharp departure from previous work and also reconcile the existing literature’s
inconsistent findings.
First, we leverage the longitudinal structure of our data to comparemodels that control

for time-invariant researcher differences to those that do not, leading us to conclude that
the vast majority of existing empirical work confounds the effect of aging with com-
positional changes in the quality of scientists over the career, that is, selective attrition.
Indeed, we find that selective attrition, whereby the most innovative researchers tend to
have longer careers, plays a decisive role in mediating the shape of scientists’ life-cycle
productivity profiles and explains much of the discrepancy in the prior literature. This
finding helps explain why, for instance, studies using Nobel Laureates (for example,
Weinberg and Galenson 2019) and other eminent researchers (often conducted by
psychologists), for whom attrition is relatively small, tend to find earlier peak ages than
studies using broader cross-sections of the population of scientists.

2. Supporting the psychologist’s perspective, a number of explanations have been offered for a decline in
scientific productivity over the life cycle, including declining cognitive ability (Verhaeghen and Salthouse
1997), the depletion of a fixed set of ideas (Simonton 1997), and competition with later generations of scholars
who have access to better methods, tools, and theoretical training than earlier generations (Kyvik 1990). Other
studies that have shown publication rates declining with age include Diamond (1984) and Levin and Stephan
(1989). Interestingwork in progress integrates themore economic and psychological views, focusing on human
capital and fluid versus crystalized intelligence (Kaltenberg, Jaffe, and Lachman 2021).
3. Looking retrospectively at careers of physicists with publication careers of at least 20 years, with at least ten
publications, and at least one paper every five years, Sinatra et al. (2016) found that a scientist’s top article, their
highest-impact work as defined by the number of citations received, could appear at any time during their
career. They found the same random pattern for other subsamples of physicists, as well as for samples of chem-
ists, cognitive psychologists, ecologists, economists, and neuroscientists.
4. Additionally, other age–productivity profiles have been reported. Gingras et al. (2008) and Over (1982)
report publication rates increasing with age, and Feist (2006) finds a cubic relationship between productivity
and age.
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Second, we make a conceptual distinction between the quantity and quality of sci-
entific output. We find that the estimated life-cycle productivity curve varies dramati-
cally in shape depending on which type of measure is used, and thus we conclude that
distinguishing between quantity and quality is essential for understanding how inno-
vativeness varies over the life cycle. We operationalize the conceptual difference be-
tween quantity and quality by using publications, text, and citations to construct a wide
range of metrics that richly characterize both the inputs and outputs of the scientific
research process. Previous work has rarely used measures of scientific productivity that
extend beyond publication counts (perhapsweighted by somemeasure of journal quality)
or citation counts. However, scientific impact is a multidimensional construct (Bollen
et al. 2009; Cronin and Sugimoto 2014, 2015), so we go beyond publication and citation
counts by constructing additional metrics that capture the breadth of an article’s impact
(based on the range of fields that cite it), whether the article is employing the best and
latest ideas, citing the best and latest research, and whether the article is drawing from
multiple disciplines.5

Our third main contribution is to control for changes in a researcher’s role in the
laboratory over the life cycle. As in many scientific fields, biomedical research is in-
creasingly performed by large teams (Wuchty, Jones, and Uzzi 2007), where different
members play dramatically different roles and where a single member’s role typically
evolves with experience. In published biomedical research, the order in which authors
are listed sheds light on these roles. The last author, who is generally older, is typically the
principal investigator (PI) on a project and provides intellectual direction and resources
for the team. In contrast, the first author tends to be the scientist in the last author’s
laboratory who designs and implements the research strategy, analyzes the data, and
writes the manuscript, but under the last author’s supervision. The first author is often
young, either a graduate student or postdoctoral researcher. Successful researchers
“graduate” from first to last author (Costas and Bordons 2011; Gingras et al. 2008;
Marschke et al. 2018). The middle authors usually play much smaller roles in the
research. Taking advantage of these uniform standards in biomedicinewith respect to the
ordering of author names, we construct measures that allow us to control for the role
played by scientists in the laboratory as they mature. This allows us to disentangle the
effects on productivity of role changes as a scientist ages from the effects of aging per
se. For instance (and as we argue below), as a scientist ages, the quality of their coauthors
may decline as theymove fromworkingwithmostly (relatively) high-qualitymentors as a
young scientist tomostly (relatively) low-qualitymentees as amore experienced scientist.
This role-changing dynamic may be especially important for scientists who enjoy long,
successful research careers. The richness of our data compared to other empirical work in

5. These input quality measures reflect the quality of the scientist’s human capital and overlap with measures
described in Staudt et al. (2018) that are designed to identify transformative science. Other recent work has
sought to extract more information from citation records than is afforded by simple citation counts (for example,
Wang, Song, and Barabasi 2013; Hutchins et al. 2016). Some of this work has been focused specifically on new
citation-based metrics of novelty. Acemoglu, Akcigit, and Celik (2015) used a range of rich characterizations of
citations to identify the most innovative work. Wang, Veugelers, and Stephan (2017) identified novel research
from unique combinations of citations. Funk and Owen-Smith (2016) used shifts in citation patterns to identify
work that consolidates or destabilizes existing technologies. Foster, Shi, and Evans (2021) reviewed approaches
to identifying novelty and developed a unifying simulation approach. Packalen and Bhattacharya (2019) used
the use of important new concepts measured using text analysis.
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this literature allows us to estimate a series of high-dimensional fixed-effect models that
include author-by-position controls.6 Thus, relative to the existing literature, we are
able to better identify the pure effect of age on scientific output because these models
allow us to simultaneously control for role changes and selective attrition.
No previous work has simultaneously accounted for selective attrition, the quantity–

quality distinction, and the changing role of scientists over the life cycle. The papermost
closely related to our work, and the only other to account for selective attrition, is Levin
and Stephan (1991). However, their work focuses exclusively on the quantity of sci-
entific output, and they are unable to control for systematic changes in the role that
scientists play in the laboratory. Given our findings (discussed below) that selective
attrition has a much greater effect on the life-cycle pattern of quality than quantity and
that accounting for role changes is important for isolating age/experience effects, our
empirical framework marks an important advancement.7

In addition to our empirical contributions, we make a novel conceptual contribution
through a formal overlapping generations model that illustrates how selection and
changing lab roles can differentially impact the quantity and quality of work over the
life cycle. In the model, young researchers are a mix of high and low ability, but only
the high-ability researchers continue to publish when old, illustrating the importance
of selection. Young researchers workwith a single (high-ability) older researcher, but
older researchers supervise a cadre of (mixed high- and low-ability) young researchers,
illustrating the changing roles played over the life cycle. Finally, wework out the different
implications of the model for the quantity and quality of research output. This theoretical
contribution is particularly relevant for science policymakers, who are charged with
making difficult funding decisions in an increasingly resource-constrained world.
Our empirical results suggest that, when we do not control for unobserved individ-

ual ability (selective attrition), the quality of scientific output (as measured by citation
counts) has an inverted-U shape over the life cycle. In contrast, controlling for unob-
served individual ability with author-by-position fixed effects produces estimates show-
ing that the average quality of articles declines substantially and uniformly over the life
cycle. Relative to the oldest first and last authors, articles written by the youngest first and
last authors receive 19 and 14 more citations, respectively. Relative to the mean, these
translate into experience gradients of 65 percent and 48 percent over the life cycle.8 Given
the multifaceted nature of scientific quality, we also examine how alternative measures of

6. Packalen and Bhattacharya (2019) study the relationship between age and innovativeness among first and
last authors, but without any fixed effects or other controls for ability. See also Bhandari et al. (2004) and
Baerlocher et al. (2007).
7. Levin and Stephan (1991) used multiple waves of the Survey of Doctorate Recipients, with repeated
observations of the same scientists, and found an inverted-U shape between age and publications in five out
of six subfields of physics and earth sciences. As noted, Levin and Stephan improve upon quantity-based
studies in their use of a more-representative sample for scientists and sophisticated treatment of the attrition
problem.
8. Though not the primary focus of the paper, our results on the quality of output also indirectly shed some light
on how academic tenure affects the productivity of scientists. Tenure’s detractors note the disincentive to exert
research effort, while its advocates emphasize the freedom it affords researchers to pursue more transformative
albeit riskier research programs (Franzoni and Rossi-Lamastra 2017; Brogaard, Engelberg, and Van Wesep
2018). Our main results show a continuous decline in average publication quality over the life cycle but also
show that the quality of researchers’ best work changes little over the career, suggesting tenure does not cause
them to “swing for the fences” (Brogaard, Engelberg, and Van Wesep 2018), at least not successfully.
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quality vary over the life cycle.9 We find that, relative to younger authors, older authors
use fewer new scientific concepts (identified using text analysis), cite older and less im-
pactful references, and cite a narrower range of references across fewer fields. Thus, it
appears that older scientists do not use the newest ideas, do not build on the most prom-
ising recent research, and are less interdisciplinary than when they were young.10

