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Extended Abstract

Scientists focus nearly all effort on a small fraction of potential topics. Of the ~ 20,000 protein-
coding human genes—the biological objects that determine, among other things, how diseases
manifest and how well they respond to treatment—roughly ten percent receive nearly all scien-
tific attention (Stoeger et al., 2018)). More than half of these genes have never been the subject
of a single focused scientific paper. Case studies of other basic building blocks of biomedical
research—kinases (Grueneberg et al. [2008)), proteins (Baker|[2009), human embryonic stem cell
lines (Scott et al.[2009), tumor cells (Edwards et al.2011), model organisms (Kustatscher et al.
2022)—reveal similar trends.

Extreme skewness in the distribution of scientific effort across potential topics is not itself
evidence of inefficiency. The true distribution of the social returns to research may be similarly
skewedE] Empirically, however, various indicators of the scientific and medical importance of
these unstudied topics indicate otherwise. Genes that have been linked repeatedly to cancer, for
example, have received zero focused study. Similar patterns have been documented for genes and
proteins associated with the COVID-19 virus. From a more fundamental perspective, if the value
of basic science becomes apparent only with substantial delay, it is challenging to determine ex
ante that a particular topic warrants no focused inquiry (Edwards et al., 2011).

These concerns are the starting point for this paper. We combine theory and empirics to in-
vestigate whether patterns such as these—highly sparse, concentrated, and uneven clustering of
scientists across “idea space”—are indicative of inefficiencies in scientific investment. We iden-
tify three economic forces—knowledge spillovers, path dependence in scientist project choice,
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and heterogeneity in scientist productivity—that, together, yield highly skewed distributions of re-
search effort and distort investments away from the social optimum. Using newly-constructed data
on the universe of investments in biomedical research, we document evidence of each source of
inefficiency empirically. We draw on these descriptive facts to develop and estimate a quantitative
model of investment. In ongoing work, we use estimated parameters to analyze counterfactual
distributions of research effort under alternative policy designs.

Choices made by individual scientists, in the aggregate, determine the rate and direction of
scientific progress. We, thus, develop a simple theoretical model of scientist project choice, which
clarifies the conditions under which scientists choose to locate in close proximity to one another
and, in turn, whether these co-location decisions differ from what is socially optimal. The sci-
entist’s problem is one of sequential investment. In each period, the scientist must choose from
a set of potential projects by weighing costs against benefits. There are two key features in this
model. First, scientists begin their independent careers with an initial stock of knowledge, formed
during a period of apprenticeship to a senior scientist. Second, the costs to a scientist of selecting
any potential project are determined both by its proximity to existing research projects and by its
proximity to their own portfolio of past projects.

We show that, in the presence of knowledge spillovers, this dependence across periods in sci-
entists’ costs yields two distortions. Individual scientists select projects in close proximity to their
initial stock of expertise, and aggregate investment is clustered around existing research domains.
The extent of this distortion is determined by the distribution of scientist productivity. If the popu-
lation includes only a small number of highly-productive scientists—who produce more projects,
more students, and larger spillovers than their peers—the skewness of the distribution of research
effort becomes more extreme.

To test for and quantify these sources of inefficiency empirically, we construct new data on sci-
entist careers and project choices. Using data extracted from the texts of scientific publications and
methods from natural language processing, we introduce a metric that parameterizes the set of po-
tential scientific topics in a high-dimensional space. We construct granular panel data for roughly
200,000 scientists, which records potential investments, realized projects, costs, and payoffs over
time.

Using these data, we collect empirical evidence consistent with the existence of each source
of inefficiency identified in our theoretical model. In doing so, we document what are, to our
knowledge, three new sets of descriptive facts on patterns of scientific investment. First, we find
that scientists, with somewhat remarkable consistency, select projects by trading off the similar-
ity of the project to their existing stock of knowledge with its expected payoffs. Put differently,
scientists select projects that are more dissimilar from their previous work when expected payoffs
are higher. We reproduce a version of this fact in Figure |I| Second, we find evidence of quanti-
tatively significant path dependence in scientists’ choices across periods. We identify a source of
idiosyncratic variation in scientists’ initial stocks of knowledge—generated by patterns of sorting
into postdoctoral training groups—which allows us to distinguish path dependence in investment
from persistent heterogeneity. We show that small differences in early training environments have
substantial, persistent effects on specialization. Third, we collect evidence of significant hetero-
geneity across scientists both in their production of projects and in their “production” of studentsE]

2Since [Lotkal (1926)), extreme inequality in the distribution of publications and citations across scientists has been
a well-documented phenomenon, typically attributed to differences among scientists in the ability to do high-impact



These empirical patterns, interpreted against the results of our theoretical model, provide support
for the idea that the clustering we observe in scientific topic space is, in fact, inefficient.

