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Scientists and inventors set the direction of their work amid evolving questions,
opportunities and challenges, yet the understanding of pivots between research
areas and their outcomes remains limited'. Theories of creative search highlight

the potential benefits of exploration but also emphasize difficulties in moving beyond
one’s expertise® ™. Here we introduce a measurement framework to quantify how

far researchers move from their existing work, and apply it to millions of papers and
patents. We find a pervasive ‘pivot penalty’, in which the impact of new research steeply
declines the further aresearcher moves fromtheir previous work. The pivot penalty
applies nearly universally across science and patenting, and has been growing in
magnitude over the past five decades. Larger pivots further exhibit weak engagement
with established mixtures of prior knowledge, lower publication success rates and
less marketimpact. Unexpected shocks to the research landscape, which may push
researchers away from existing areas or pull theminto new ones, further demonstrate
substantial pivot penalties, including in the context of the COVID-19 pandemic. The
pivot penalty generalizes across fields, career stage, productivity, collaboration and
funding contexts, highlighting both the breadth and depth of the adaptive challenge.
Overall, the findings point to large and increasing challenges in effectively adapting to
new opportunities and threats, withimplications for individual researchers, research

organizations, science policy and the capacity of science and society as awhole to
confrontemergent demands.

Science has been described as an endless frontier">'>'¢, New opportuni-
tiesand challenges continuously emerge, from synthetic biology or cli-
mate change to the COVID-19 pandemic, and researchers and research
organizations must consider adapting their research portfolios to
address these emergent demands**7 %, Adaptability is thus crucial
for scientific and technological progress">”, and adaptive success or
failure can underpintherelative progress or collapse of organizations,
economic regions and societies™>">16202,

The adaptability of research streams hinges on researchers, who
must regularly consider the direction of their work and their potential
to engage with new areas. Researchers face consequential choices
across large or small changes in their research directions, but the degree
to which research directions are adaptable depends on fundamen-
tal trade-offs and unknowns. On one hand, shifts in research may be
difficult™, because the specialization of expertise’>>?, the design of
funding systems®*** and the nature of research incentives, culture and
communities”” % may all limit the capacity of a given individual to
respond effectively to changing opportunities and demands®2, On
the other hand, the value of novelty®**** and exploration®®*in creative
search suggests that moving further from one’s usual research area
might be particularly fruitful'®™*3¢ and new entrants or ‘outsiders’ to
agiven area are sometimes thought to be especially capable of trans-
formative ideas”. Indeed, a researcher who continues to exploit an
existing direction may face diminishing returns and miss opportunities

afforded in other areas®>®. Exploring new areas might be risky, but it
may also be more likely to produce high-impactinsights.

Here we study the adaptability of scientists and inventors, and exam-
ine the outcomes whenresearchers workin areas nearer or further from
their existing research portfolio. We introduce a measurement frame-
work forresearch pivots and then study adaptability in both general and
specific settings. We first apply the measurement framework at high
scale across scientific and technological domains, studying millions
of scientific articles indexed by Dimensions from1970 t0 2020 and US
patents granted from1985t02020 (Supplementary sections1.1-2). The
core finding is that there is a substantial pivot penalty, meaning that
the further a researcher moves from their previous work, the worse
theresearch performsin terms of citation impact, publication success
and a host of other outcomes. The negative effects of pivoting occur
for individual researchers, across wide-ranging fields of inquiry, and
have beenincreasing over time. We then evaluate the pivot penalty in
terms of canonical conceptual frameworks, and investigate potential
mechanisms, drawing onideas of reputationand audience®***, aswell
as creativity frameworks in the production of new ideas®*™2, Finally,
we turn to case studies of substantial interest to science and in which
exogenous events can elicit research pivots. We study ‘push’ events,
in which existing knowledge is revealed to be incorrect or unreliable,
pushingresearchers away fromtheir previous research streams. We also
study a‘pull’ event—the COVID-19 pandemic—that drew researchersinto
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Fig.1| Quantifying research pivots. a, The pivot measure compares a focal
work against previous works by the same researcher. Anincreasing value on the
[0,1]intervalindicatesalarger pivot from theresearcher’s previous work. Inthe
sciences, journals are used to define research areas (pictured); in patenting,
technology classes areused. b, The distribution of author pivotsin 2020
(n=38.32million author-by-paper observations) isdispersed across the[0,1]
interval.c, Thedistribution of inventor pivotsin 2020 (n=166,000 inventor-
by-patent observations)is dispersed across the [0, 1] interval and isbimodal.
COVID-19 papers (b) showed higher median pivots than other papersin2020.
Fig.1a,icons adapted fromthe Noun Project (https://thenounproject.com).