Though our results make it clear that citations (and other measures of quality) decline
over the life cycle, they do not necessarily reflect a decline in a given researcher’s cognitive
ability over time. For instance, a researcher’s average citations may decline if the re-
searcher becomes more likely over time to coauthor on relatively low-quality publications
produced in collaboration with an increasing number of mentees. Indeed, our theoretical
model allows for both lower-quality coauthorships and skill depreciation to contribute to
the decrease in the quality of a researcher’s output over time. Our main empirical models
control for the variation in last author’s publication quality due to variation in coauthor
quality through first-author fixed effects. Thus, for a given last author, our main speci-
fications control for one of the most important sources of variation in author quality. To
further adjudicate between the age andmentorship stories, we show that conditioning on
the number of publications a researcher coauthors at a given career age does not alter the
measured quality–experience profile. Thus, it appears that an increased share of coau-
thorships with lower-quality junior scholars and a rising burden of mentorship cannot
alone explain the estimated decline in average publication quality.
Consistent with models of human capital accumulation, we find evidence that the

quantity of scientific output (that is, publication counts) is concave over the life cycle. Our
finding persists regardless of whether we control for unobserved individual ability. Thus,
we conclude that selective attrition does not qualitatively alter the experience profile with
respect to the quantity of scientific output. In our regressions with person fixed effects, the
quantity of output peaks at 21–25 years of experience, at which time researchers produce
about 1.2 additional publications relative to the oldest researchers and 1.7 relative to the
youngest. Our results are consistent with our overlapping generationsmodel, in which the
count of publications (that is, output quantity) rises over a scientist’s career as they col-
laborate with an increasing number of mentees, even as quality declines.
Our results suggest that federal science funders (most notably the National Institutes

of Health) face an important trade-off when deciding whether to shift resources from
older to younger scientists. While the quality of an individual’s research declines with
experience, the average “ability” of a researcher who remains active is higher than the
average young researcher. Thus, reallocating resources from the average senior to the
average junior scientist has benefits in terms of funding people at a more productive
point in the typical career but also has risks in terms of potentially funding a low-ability
researcher.
The setting in this paper also provides a valuable laboratory for examining how pro-

ductivity evolves over the career because, unlike most settings that rely on wages to
proxy for productivity, we have direct measures of the quantity and quality of output.

9. Interestingly, when used as control variables, differences in these measured research inputs do not account
for much of the experience-related variation in the quality of research output.
10. About this resistance, Max Planck famously wrote, “A new scientific truth does not triumph by convincing
its opponents and making them see the light, but rather because its opponents eventually die, and a new
generation grows up that is familiar with it” (Planck 1949).
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Though we hesitate to extrapolate to other scientific fields (or the workforce more
generally), given a presumption that scientific creativity peaks earlier in more mathe-
matical or abstract fields (Weinberg and Galenson 2019), our finding of early creativity
peaks in biomedicine (not a highly theoretical, abstract, or mathematical field) is sug-
gestive evidence that the quality of research may decline with experience across a wide
range of innovative disciplines.11 In any case, regardless of the generalizability of our
results, as STEM innovators become a more important segment of the workforce, they
become more important to analyze per se (see Deming and Noray 2018).

II. Conceptual and Empirical Frameworks

A. Conceptual Framework

To motivate the analysis, we outline an overlapping generations model of scientific
careers (additional details are in Online Appendix A). A new generation of young sci-
entists arrives at the beginning of each period and conducts research as scientists for one or
two periods, after which they retire. Thus, young scientists overlap with older scientists
who were young in the previous period. Each young scientist writes one paper under the
guidance of an older researcher, an arrangement reflecting the roles played by younger and
older researchers within real authorship teams.
We assume scientific creativity or ability is mixed among the young. Let a denote the

scientist’s (fixed) ability, with a={aL, aH} and aH >aL. By assumption, only H-type
scientists survive to become older scientists in the next period. That is, all L-type sci-
entists are assumed to attrit. Let Not and Nyt be the number of old and young researchers
entering period t, respectively, and let p be the share of Nyt that are H-type scientists.
In a steady state, Not £ pNyt < Nyt. Thus, while each young scientist writes one article,
each older scientist supervises several. Note the number of articles published by a (two-
period) scientist increases over their career from one to Nyt/Not.
If each older scientist has one unit of effort to allocate across their papers, the amount

of effort they devote to a single paper, et, is Not/Ny < 1t. Moreover, age may change the
scientist’s effectiveness: a high-ability researcher will contribute aH when young, but
daH, when old. If age reduces effectiveness, then d E [0, 1). The scientific contribution
embodied by a paper is assumed linear in the scientist’s age and effort-adjusted abilities:
df(et)aH +aL and df(et)aH +aH for papers with low- and high-ability young scientists,
respectively, where f(et) is assumed rising in e at a decreasing rate. Because a scientist
works only with high-ability researchers as a young scientist and with a mix of abilities
as an older scientist, their average research quality must fall. In particular, the average
quality of their papers falls by (aH –aL)(1 – p). That is, the quality decline over the career
is greater the higher their chances ofmatching to low-ability workerswhen older and the
greater the ability difference between high- and low-ability workers. Note that this result
holds regardless of d (because when they were junior, their senior coauthor’s produc-
tivity was lowered by d also). Their effectiveness on any paper also falls: from aHwhen

11. While we are cautious about extrapolating to other fields, note that the life sciences and biomedicine
constitute the largest scientific sector by scholarship, accounting for nearly one-half of all published scientific
articles by U.S. authors (National Science Board 2019, Table S5a-17).
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young to df(et)aHwhen older, declining both because they are spreadmore thinly in their
supervisory role and because of the age-related decline in their skills, though they may
still be contributing more to the paper than their young coauthor. If d> 1 because of
human capital accumulation, their effectiveness may still decline if d is not too high.
At the cohort level, selective attrition (only H-type young scientists remain when

old) assures that the cohort’s mean ability rises with age. The mean ability of the cohort
adjusted for age-related decline rises with age as long as (1– d)aH < (1 – p)[aH – aL],
that is, as long as the age-related loss in effectiveness is small relative to the number
of low-ability researchers and their ability disadvantage. The cohort’s mean adjusted
ability rises of course when d >1.
Thus, themodel predicts: (i) the average quality of a cohort increases over time (due to

selective attrition); (ii) while publications rise over a scientist’s career, their quality
declines (because papers are written with younger researchers who are, on average, less
“able”); and (iii) a scientist’s effectiveness on papers declines as well due both to aging
and their transition to a supervisory role (assuming no offsetting human capital accu-
mulation).

B. Empirical Framework

At the article level, we estimate scientific innovativeness as

(1) ~Ya = a0 +EFahF +ELahL +XaaX + mF + mL + na

where ~Ya is a measure of the “quality” of an article a, capturing reception, novelty, or the
inputs into the article (detailed in Section III). Thevariables of interest are the experience
(years since first publication) of first and last authors, EFa and ELa. We follow Levin and
Stephan (1989) in using dummy variables for five-year increments.12 We capture un-
observed differences in individual productivity in different roles by including first (nF)
and last (nL) author fixed effects.We estimate a separate fixed effect for each author who
appears as a first or last author when appearing in each position. These are more general
versions of author fixed effects because the impact of a team member’s experience on
article qualitymay varywith role. Specifically, these “author-position” fixed effects allow
the effects to vary with job responsibilities: persons who are good at conducting research
may or may not be as good at directing the lab and attracting resources, and vice versa.
Our results are robust to specifying author fixed effects that do not vary with author
position (Ross et al. 2018 presents such estimates). Lastly,Xa includes controls for article
characteristics (detailed in Section III.A.3), and xa is an i.i.d. error term.
Our measures of research quality vary across fields and over time. In the case of

citations, for instance, even important papers in small or mature fields can receive
considerably fewer citations than less importantworks in large or growing fields (Seglen
1997; Althouse et al. 2009), and the number of citations tends to increase over time as
the scientific enterprise expands and shrinks in the most recent years (beyond which
citations are notmeasured). For these reasons, it is important to control for differences in