To quantify the extent of inefficiency and analyze how potential policy levers might affect the
distribution of research effort, we develop and estimate a quantitative model of scientific invest-
ment. This model allows us to estimate, for each scientist in our sample, the following parameters:
the cost of executing a project by its dissimilarity from their existing knowledge, preferences for
novelty, ability to recover a project’s latent value, and a measure of risk aversion

With these estimated parameters, we simulate the distribution of scientific project choices in
counterfactual scenarios. Of particular interest—given our focus on path dependence stemming
from scientists’ initial training and heterogeneity in scientist ability—are scenarios that increase
the extent of early career exploration. In ongoing work, we examine how changes in scientists’
initial stocks of knowledge and in the costs of exploration affect the extent of clustering across the
space of potential topics.

The idea that highly-skewed distributions of scientific research across topics reflect suboptimal
allocations of effort has been a topic of discussion among scientists in recent years. In the scientific
literature, researchers have characterized these patterns as evidence of “research bias” and have
argued that misaligned incentives in academic research may be causing science, in the aggregate,
to miss important discoveries (Grueneberg et al.[2008}; Baker|2009; Edwards et al.|[2011; Stoeger et
al.[2018; Mullard 2019; Kustatscher et al.|2022). Efforts by governments, non-profit organizations,
and scientific consortia have attempted to “illuminate” these understudied research areas (Mullard
2019; Kustatscher et al.| 2022). To our knowledge, however, we offer the first theoretical and
empirical investigation of these claims, as well as the first examination of counterfactual scenarios
that may be facilitated with small changes to the design of existing institutions. We offer micro-
foundations for various determinants of scientific project choice—including knowledge spillovers,
path dependence, and scientist co-location—and introduce an empirical framework for the study
of sequential, cumulative investment.

This work relates to literatures that examine the direction of innovative effort (e.g.,Budish et al.
2013)), the role of education in shaping innovation (e.g., Jones|2009; |Biasi and Ma 2022)), and the
trajectories of scientific careers (e.g., Myers|2020; Hill and Stein/ 2023, 2024)E| Our formulation
of scientific human capital derives, in part, from the model of “combinatorial” new ideas in Jones
(2021), our investigation of inefficiency is based, loosely, on the idea of technological lock-in
described in|David (1985)), and our empirical investigation of agglomeration in “idea space” draws
on a long literature that investigates agglomeration in physical space (e.g., Ellison et al.|[2010;
Moretti)|2021)).

More generally, in advanced economies, long-run productivity growth is understood as orig-
inating from investment in new ideas — a concept that forms the basis for modern endogenous
growth theory (e.g., Romer | 1990; /Aghion and Howitt|1992). In this paper, we investigate a source
of stymied productivity growth in the context of scientific research: overinvestment in old ideas.

research. Lotka’s “law” states the following: if there are k scientists who publish one paper, then there are n% publishing
n papers (Lotka|1926)).
3We interpret this risk aversion parameter as capturing a mixture of the scientist’s preference for uncertainty and
what we term “clairvoyance” or “taste”—their ability to identify projects that are likely to be especially successful.
*Our survey of related literature here is intentionally brief.
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Figure 1: Scientific Proximity as a Determinant of Investment

é
0.2- ¢ '
' @
@
g K
2 &
5 ™ #
@
(O]
: &
=
< 001 !ﬁ
2 &
1S )
> é
©
o ii
s é
]
15 -1.0 0.5 0.0 05 1.0

Proximity to (own) existing knowledge, log

Note: We construct data on the project choices of 199,605 scientists. Each paper is represented as a vector in the
roughly 30, 000-dimensional space of scientific topics. In our preferred specifications, the scientist’s stock of existing
knowledge is defined, in this space, as the convex hull of the papers that the scientist has published to date. We
measure the distance between a potential project and the scientist’s stock of knowledge, then, by generating an
approximate distance between the project and this convex hull measure. For each project, we collect a measure of
realized citations. We apply a scaling procedure, which yields a measure of the citations that the project was expected
to receive at the time it was selected. The x-axis plots the measure of proximity to expertise described above. The
y-axis plots the measure of expected payoffs described above. Both are log-transformed, within-scientist,
leave-one-out means. The log transformation accounts for heterogeneity in both measures across scientists. Within
scientist leave-one-out-means facilitate interpretation. This figure is a binned scatterplot, where bins are determined
as ventiles of the x-axis proximity measure.