animportant new research area. We find that despite the wide-ranging
nature of these events, researchers pivot to an unusually large degree
after these events, and the pivot penalty persistsin each case. The pan-
demic also allows us to examine a consequential, society-scale event
and the capacity of science as a whole to address the new research
demands. We conclude with adiscussionabout the implications of these
findings for researchers, research organizations and science policy.

Measurement framework

To quantify pivots for researchers, we calculated a cosine-similarity
metric that measures the extent to which a given new work departs
fromaresearcher’s previous body of work (Fig.1a and Pivot size in the
Methods). For papers, we considered the referenced journals, com-
paring the focal work with the previous body of work for that author.
The pivot measure, @, varies on the [0,1] interval. It takes the value O
(zero pivot) if the focal paper draws on exactly the same distribution
of journals as the author’s previous work, and takes the value 1 (full
pivot) if the focal paper draws on an entirely different set of journals.
In the patent context, for which journal information is not available,
we use technological field codes to measure pivots (see Pivot size and
Supplementary section 2.2 for details and alternative constructions
of the pivot measure).

Figure 1shows the distribution of pivoting behaviour, focusing on
theyear 2020. Pivoting values ranged across the [0, 1] interval in both
the science and patenting contexts, indicating that pivotingis prevalent
for both scientists and inventors (Fig. 1b,c). We also observed a sharp
increasein pivotsize for research related to COVID-19, in that scientists
who engaged with COVID-19 exhibited unusually large pivots; whereas
papers not related to COVID-19 in 2020 have a median of ® = 0.60,
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COVID-19 papers present a substantially larger median pivot size
of ®=0.82 (P<0.001, chi-squared test for median differences).
Thevariable nature of pivot size is particularly prominentin patenting,
for which we observed a bimodal distribution (Fig. 1c), showing a ten-
dency for both small and large jumps. Supplementary section S2.2
provides further analysis of these patterns, demonstrates their robust-
nessacross alternative pivot measures and offers specificexamples of
pivoting.

The pivot penalty

When scientists and inventors shift away from their earlier research,
a central question is how impactful their new work becomes. We first
considered 25.8 million papers published from 1970 to 2015 across 154
fields. To quantify impact, we calculated a binary, paper-level indica-
tor for whether a given work was in the upper 5% of citations received
inits field and publication year*’. In Fig. 2a, the data are presented as
binned scatterplots, with papers grouped by pivot size into 20 equally
sized groups and showing the mean rate of high-impact papers for
eachgroup (see Binned scatterplotsin the Methods). Figure 2areveals
astriking fact: across the whole of science, papers with larger average
pivots have asystematically lower propensity for highimpact. Indeed,
we observed alarge, monotonic decrease in the average hit rate as the
pivotsizerises. The lowest-pivot work had highimpact 7.4% of the time,
which is 48% higher than the baseline rate (P < 0.001in one sample
t-test), whereas the highest-pivot work had highimpact only 2.2% of the
time, whichisa56%reduction fromthe baseline (P < 0.001). Figure 2b
normalizes impact for individual researchers using regressions with
individual fixed effects (see Regressions withindividual fixed effectsin
the Methods), showing animpact penalty that is both substantial and
less steep than in the raw data. Within a given researcher’s portfolio,
the lowest-pivot work was 2.1% more likely (P < 0.001in regression
t-test) to have highimpact than that researcher’s other work, and their
highest-pivot work was 1.8% less likely (P < 0.001) to have high impact,
again showing large deviations from the 5% baseline.