12. The intervals are zero years, 1–5 years, 6–10 years, 11–15 years, 16–20 years, 21–25 years, 26–30 years,
and more than 30 years. However, since we drop articles that have a last author with zero experience (which is
an unusual pattern), last authors have only seven indicator variables. Online Appendix Table B.2 gives defi-
nitions of all variables.
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quality across subfields and over time, but we cannot directly include time effects since
they are collinear in a model of experience that includes individual fixed effects (Deaton
and Paxon 1994). To overcome this identification problem, we adopt a two-step pro-
cedure adapted fromAguiar andHurst (2013), wherewe first regress our rawmeasure of
scientific output on time and subfield fixed effects and then use the residuals from that
regression (~Ya), which are now orthogonal to both time and subfield (to account for field
productivity differences), as the dependent variable in Equation 1.13 The risk with this
approach is that some factors that should be attributed to agewill be attributed to time in
the first stage, but that risk is attenuated by including all variation, including across
cohort variation in the first stage.
In addition to examining the quality of scientific output, we are also interested in

estimating how the quantity of research varies over the career. Thus, we also estimate
models where the unit of analysis is an individual researcher–year pair. Here, our model
takes the form

(2) ~Yit =b0 +Eith + mi + pit

where ~Yit is a measure of the quantity of individual i’s output in year t, specifically,
publication counts, sometimes broken down by author position. Details about these
outcomes are contained in Section III. As in Equation 1, the principle variables of interest
are included in Eit, a vector of five-year experience indicators. ni is a researcher fixed
effect. Here too, we first regress outcomes on field and year dummy variables and
estimate Equation 2 using residuals from those equations. Note that, while Equation 1
allows us to examine how the average quality of an author’s work varies over the career,
Equation 2 can also be used to examine how the quality of an author’s bestwork orworks
vary over the life cycle by using the number of citations received by the author’s most
highly cited article each year as the outcome.

III. Data

Our data are derived from the MEDLINE 2014 baseline files distrib-
uted by the National Library of Medicine (NLM). These files contain information on
more than 21 million biomedical articles published between 1946 and 2014, including
article title, journal title, publication year, author names, author position, and publica-
tion type. In addition, each article is taggedwithMedical Subject Headings (MeSH) that
describe its content. To identify citation linkages across articles, we match the MED-
LINE articles to the Clarivate Analytics’ Science Citation Index Expanded (SCIE)
database. The SCIE data contain MEDLINE articles published between 1950 and May
20, 2014, along with a list of their references. To identify the “experience” (or “career

13. As discussed by Deaton and Paxon (1994), any linear trend in output can be arbitrarily attributed to either
the time fixed effects, experience fixed effects, or cohort fixed effects (which are absorbed by the person fixed
effects). One recent stream of literature on innovation suggests bounding such estimates using a nested test
where experience, time, and person/cohort effects are sequentially dropped from themodel (Hall,Mairesse, and
Turner 2007; Stephan 2010). In a series of robustness checks contained in Online Appendix F, we provide
additional estimates where, instead of first residualizing the outcomes with respect to time and subfield fixed
effects, we residualize with respect to subfield fixed effects and a linear time trend. These alternative speci-
fications result in estimates comparable to those from our main specification.
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age”) of each article’s first and last authors, we match articles to the Author-ity database
(Torvik et al. 2005; Torvik and Smalheiser 2009), which contains disambiguated authors
linked to their MEDLINE articles.14 The Author-ity disambiguation permits the iden-
tification of each author’s first article in MEDLINE (and the tracking of all subsequent
articles), and thus the calculation of each author’s experience. These data also allow us to
calculate author network size and citation counts that omit self-citations.
Here, we briefly describe the sample restrictions made to the underlying data, but

Online Appendix Table B.1 provides a detailed outline of how we arrive at our final
analytical sample. To summarize, we begin with the 15,085,762 articles indexed in both
in SCIE and MEDLINE. We then limit our sample to the 9,897,775 articles published
between 1980 and 2009.15 Since both data sets contain publications that would not be
considered scientific contributions, we further limit our analysis to 7,198,087 research
articles published within this period.16 As our focus is on teamwork, and a sizeable
majority of biomedical science is conducted by teams, we restrict our analysis to the
6,648,200 articles with two or more authors and without a truncated author list.17

Further sample restrictions include omitting articles that are missing first or last author
experience,18 articles with many authors,19 articles with a first or last author experience
over 40,20 and articles with a last author experience of zero.21 After imposing these

14. Technically the data contain author clusters (that is, probable authors). The author name disambiguation
is based on the “Author-ity” model (Torvik et al. 2005; Torvik and Smalheiser 2009). The resulting data set
contains more than nine million identity clusters covering MEDLINE records up to July 2009. The overall
recall is 98.8 percent, and precision is about 98 percent. While this performance compares favorably to other
disambiguations at this scale, about 2 percent of articles belonging to a given investigator are misassigned to a
second predicted individual. These splitting errors can occur because of very common names (for example,
John Smith) or radical career changes (an investigator might abruptly change topic areas, affiliations, and sets
of coauthors). Nonetheless, the Author-ity data set has already demonstrated broad scientific, social, and com-
mercial impact. Numerous scholars have obtained the data set to facilitate their own research, and the National
Library of Medicine (NLM) is using the data set in its PubMed/Entrez/Medline databases as the starting point
for a scheme to assign Author IDs to all publications. An earlier version, the 2008 baseline, is freely available
online (http://arrowsmith.psych.uic.edu, accessed December 6, 2022).
15. Articles published before 1980 are dropped because abstracts are important for generating our text
metrics, and MEDLINE’s coverage of abstracts is poor prior to 1980. Articles published after 2009 are dropped
because Author-ity disambiguates MEDLINE only through July 2009. Note that career age is calculated using
the first publication, even if it is before 1980.
16. We exclude MEDLINE articles of the following article types: Review, English Abstract, Case Reports,
Historical Article, Comment, Portrait, Biography, Guideline, News or Conference.
17. MEDLINE provides only the first ten authors for articles published between 1984 and 1995 and the first 25
authors for articles published between 1996 and 1999. For articles published after 1999, MEDLINE does not
truncate author lists.
18. Career age may be missing for articles outside of Author-ity, articles with institutional first or last authors
that are not disambiguated, or because of disambiguation errors.
19. All articles with team size greater than 13 (the 99th percentile of team size) are removed because in very
large teams, the impacts of first and last authors may be small.
20. If scientists publish their first paper at biological age 25 (this coincides with the middle of most scientists’
Ph.D. training), a career age of 40 years coincides with a biological age of 65. Dropping articles for which ei-
ther the first or last author has a career age older than 40 helps to avoid “lumping errors” in the Author-ity data.
Note that a lumping error occurs when two or more separate authors (with separate publication histories)
are erroneously lumped into the same identity cluster.
21. Last authors are usually experienced team leaders, so a zero-aged last author raises the likelihood that they
are subject to a “splitting error” or that team roles are assigned unconventionally. Note that a splitting error
occurs when a single author is erroneously split into two or more identity clusters (with erroneously separate
publication histories).
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additional restrictions, we are left with 5,613,189 articles, about 84 percent of the
multiauthored research articles published between 1980 and 2009 that are in the SCIE–
MEDLINE intersection.

A. Variable Construction

1. Measuring article quality

We construct two outcome variables to characterize article quality. The first is total
citations ever received by an article.22 Though citations are the conventional biblio-
metric artifacts by which influence on future researchers and works is assessed and
tracked, particularly important scientific works not only receive many citations, but
also impact many fields. Thus, our second measure of quality captures the disciplinary
diversity of the citations an article receives. Formally, disciplinary diversity for article
a is defined as

Disciplinary Diversity of Citationsa = 1 - +
f
s2af

 !
· 1000

where f is the scientific field of each citing article, and saf is the share of citations
received by article a from field f .23 The disciplinary diversity of citations is between zero
and 1,000 and increases in the breadth of an article’s impact across fields. If an article is
cited by articles from more fields, its impact is wider, and the disciplinary diversity of
citations is larger (closer to 1,000).

2. Measuring article inputs

In addition to examining the quality–experience profile, we also examine whether the
measured inputs into articles can explain the shape of this profile. To characterize an
article’s inputs, we construct seven variables, which can be broadly separated into two
categories: three variables constructed using the text in articles’ titles and abstracts (text
based) and four variables constructed using articles’ references (reference based).
The first and second text-based metrics are the number of new and the number of old

important concepts appearing in an article’s title or abstract. A concept is said to be
“important” if, relative to other concepts introduced to the MEDLINE corpus in the
same year, it is above the 99.9th percentile in terms of total lifetime occurrences in titles

22. The residualization of outcomes with respect to subfield and year fixed effects, outlined in Section II,
adjusts for differences in citations due to variations in publication years and in practices across fields.
23. Readers will recognize this as one minus the Herfindahl–Hirschman index. In addition to characterizing
disciplinary diversity of citations (Rafols andMeyer 2010), the scientometric literature has also used this metric
to measure the breadth of a patent’s impact on future technology (Trajtenberg, Henderson, and Jaffe 1997).
Online Appendix C describes how we assign fields to articles based on the Medical Subject Headings (MeSH
terms) with which the articles are tagged. The MeSH terms are broadly hierarchical, ranging from the general
(for example, Body Regions) to the specific (for example, Peritoneal Stomata). Online Appendix C describes
how we aggregate these terms to a similar level of specificity, resulting in a division of biomedical science into
approximately 6,200 comparable fields. Note that because the typical article is tagged with multiple MeSH
codes, the typical article is assigned to more than one field (see the example in Online Appendix C).
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or abstracts of articles.24 An article is said to use a “new” concept or an “old” concept if it
uses aword orword combination less than ormore than five years after it was introduced
to the MEDLINE corpus. We view the use of new important concepts as measuring an
article’s contribution to important new lines of scientific inquiry. The third text-based
metric is themean age of all concepts (regardless of whether they are important) used in
the title or abstract of an article. See Online Appendix D for details on processing the
text of MEDLINE titles and abstracts.
The first reference-based metric is the mean age of an article’s references, which we

view as ameasure of an article’s distance from the scientific frontier. The second reference-
based metric captures the disciplinary diversity of an article’s references, which we
view as capturing the multidisciplinarity of an article. This metric is analogous to the
disciplinary diversity of citations discussed above, but it is defined over the articles that
a focal article references rather than the citations that a focal article receives. As with
the disciplinary diversity of citations, the disciplinary diversity of references ranges
between zero and 1,000 and increases in the breadth of fields referenced. The third and
fourth reference-based metrics are the (log) mean number of citations received by the
articles that a focal article references, which are less than or more than five years old,
respectively.25 Thesemetrics capture the quality of the articles that a focal article builds
on, distinguishing between the quality of newer and older references.
Unlike the variables that measure quality in Section III.A.1, which are not directly

under the author’s control, the variables that describe inputs to research are directly
controlled by authors. We use the latter variables in two distinct ways. In Section IV.
B, we use them as outcomes and examine how they change over the career. In Online
Appendix Table E.8, we use them as control variables to examine whether they
explain the quality–experience profiles identified in Section IV.A.

3. Article-level control variables

Finally, we construct a variety of article-level control variables. To proxy for the human
resources and research effort applied in the production of the article, we compute the
number of authors listed on each article. In addition, we compute the size of the author
team’s network—the total number of distinct coauthors of all authors in the three years
preceding publication—which is an extension of the authorship team that can contribute
research inputs and provide feedback. Also, with larger networks, the article’s impact
and reputationmay diffusemore broadly through the profession (Singh 2005; Sorenson,
Rivkin, and Fleming 2006; Azoulay, Zivin, andWang 2010), possibly leading to higher
and more diverse citations. To proxy for the geographical dispersion of the research
team,we compute the number of distinct cities among the authors’ affiliations. Evidence
from the economics literature on technological diffusion suggests that the diffusion
of ideas is limited by geography (for example, Jaffe, Trajtenberg, and Henderson 1993;
Zucker, Darby, and Brewer 1998), and thus a more geographically dispersed set of
authors bring amore diverse set of ideas into the production of research, whichmay alter
article quality. A more geographically dispersed set of authors may also broaden the

24. Because of publication lags and because our data, while comprehensive, do not include all publications
where a concept may first arise (for example, publications outside of biomedicine), we do not seek to identify
each concept’s “origin” article.
25. Note that any article that a focal article cites has at least one citation by construction.
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geographic reach and speed of recognition of an article’s contributions. In some spec-
ifications, we also use the mean experience of middle authors as a control variable.

B. Summary Statistics

Table 1 presents summary statistics of the variables defined above, separately for all
articles and for articles with nonzero citations. Nearly 97 percent of the articles have
been cited at least once, and the mean number of citations is 29.5 with a standard
deviation of 77.3. Themean article references about 30 prior works, and themean age
of these references is about 8.8 years. The disciplinary diversity of citations and refer-
ences average 946 and 948, respectively, with standard deviations of 33 and 35.26 The
mean numbers of new and old important concepts appearing in a title or abstract are
0.33 and 17. Both measures have large standard deviations of 0.97 and 12.1. The mean
number of authors on an article is 4.7, and the mean number of cities represented by

Table 1
Summary Statistics

All Sample Number of Citations > 0

Mean SD Mean SD

Observations 5,613,189 5,417,616
Number of citations 29.49 77.27 30.55 78.44
Disciplinary diversity of citations 946.12 33.34 946.12 33.34
Number of references 30.19 17.77 30.67 17.68
Mean age of references 8.83 5.84 8.78 5.65
Disciplinary diversity of references 948.36 35.23 948.91 33.95
Number of important new concepts used 0.33 0.97 0.34 0.99
Number of important old concepts used 16.67 12.06 16.98 12.06
Mean age of concepts used 53.78 14.11 53.64 13.92
Mean citation of recent references (log) 4.374 1.127 4.399 1.108
Mean citation of old references (log) 5.550 1.707 5.570 1.698
Diff. in citations to recent and old
references (log)

-1.188 1.630 -1.183 1.622

Number of authors 4.68 2.26 4.71 2.27
Size of team’s network 82.61 109.99 83.71 110.78
Number of authors’ cities 1.59 0.95 1.59 0.96
First author experience 7.85 8.21 7.82 8.17
Last author experience 17.66 9.69 17.72 9.66
Mean experience of middle author 10.65 7.53 10.67 7.51

26. In part, these relatively high degrees of dispersion (recall that the maximum possible dispersion is 1,000)
reflect the fact that most articles are tagged with many fields, so even an article that is cited once can have a
relatively high degree of citation dispersion.
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author affiliations is 1.6. First authors have a mean experience of about 7.8 years, and
last authors have a mean experience of 17.7 years, which is consistent with the con-
ventional story about who occupies these roles.
Online Appendix Table B.3 presents all pairwise correlations between our outcome

and control variables. The most important takeaway is that citation counts, the tradi-
tional measure of impact in the literature, and our new outcome metrics move in the
same direction but have correlations that are always less than 0.5 in magnitude (and
often much smaller), suggesting these new metrics are capturing aspects of influence
and input quality that citations do not. Indeed, citation counts are positively correlated
with disciplinary diversity of citations (0.47), disciplinary diversity of references (0.14),
and number of new important concepts used (0.22). The negative correlation between
citations and mean age of references (-0.18) suggests that the most influential works
draw onmore recent articles. The table also shows that articles drawing on awider range
of research fields (more multidisciplinary) impact a wider range of fields (r= 0.34) but
are only slightly more impactful (r= 0.14).
Online Appendix Figure B.1 displays article counts for different experience combi-

nations. Most articles are written by first authors with an experience of zero to ten years
and last authors with an experience of one to 30 years, suggesting that younger first
authors tend to team with middle-aged last authors. Note also that a disproportionate
number of articles have first authors with experience zero, which is consistent with a
high hazard rate early in the career and creates scope for important selection effects.

IV. Results

A. Article Quality and Author Experience

In this section,we use citation counts and the disciplinary diversity of citations (defined in
Section III.A.1) as measures of an article’s quality and examine how quality changes with
author experience. Recall that, in order to identify the effects of experience while con-
trolling for unobserved time and individual/cohort effects, all outcome variables are
residuals obtained by regressing the raw outcomes on time and field fixed effects.
Columns 1 and 2 of Table 2 show the results of estimating Equation 1 when the dependent
variable is citation counts. To better illustrate the dynamics of citation counts over the
career, Figure 1A plots the point estimates of yF and yL from Equation 1, along with their
95 percent confidence intervals.
Column 1 uses cross-person variation in experience (omits author-position fixed

effects). For both first and last authors, the coefficient estimates imply an inverted U-
shaped relationship between experience and the number of citations, although neither
pattern is particularly strong. Citations peak for articles written by first authors with six
to ten years of publishing experience and last authors with 11–15 years of experience.
Articles written by first authors and last authors at these peaks receive, on average, 3.4
and 3.7 more citations than articles written by first and last authors in the highest expe-
rience categories. These differences amount to 12 percent and 13 percent of the sample
mean of 29.5 and are statistically significant.
Column 2 eliminates cross-person variation in experience by including author-position

fixed effects, and this dramatically changes the experience–citation profiles—for both
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Table 2
Experience and Article Quality

Dependent Variable Number of Citations Disciplinary Diversity of Citations

(1) (2) (3) (4)