We next considered 1.72 million patents granted from 1980 to
2015 across 127 technology classes, and we similarly calculated the
patent-level hitrate based onbeinginthe upper 5% of citations received
in the patent’s technology classification and application year. We
again found a monotonic decrease in impact as pivot size increased
(Fig. 2c). The lowest-pivot patents had high impact 8.0% of the time,
whichis 60% higher than the baseline rate (P < 0.001in one-sample
t-test), but the highest-pivot patents had high impact only 3.8% of the
time, a 24% reduction from the baseline (P < 0.001). This decline in
impact with larger pivots was robust to measuring inventor pivots at
any technology-classification level, from the broadest to the narrow-
est (Supplementary Fig. 1). Figure 2d further normalizes impact for
individual inventors and continues to show the pivot penalty.

The relationship between pivot size and impact in science has
become increasingly negative over the past five decades, both in the
raw data (Fig.2e) and whenlooking at individual researchers (Extended
Data Fig.1a,b). Furthermore, these findings generalize widely across
scientificfields. Studying each of the 154 subfields separately, the nega-
tive relationship between impact and pivot size held for 93% of fields,
and the increasing severity of the pivot penalty over time occurred in
88% of all scientific fields (Supplementary Table1). Turning to patent-
ing, we again observed an increasingly steep pivot penalty with time
(Fig. 2f). Studying 127 level-2 technology classes separately, the nega-
tive relationship between impact and pivot size held in 91% of classes,
with the severity of the pivot penalty growing over time in 76% of patent
classes (Supplementary Table 2). This steepening pivot penalty among
inventors was also seen when using broader or narrower technologi-
cal classifications (Supplementary Fig. 2). Earlier years for patenting
showed flatter, less-monotonic relationships in the raw data (Fig. 2f)
and within inventors’ portfolios (Extended Data Fig. 1c,d).
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Fig.2| The pivot penalty. a, Inastudy of 25.8 million papers published
from1970to0 2015, papers with higher pivot size have substantially lower
probabilities of being high impact. b, For a particular author, relative impact
for their papers declines steeply with pivot size. ¢, Inastudy of 1.72 million
US patents granted from 1980 to 2015, patents with higher pivot size have
substantially lower probabilities of being highimpact. d, Fora particular
inventor, relative impact for their patents declines with pivot size. e,f, Over
time, the relationship between pivot size and high-impact works hasbecome
increasingly negative in science publishing (e) and patenting (f).

The findings of a substantial impact penalty are robust to many
alternative measures and sample restrictions (see Supplementary
sections 2.2-2.3 and 3.1-3.2 for analysis and further examination of
high-pivot cases and outlier fields). Robustness tests considered: alter-
native time windows to determine citation impact (Extended Data
Fig.2); alternative measures of citationimpact (Extended DataFig. 3);
sample restrictions to papers with larger reference counts (Supplemen-
tary Table 3); alternative pivot-size computation based on referenced
papers’ field coding, as opposed to their journals (Supplementary
Fig. 3); alternative field encodings for patents (Extended Data Fig. 4
and Supplementary Figs. 1, 2 and 4); and hand checks on high-pivot
researchers (Supplementary section 3.1).

When examining outcomes, one can also look beyond the citation
impact.For papers, we further measured whether a published paper was
referenced in a future patent®>*®, indicating the use of the idea beyond
science. There was a large decline in patent references to high-pivot
articles, with the probability of being cited in a patented invention
declining by 43% (P < 0.001in a two-sample t-test) when comparing
the highest-pivot with the lowest-pivot vigintiles of papers (Extended
DataFig. 5b). We also examined the propensity for preprints tobe pub-
lished and found that higher-pivot preprints were published at substan-
tially lower rates, with publication rates for the highest-pivot papers

declining by 35% (P < 0.001) compared with the lowest-pivot papers,
indicating another form of the pivot penalty (Extended DataFig. 6). For
patents, we considered the invention’s market value based on how a
company’s stock price moved in response to the patent being issued*.
The market value of a patented invention decreased steeply with pivot
size, declining by 29% (P < 0.001) when comparing the highest-pivot
with the lowest-pivot patents (Extended Data Fig. 7). These findings
indicate that the pivot penalty also appears when considering publica-
tionsuccess, practical use and market value, pointing to a constellation
of outcomes that go beyond the citation behaviour withina community
of researchers.