Mean 29.49 946.12
Standard Deviation (77.27) (33.34)

First author experience
0 0.103 19.146*** 1.635*** 5.448***

(1.343) (1.933) (0.456) (0.585)

1–5 2.949** 15.536*** 2.743*** 4.290***
(1.417) (1.894) (0.578) (0.482)

6–10 3.417** 8.872*** 1.846*** 2.729***
(1.511) (1.317) (0.399) (0.260)

11–15 1.867* 6.317*** 1.461*** 2.005***
(1.036) (0.983) (0.293) (0.177)

16–20 0.831 5.043*** 0.929*** 1.371***
(0.675) (1.053) (0.140) (0.152)

21–25 -0.257 2.532*** 0.393*** 0.463**
(0.335) (0.561) (0.115) (0.192)

26–30 0.716*** 3.777*** 0.759*** 0.925***
(0.248) (0.864) (0.210) (0.308)

Last author experience
1–5 1.486*** 14.149*** -1.871*** 3.709***

(0.416) (1.883) (0.178) (0.489)

6–10 2.667*** 9.803*** -0.586*** 2.336***
(0.443) (1.333) (0.107) (0.342)

11–15 3.672*** 6.727*** 0.558*** 1.718***
(0.436) (1.026) (0.091) (0.205)

16–20 3.020*** 4.012*** 0.662*** 1.102***
(0.315) (0.655) (0.078) (0.158)

21–25 1.561*** 1.781*** 0.339*** 0.498***
(0.223) (0.385) (0.051) (0.089)

26–30 1.992*** 2.255*** 0.863*** 0.797***
(0.168) (0.341) (0.065) (0.112)

(continued)
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first and last authors, citations steadily decline with experience. These effects are
remarkably large—articles written by first and last authors in the youngest experience
category receive 19 and 14more citations, respectively, compared to those written by first
and last authors in the oldest experience category. Since the mean article receives 29.5
citations, the experience gradients are 65 percent (first author) and 48 percent (last author).
These results suggest that the upward-sloped portion of the citation profile in Column 1 is
due to less innovative scientists exiting a research career at younger ages.
Particularly important works not only receive many citations, but also impact many

fields. Columns3 and4 ofTable 2 andFigure 1B show the results of estimatingEquation 1
when the dependent variable is the disciplinary diversity of citations, which measures
the breadth of an article’s impact. Column 3 omits author-position fixed effects and shows
that the breadth of scientific impact varies moderately over the careers of both first and last
authors. For first authors, breadth rises, peaking early in the career (1–5 years), and then
gradually declines. For last authors, breadth rises, peaks at 11–15 years, and then levels off,
slightly rising later in the career (26–30 years) before declining for the omitted, oldest
category. Column 4 includes author-position fixed effects, and, as with the results for
citation counts, this dramatically changes the dynamics of the disciplinary diversity of
citations over the career—for both author types, the breadth of scientific impact de-
creases with experience. These results indicate that the increase in observed breadth of
impact with last author experience is due to changes in the ability composition along
the career path and not a pure experience effect. Older scientists who still publish are
among the high-ability survivors and produce more broadly impactful articles.
The results presented so far indicate that, in the cross-section, article quality displays a

hump-shaped pattern over the career, but for a given researcher, article quality typically

Table 2 (continued)

Dependent Variable Number of Citations Disciplinary Diversity of Citations

(1) (2) (3) (4)

Number of authors 1.056*** 3.389*** 0.540*** 0.744***
(0.108) (0.220) (0.046) (0.018)

Number of authors’ cities 1.787*** 0.678*** 0.065 -0.080***
(0.300) (0.263) (0.184) (0.027)

Size of team’s network 0.034*** 0.007*** 0.011*** 0.005***
(0.002) (0.001) (0.001) (0.001)

Author–position FE Yes Yes
Observations 4,372,875 3,248,324 4,259,127 3,163,030
R2 0.008 0.428 0.009 0.514

Notes: Standard errors in parentheses are clustered by field. The dependent variables are residuals from first-stage
regressions that control for year and field fixed effects. The omitted groups are 31–40 years of experience for both first
and last authors. *p< 0.10, **p< 0.05, ***p< 0.01.
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declines over the career. In Online Appendix E, we show that the peaks identified for
both the citation counts and the disciplinary diversity of citations are statistically sig-
nificant27 and that the shapes of the experience profiles are not driven by self-citations28

Figure 1
Experience and Article Quality
Notes: The figure plots the coefficients from Table 2.

27. In Online Appendix Table E.1, we use one-sided t-tests to formally test whether the coefficient estimates
for the peak experience groups identified in Table 2 are different from the coefficient estimates for the
nonpeak experience groups. For instance, we test whether the coefficient estimate of 3.42 for first authors
with 6–11 years of experience in Column 1 is statistically significantly larger than the coefficients for all
other first author experience groups in Column 1. These tests confirm that all peaks identified in Table 2 are
statistically significant.
28. Citations to one’s own work may reflect self-serving motives and not scientific linkages, and when they do
reflect linkages, they indicate internal knowledge transfers as opposed to spillovers to other researchers. To
probe the robustness of our results we create a citation measure that excludes self-citations and reestimate the
forward citations with self-citations removed. The results for both total citations and the disciplinary diversity
of citations are reported in Online Appendix Table E.2. Dropping self-citations moderately changes the
magnitudes of the differences across experience groups but does not qualitatively alter the results.When author-
position fixed effects are omitted, the outcome–experience profiles have inverted U-shapes and when author-
position fixed effects are included, the outcomes decline in experience.
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or the experience of middle authors.29 As previously suggested, these results can be
reconciled if the average “ability” of authors that continue to publish increases with
experience—in other words, if lower “ability” authors cease to publish earlier in their
careers. Using the estimated author-position fixed effects fromEquation 1, m̂F and m̂L,
we can explicitly examine how the mean fixed effect (“ability”) of authors who continue
to publish changes with experience. Figure 2 plots mean author fixed effects from Col-
umns 2 and 4 ofTable 2 by experience.30 The left panel shows that the fixed effects for last
authorswho publish at one to five years of experience is-8 citations, rising to+3 citations
by the end of the career, a substantial change (the change for first authors is even
larger, but late career first authors are rare). These figures directly confirm a striking
improvement in the composition of authors at each level of experience for both total
citations and disciplinary diversity of citations.
Our results thus far make it clear that research quality tends to decline over the life

cycle of a researcher. However, as our model in Section II.A suggests, two possible

Figure 2
Experience and Author–Position Fixed Effects for Publishing Researchers
Notes: The figure plots the mean fixed effect of the people publishing at each level of experience from the regressions in
Table 2 Columns 2 and 4. These can be thought of as a measure of the mean “ability” of the people publishing at each
experience.

29. To examine this possibility, we calculate the mean experience of middle authors for articles with at least
three authors. We report the results of the effect of middle authors’ experience on article impact in Online
Appendix Table E.3. Including this variable has little effect on the first and last author experience profiles, and
the coefficient on mean author experience is economically and statistically insignificant in models with author-
position fixed effects.
30. To construct this measure, we average the author-position fixed effects estimated in Table 2 for all authors
publishing in each five-year experience group. Note that authors are implicitly weighted by their number of
publications in each age bin, so that an author who publishes n times in a given experience bin receives n times
as much weight as an author publishing one time.
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mechanisms underlying thismeasured decline are depreciating skills/declining “ability”
or increases in the number of low-quality coauthored articles driven by an increasing
number of collaborations with mentees over the life cycle. Our fixed effects estimate
control for first author fixed effects, so for people who are last authors, our main spec-
ifications control for one of the most important sources of variation in the “quality” of
their coauthors. To shed additional light on these two possibilities, Online Appendix
Table E.4 and Figure E.1 show quality–experience profiles that condition on the number
of coauthored publications at a given experience level. Including this control does not
alter the downward sloping quality–experience profile, suggesting it is not driven by
authors taking on an increasing number of low-quality coauthorships as they age.
If we are correct that the conflicting quality-experience profiles from specifications

with and without author-position fixed effects are driven by lower-ability researchers
exiting research careers at earlier ages and thus increasing the average ability of re-
searchers who continue to publish, then restricting our sample to authors with long
careers should produce similar profiles whether or not we include author-position
fixed effects in our regressions. Online Appendix Table E.5 examines this possi-
bility by reproducing Table 2 but restricting the sample to articles with last authors
who have career lengths of 20 years or more (no restriction is put on the career lengths
of first authors). When author-position fixed effects are included, the experience
profiles of last authors are very similar to those in Table 2. However, when fixed effects
are not included, the results for last authors differ markedly from those in Table 2.
Specifically, rather than increasing initially, the number of citations and the disciplinary
diversity of citations are constant for the first two experience categories and then
decline monotonically. Thus, whether we control for selective attrition using author-
position fixed effects or through sample selection, the results strongly suggest that
article quality tends to decline over the course of an author’s career.
These regressions include characteristics of the researcher team to control for vari-

ation in human capital employed in the production of the research. The results show that
teams with more authors who are more connected generate higher quality research as
measured by citations and citation diversity. More geographically diverse teams also
producemore cited work, thoughwith less breadth in impact.31 All regressions reported
in Table 2, and in Tables 4 and 5 of Section IV.B, were repeated without team measures
but the results are not reported for parsimony. While omitting the team-based measures
changes the height of the profiles, the relationship between publication output (and
input) quality and experience is robust to this exclusion.
In Table 3, we examine whether the relationships between publication quality and

experience are pervasive across biomedicine by showing the distribution of the peak ex-
perience group over subfields.32 When author-position fixed effects are excluded, first
author citation counts peak at six to ten career years (the peak in the full sample) in 50.5
percent of subfields, and disciplinary diversity of citation peaks occur at one to five

31. Such measures may be related to experience (for example, more experienced researchers may be more
connected than researchers fresh from graduate school), and thus these measures may be capturing some of the
experience effects we observe.
32. We define subfields using level four MeSH fields (see Appendix C) and run the regressions separately for
each subfield. To produce samples of sufficient size to estimate models with fixed effects, we include only
subfields with at least 57,905 articles (the 99th percentile of the distribution of subfield size).
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Table 3
Distribution of Peak Experience Groups for Subfields

Variable

Without Fixed Effects With Fixed Effects

Subfield
Count

Subfield
Percent

Subfield
Count

Subfield
Percent

First author experience

Number of
citations

0 0 0.00% 275 95.16%
1–5 82 28.37% 2 0.69%
6–10 146 50.52% 5 1.73%
11–15 10 3.46% 1 0.35%
16–20 5 1.73% 1 0.35%
21–25 12 4.15% 2 0.69%
26–30 30 10.38% 1 0.35%
31–40 4 1.38% 2 0.69%

Last author experience
1–5 11 3.81% 253 87.54%
6–10 31 10.73% 21 7.27%
11–15 163 56.40% 8 2.77%
16–20 36 12.46% 1 0.35%
21–25 6 2.08% 1 0.35%
26–30 42 14.53% 4 1.38%
31–40 0 0.00% 1 0.35%

Disciplinary
diversity
of citations

First author experience
0 3 1.04% 235 81.31%

1–5 203 70.24% 8 2.77%
6–10 48 16.61% 22 7.61%
11–15 12 4.15% 6 2.08%
16–20 5 1.73% 4 1.38%
21–25 5 1.73% 4 1.38%
26–30 11 3.81% 3 1.04%
31–40 2 0.69% 7 2.42%

Last author experience
1–5 2 0.69% 235 81.31%
6–10 7 2.42% 27 9.34%
11–15 95 32.87% 7 2.42%
16–20 54 18.69% 5 1.73%
21–25 17 5.88% 2 0.69%
26–30 113 39.10% 9 3.11%
31–40 1 0.35% 4 1.38%

Notes: For this analysis, we focus on 289 subfields defined by level 4 MeSH terms (see Online Appendix C.1) fields
with at least 57,905 articles (the 99th percentile of the distribution of subfield size). We then estimate the models in
Table 2 for each subfield. The table reports the number and share of subfields that peak at each age bin for each
specification for first and last authors.
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career years (again, the peak in the full sample) in 70.24 percent of subfields. Last author
citation count peaks occur at 11–15 years in 56.4 percent of cases, while the disciplinary
diversity of citation peaks occur at 26–30 years in 32.9 percent of subfields.When author-
position fixed effects are included, the results are remarkably consistent across subfields.
First author citation count and disciplinary diversity of citation peaks occur in the youngest
experience category (zero years) in 95.1 percent and 81.3 percent of subfields. Similarly,
last author citation count and disciplinary diversity of citation peaks occur in the youngest
category (1–5 years) in 87.5 percent and 81.3 percent of subfields.33 Overall, these results
show that the quality–experience profiles identified using the entire sample are re-
markably consistent across subfields of biomedicine and confirm that the shapes of
these profiles are not being driven by a small number of large subfields.
Taken together, the results in this section strongly suggest that article quality declines

over the course of a scientist’s career. This decline in quality exists whether measured
by total citations or the disciplinary diversity of citations. It exists for both first and last
authors, andwhetherwe control for publicationvolume, and it existswhetherwe account
for attrition using author-position fixed effects or by limiting the sample to authors with
long careers. Moreover, the decline is remarkably consistent across subfields of bio-
medicine and is not impacted by the ages of middle authors or the elimination of self-
citations. In addition, these results convincingly reconcile long-standing inconsistencies
in the literature. When attrition is not accounted for, and the quality of articles produced
by older scientists is compared to the quality of articles produced by younger scientists
(ordinary least squares regressions without author-position fixed effects), the quality–
experience profile is, indeed, moderately hump-shaped. Only by appropriately dealing
with this attrition, using either author-position fixed effects or samples of authors with
long careers, arewe able to confirm that this hump-shape is simply due to changes in the
ability composition along the career path and has little to do with experience per se.

B. Article Inputs and Author Experience

In the previous section, we demonstrated that, for a given researcher, the average qual-
ity of research—whether measured by total citations or the disciplinary diversity of
citations—declines with experience. We now examine why this decline occurs. To do
this, we examine how the text-based (Table 4) and reference-based (Table 5) variables,
which characterize article inputs (and are defined in Section III.A.3), vary over the career.
Text and references are inputs to the production of an article, influencing the direction
the research takes, the scale of impact, and whether it is transformative or incremental.
Ultimately, these variables help us identify whether younger authors incorporate into
their work more of the raw materials that ultimately generate impact and transfor-
mation in science.
Columns 1 and 2 of Table 4 and Panel A of Figure 3 display regression results when

the outcome variable in Equation 1 is the number of new important concepts used. With

33. Note that when the peak for a subfield differs from the peak in the full sample, the difference may be
imprecise.We examine this possibility in Online Appendix Table E.6. For each subfield with a peak experience
group different from the full sample result, we perform a one-sided t-test comparing the two peaks.With author-
position fixed effects, only a small portion of subfields have a peak experience group statistically significantly
greater than the peak experience group in the full sample.
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Figure 3
Experience and Article Inputs (Concept Use)
Notes: Estimates from Table 4.
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or without author-position fixed effects, an article’s use of new important concepts de-
creases with experience for both first and last authors. The fixed effects estimates suggest
that, on average, the youngest first and last author groups use 0.18 and 0.24 more new
important concepts than the oldest first and last author groups. Given a sample mean of
0.33, the decline in the use of new important concepts is quite large—55 percent and 73
percent, respectively. Column 4 of Table 4 and Panel B of Figure 3 show that younger
authors (first and last) also use more old important concepts than older authors (when
author-position fixed effects are included).
The previous results show that the propensity to use new or old important concepts

declines over a researcher’s career. Columns 5 and 6 of Table 4 and Panel C of Figure 3
display the regression resultswhen the outcomevariable is themean age ofall concepts an
article uses in its title or abstract, regardless of the concepts’ importance. For both author
types and regardless of whether author-position fixed effects are included, the mean age
of concepts tend to increase with author experience. The fixed effects estimates suggest
that the youngest first and last author groups use concepts that are, on average, two and
1.6 years newer than those used by the oldest first and last author groups. While this is a
meaningful difference, compared to a standard deviation of 14 years, it does indicate that
researchers update the concepts they use substantially over their careers. These differ-
ences are about 14 percent and 10 percent of the standard deviation in mean concept age.
Columns 1 and 2 of Table 5 and Online Appendix Figure E.2 Panel A display re-

gression results when the outcome variable is themean age of an article’s references. Like
the mean age of concepts used, the mean age of references tends to increase over the
career for both first and last authors and for specifications with and without author-
position fixed effects. The fixed effects estimates suggest that the youngest first and
last author groups reference articles that are, on average, 1.15 and 0.82 years newer
than those referenced by the oldest author groups, which are 19 percent and 14 percent
of the standard deviation in the mean reference age. Note that the experience of first
authors is more strongly related to the age of references than the experience of last
authors, which is consistent with the conventional view that first authors play a more
dominant role in drafting manuscripts. Columns 1 and 2 of Online Appendix Table E
.7 report similar results excluding self-citations.
The range of disciplines cited by an article is a measure of multidisciplinarity. Col-

umns 3 and 4 of Table 5 and Panel B of Online Appendix Figure E.2 display regression
results when the outcome variable is the disciplinary diversity of an article’s references.
For first authors, the specifications with and without author-position fixed effects yield
similar results: the multidisciplinarity of articles decreases with experience. The fixed-
effects estimates show that the difference in themultidisciplinaritymeasure between the
youngest and oldest first author groups is three, which is about 8 percent of the standard
deviation. For last authors without author-position fixed effects, the multidisciplinarity
of articles increases with the experience over the first 15 career years and then flattens
out.With fixed effects, articles with last authors in the 11–15-year experience group cite
the widest range of literature. Our finding of greater experience responsiveness for first
authors is again consistent with the conventional role of first authors as the author who
writes the manuscript. Columns 3 and 4 of Online Appendix Table E.7 report results
excluding self-citations, which increases the gaps between the youngest and oldest expe-
rience categories, especially for the last author.
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Thus far, we have shown that the references of younger authors tend to be newer and
moremultidisciplinary than the references of older authors. However, it is worth asking:
Are younger authors also more likely to reference “better” research than older authors?
If so, are they particularly likely to reference better recent research (research that is less
than five years old) compared to older research? If there are differences in the quality of
work that young and old researchers draw on, it might indicate that younger researchers
are better able to distinguish the quality of research or that they take approaches more in
keeping with current trends. The last six columns of Table 5 address these questions by
using the natural logarithm of themean number of citations received by all of an article’s
references as the outcomevariable in Equation 1.34We regard this outcome as ameasure
of the quality of research on which an article draws.
Columns 5 and 6 present regression results when the outcome variable is the log of

mean citations received by an article’s recent references (that is, references that are less
than five years old) and Columns 7 and 8 show analogous results for citations received
by an article’s older references (that is, references that are more than five years old). For
both first and last authors, when author-position fixed effects are omitted, the quality of
recent and older references initially rises and then either declines or stabilizes, with
peaks occurring earlier for first authors (1–5 years). When author-position fixed effects
are included, we see near monotonic declines in the quality of recent and older refer-
ences over the course of both first and last author careers, with authors in the youngest
experience group referencing articles that receive about 16–23 percent more citations
than articles referenced by the oldest experience group.
Columns 9 and 10 display regression results when the outcome variable is the log

difference in the quality of recent and old references; that is, log(new) – log(old). This
allows us to examine how author experience is related to the gap in the quality of
references to older and more recent works—a positive coefficient for an experience
group suggests that the articles published by this group have recent references that are
higher quality relative to older references. When author-position fixed effects are omit-
ted, young first authors tend to have higher quality old references relative to recent
references, and young last authors tend to have higher quality recent references relative
to old. However, when author-position fixed effects are included, the quality gap does
not substantially vary across either first or last author experience groups, suggesting that
young authors are not particularly likely to reference important recent works relative
to older works.
Though our focus in this section has been on the relationship between article inputs

and experience, Tables 4 and 5 also shed light on how article inputs vary across dif-
ferently structured teams. Thus, teams with more authors, broader academic networks,
and authors from less dispersed research locations are more likely to use important
concepts (both new and old), use newer concepts (regardless of impact), cite newer
references, and have more disciplinary diversity in their references.
Overall, the results in this section suggest that article inputs differ systematically by

experience. Specifically, we find that articles written by younger authors demonstrate
input choices and strategies that are associated with impactful and original work—they

34. Note that the articles cited by a focal article all have at least one citation by construction.
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build on new, promising avenues of inquiry, are expansive in drawing from preceding
work, and tap ideas that are fresh and from diverse sources.35

C. The Quantity of Output, Best Works, and Author Experience

As noted in the introduction,much of the empirical literature on scientists’ careers report
an inverted-U shape relation between experience and productivity, which is consistent
with a human capital model that predicts worker productivity should increase with age,
at least for a portion of the career. However, this literature focuses on the relationship
between experience and output quantity (for example, Levin and Stephan 1991) or the
timing of high-ability researchers’ highest quality works (for example, Weinberg and
Galenson 2019). In contrast, our work has thus far focused on the relationship between
experience and research output and input quality, with our qualitymeasures derived from
citations, title and abstract text, and references.
To connect our work with previous empirical literature, we use our data to construct

an author–year panel that allows us to track the productivity of individual authors
through time and to examine the relationship between output quantity (as measured
by publication counts) and experience. Specifically, we segment each researcher’s career
into consecutive five-year intervals, and, for each interval, we construct the following
two variables to measure quantity: (i) “unprorated” publication counts in which each
author receives full credit for each article and (ii) “prorated” publication counts in
which an author receives credit for 1/n of an article that has n total authors.36 These
data allow us to estimate the author-level Equation 2, with publication counts as the
outcome variable.37 We also use this author–period data set to identify each author’s
most highly cited work in each five-year period and assess how the quality of the
author’s best work changes over the career.
Figure 4 and Online Appendix Tables E.9 and E.10 report the results. Whether or not

we include individual fixed effects, the estimates show that quantity is hump-shaped in
experience. For the unprorated publication counts, productivity peaks are at 31–35 years
and 21–25 years, without and with individual fixed effects (Figure 4, Panel A). The

35. In Online Appendix Table E.8, we examine whether measured input choices of authors can explain the
negative experience–quality profiles identified in Section IV.A. If so, adding these variables to regressions
should attenuate the experience–quality gradient. To do this, we reproduce the regression estimates in Table 2
using total citations and the disciplinary diversity of citations as outcomes, but include, as additional control
variables, the number of references, mean reference age, disciplinary diversity of references, new important
concept count, old important concept count, and mean concept age as control variables. Adding these control
variables has a small effect on the experience–quality gradient, whether measured by total citations or the
disciplinary diversity of citations. Thus, although younger authors use newer concepts and reference more
recent, important, and diverse works, this behavior does not explain why articles written by younger authors
generate more citations and generate citations from a wider variety of fields. This suggests that unobserved
differences in the quality of work must account for the decline in the quality of innovation over the career.
36. Our main sample consists of all authors who have at least one research article during this period, and
researchers remain in the analytic sample through 2009 or their 41st career year, whichever arrives first. We
assign a zero to any gaps in publications up to the earlier of 2009 and the last five-year interval with any
publications.
37. As in the article-level regressions above, we first regress our outcome variables (publications) on year and
field fixed effects, where each author is assigned the fixed effect associated with the level 4 MeSH with which
they were most strongly associated in their first year as a researcher. The left-hand side of the regression is the
residual from that regression.
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specification with individual fixed effects implies that, at their peak, authors publish 1.2
more articles than they do at the oldest experience level (36–40 years). When prorated
publication counts are used, the profiles remain similarly shaped, but scaled down by the
size of teams. The remainder of Figure 4 shows that publications as a first author decline
over the career, while publications as middle and last author are hump-shaped, which is
consistent with first authors transitioning to last authors as their careers progress.
We can also test whether the effect of experience is different for more accomplished

researchers. Online Appendix Table E.11 reproduces the regressions in Columns 1 and
2 of Online Appendix Table E.9 for two subgroups of authors: (i) those who appear at
least once as a first author and (ii) thosewho appear at least once as a last author. The first
group excludes authors who never are first authors. The second group is an even more
exclusive group of researchers that excludes all authors who never attain last author

Figure 4
Experience and Quantity (Publication Counts)
Notes: Based on estimates in Online Appendix Tables E.9 and E.10. In the prorated estimates, articles are
prorated by the inverse of the number of authors (that is, if an article has five authors, the publication counts as
0.2 publications for all authors).
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status. The results obtained using these more exclusive groups of authors are qualita-
tively similar to results in Online Appendix Table E.9, though the peak for authors who
attain last author status occurs earlier.
Figure 5 andOnlineAppendix Table E.12 andE.13Columns 1 and 2 report results for

a researcher’s best article in each five-year period. These estimates show that the quality
of researchers’ best work increases over the career when fixed effects are not included,
but that the quality of the best work, like the quality of the averagework, declines over
the career once fixed effects are included. The decline is quite large—ten citations (when
publications are not prorated)—but the curve is relatively flat formuch of the career. The
large decline over the last two experience intervals may be partly due to the decline in
publishing rates and thus may be partly mechanical (compare to Figure 4).
In addition to results for the best paper, we present results for the second and third best

paper and the best “initial N” papers in Online Appendix Tables E.12 and E.13, as well
as Online Appendix Figure E.3.38 “InitialN” is the researcher’s publication count in the
first five years of their career. The idea here is to seewhether the researcher is producing
the same quantity of high-level work each year, but as their experience rises, begins
supplementing the core work with additional low-quality research. Overall, the profiles
for these papers look similar to the profile for the best paper. However, we are concerned
about selection polluting these estimates because there are many authors who do not

Figure 5
Experience and Article Quality (Best Paper)
Notes: Based on estimates in Online Appendix Tables E.12 and E.13 Columns 1 and 2. The dependent variable
is the number of citations received by the most cited paper in each five-year period.

38. In the case where an author does not have a second (or third, or Nth article, we exclude them from the
sample for that period.
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have multiple papers within a given time period, thus causing this outcome to be un-
defined for such author–period pairs.
In sum, our analysis of publication rates over the career yields results that are con-

sistent with what others have found in other contexts: the relationship between expe-
rience and output quantity (publication rates) is hump-shaped. By contrast, the quality
of the best work(s) is not hump-shaped—they are roughly flat for the early part of the
career and then declining later in the career.

D. Fund Young or Old? The Policy Trade-Off

We have shown that creativity falls with experience and that attrition is ability based.
What does this imply about how scarce research positions and resources should be al-
located between younger and older scientists? Consider the theoretical framework out-
lined in Section II. We now outline a simple extension of this model in which science is
dependent on funding, with salaries being paid by a single funding agency. The funding
agency distributes an annual time-invariant budget that supports N researchers, both
young and older, to maximize scientific output over an infinite horizon, the quality-
weighted sum of publications. That is, the agency chooses Nyt‚Not

� �1
t=0 to maximize

+
1

t=0
btF Nyt‚Not

� �
‚

where

(4) F Nyt‚Not

� �
=
�
df etð ÞaH +aL

�
Nyt 1 - pð Þ + �df etð ÞaH +aH

�
Nytp

= df etð ÞaH +ly
� �

Nyt

Here b is the agency’s discount rate, and my is the mean ability for young researchers.
Optimization is subject to Nyt+Not=N, which must hold in each period, and old re-
searchers must be recruited from the high-ability young researchers hired in the previous
period (soNot £ pNyt–1). The first term on the right-hand side of Equation 4 is the quality
of a paper when the young author is an L-type times the number of such papers, and the
second term is analogously defined for papers fromH-type young authors. Thus, F is
the average quality of articles ([df (et)aH + my]) times the number of articles written
(Nyt). As in Section II, onlyH-type scientists continue to a second period, but here the
funding agency actively decides how many to extend and faces a trade-off that the more
older scientists it funds, the smaller is the in-coming “class” of young researchers.
This is a dynamic problem in which choices in each period resonate in the future.

An exact solution for the optimal paths ofNyt andNot is beyond the scope of the paper,
but the solution is nonetheless simple to characterize through inspection of Equation
4, and the constraint that the old researchers must be recruited from the previous peri-
od’s young. In each period, the funding agency balances the gains against the losses from
increasing funding to young scientists. As Equation 4 shows, enlargingNyt compared to
Not increases the quantity of articles published. The benefit of this rises with the expected
ability of the young researcher, my. Enlarging Nyt also increases the stock of scientists
from which to draw the scientific leaders in the next period, which is valuable if the
constraint Not+1£ pNyt binds. But diverting resources from older researchers decreases
the effort older scientists allocate to each paper, lowering each paper’s quality (because
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f ¢(et) > 0). The loss due to effort reduction is less of a deterrent the more diminished the
older researcher’s creativity—all else equal, therefore, the lower is d, the more the fund-
ing agency will favor young researchers.
The upshot is that as science is team-based, where teams comprise young researchers

working under the guidance of high-ability, older researchers, funding agencies have to
be wary of increasing funding to the young. On the one hand, diverting funding to the
young increases the quantity of research and increases resources to researchers undi-
minished by age. It is also an investment in future scientific leadership. On the other
hand, it may reduce research quality by diverting resources from researchers who are
more tested and may also reduce the effectiveness of their leadership by spreading it
more thinly.

V. Discussion and Conclusion

This study systematically investigates the effect of experience on the
quality and quantity of scientific output. Our data are more comprehensive and detailed
than previous work on scientific productivity, as they include information on the pub-
lications, citations, references, and text of almost all biomedical scientists publishing
between 1980 and 2009. This allows for relatively broad generalization from our results
and a rich characterization of output using a variety ofmetrics. In addition, the longitudinal
structure of our data allows us to control for time-invariant researcher differences, which
turns out to be crucial for accurately understanding how scientific productivity evolves
over the career. Finally, our data also allow us to estimate the effect of experience
separately for different roles played in the research team, for first authors, who design,
implement, and write up the work and are often at the beginning of their careers, and
last authors, who conceive the research and provide the intellectual guidance and the
funding for the research.
Our analysis of the quantity of scientific output yields results that are consistent with

the human capital model and much of the empirical literature. Specifically, the quantity
of output in biomedical science (as measured by publications) follows an inverted-U
relationship in experience, with publication rates peakingwell into the career. This result
holds regardless of whether we control for time-invariant researcher differences using
author fixed effects and mirrors the findings of Levin and Stephan, who, using a similar
approach and the same publication count–based measure of productivity from a dif-
ferent data set, find this life-cycle pattern for earth scientists and physicists (though not
particle physicists).
A contribution of this work is the employment of data that enables a much richer

description of the quality, impact, and composition of the science produced over the life
cycle than is possible with publication counts alone. Our analysis of the quality of
scientific output tells a more nuanced story of how productivity and human capital
change over the career compared to the analysis of publication counts. When we do
not control for time-invariant researcher differences, by omitting author-position fixed
effects, the quality (like the quantity) of scientific output follows a slight inverted-U
relationship with experience. However, when we include author-position fixed effects,
the quality of scientific output declines with experience. This highlights the importance
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of the longitudinal structure of our data and its ability to control for time-invariant re-
searcher differences; the absence of such controls is likely responsible for the hump-
shaped or flat quality–experience profiles found in past research. We show that the con-
flicting results produced from regression specifications with and without author-position
fixed effects are the result of ability-biased attrition rates. Lower-ability researchers tend to
cease publishing at earlier points in the career, leaving higher-ability researchers to
produce a growing share of total publications (which tend to be higher quality). In other
words, themean person publishingwhen young has a lower-ability fixed effect than the
mean person publishing when old, and the improving ability distribution offsets the
decline in productivity.
Our analysis of how article inputs change over the career shows that, compared towhen

they are old, younger authors are more likely to use new important concepts and refer-
ence more recent, important, and diverse works. These input choices and strategies are
associated with works that have a higher, broader, and more transformative impact.
Though we do not find that measured changes in article inputs account for the negative
experience–quality profiles, we interpret these results as evidence that, like the quality
of scientific output, the quality of scientific human capital falls with experience.
Is the experience–quality relationshipwe are finding because older researchers are PIs

whose responsibilities (fund-raising, mentoring, and administration) have them spread
thin? Our finding that age affects even the first authors (who are not PIs) substantially
implies that the experience-related decline in quality is not simply due to an increase in
distractions that come with transitioning to PI. Of course, we are not able to say to what
extent the age effects are due to other life-cycle events, such as family commitments, but it
is noteworthy that quantity does increase for much of the career. Because researchers in
our data are comingup for tenure at very different times in their careers—due towhen they
first published, the length of post-docs, and differences and resets in tenure clocks—our
data are not well suited to study the impact of academic tenure on research productivity.
But the timing of the quantity decline and the continuity of the decline in both input and
output quality beyond even after the second decade of publication suggest that other
factors are behind these dynamics. Our findings that output and input qualitymeasures are
lower for older researchers and that the quality of researchers’ best work(s) changes little
over most of the career are also inconsistent with a “swing for the fences” effect of tenure.
These results suggest that policies attempting to shift resources from established

older scientists to younger scientists should be designed with care. Though the skills of
younger scientists may be undiminished by age, the average older scientist has proved
their mettle by surviving the test of time, whereas the set of younger scientists to which
resources will be shifted are a mixed bag of quality.
Our finding that the experience gradient is steeper for first authors suggests that first

authors’ contributions are more decisive for the outcome of the project and reception of
the work, or that the talents or skills called upon in that position are more affected by
experience. It may also reflect the fact that the last author, because they must have
attracted funding for the project to go forward, is in a sense prescreened (low-ability,
older authors, whose abilities have declined, would not have secured the resources
for the project in the first place) in a way that the first author is not.
We recognize that while the metrics that we construct are richer than in most previ-

ous studies, they are still limited in that they do not capture all inputs and outputs of the
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scientific production process. For instance, they do not capture the potentially important
effect of older researchers mentoring younger researchers. Nor do these estimates cap-
ture any effect of older researchers on the reception of younger researchers’ works.
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