Altogether, we observed striking empirical regularities that gen-
eralize across science and technology. Despite the distinct nature of
scientificarticles and patents, the institutional contexts in which they
are produced, the wide range of research fields and their alternative
outcome measures, they have remarkable commonalities: for both
scientists and inventors, greater pivots bring large penalties, and this
increases over time.

Conceptual frameworks and mechanisms

Our findings indicate that researchers face substantial challenges
when entering new subject areas, heightening concerns in innova-
tion communities that research with wide reach or new orientationsis
difficult™®™*'8% Entering new areas may be challenging as a matter of
reception, whereby ascholar has difficulty penetrating new audiences,
and it may be challenging as a matter of idea generation, as scholars
canface problems generating valuable ideas outside their key areas of
competency. To further inform the nature of the pivot penalty, we next
examined the pivot penalty in view of both reputational perspectives
and idea generation.

An established reputation in a local research community may
provide impact advantages within that community but be arelative
disadvantage outside it*. For example, the ‘Matthew effect***° sug-
gests advantages of established eminence within acommunity, but
‘typecasting*** may undermine the reception when entering new
areas. These and other reputational considerations indicate that the
pivot penalty may emerge because researchers move beyond their
usual audience. To test these considerations, we first examined pivots
holding the researcher’s field or local audience fixed. Specifically, we
examined what happens when a given researcher publishes multi-
ple papers with different pivot sizes but in the same time frame and
field, even in the same journal (Supplementary Table 4). We found
that the pivot-penalty regression coefficient was approximately 26%
less steep (Supplementary Table 4) when an individual published in
the same journal, an attenuation that is consistent with a weakening
of reputational forces when looking within acommon audience, but
most of the relationship remained. The pivot penalty thus persisted
whenthe researcher published in a consistent field or before a consist-
ent, local readership. A related approach considered impact within a
given, distantaudience. Recalling the findings for patented applications
(Extended Data Fig. 5) and market value (Extended Data Fig. 7), the
pivot penalty also appeared when examining how inventors draw on
science or how investors value inventions. These evaluations are made
by individuals who are far away from the focal researcher. In sum, the
pivot penalty appears not simply as a matter of movement across fields,
or fromalocal audience to a distant audience. Rather, it appears for a
researcher withinagivenfield orjournal, anditappears within distant
communities focused on practical use and market returns.

Reputational considerations may be further informed by consider-
ing career stage. Specifically, younger researchers, with less-formed
reputations, may see less advantage (the Matthew effect) from staying
inagivenarea orless penalty (typecasting) from venturing outside it*"*¢,
Studying career stage, the pivot penalty was slightly stronger (1.6%
steeper per year, P < 0.001, regression coefficient t-test; Supplementary
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Table 5) with advancing career age, consistent with these reputational
frameworks. Yet the pivot penalty appears regardless of career stage,
including very early in the career (Supplementary Table 5). The find-
ings continued to indicate adaptive challenges, beyond the force of
established reputations, when entering new research terrain.
Turning to frameworks of idea generation, a canonical perspective
emphasizes an ‘explore versus exploit’ trade-off in creative search.
Here, exploitation involves lower-risk but potentially lower-return
search around the edges of one’s current focus, whereas explora-
tion involves higher-risk but potentially higher-return forays into
more-distant areas®>”*, Related views indicate an advantage of out-
siders in bringing new perspectives and driving breakthroughs!®"*.
Our analyses looked at upper-tail outcomes, but it is possible that the
value of large pivotsliesinevenrarer, more extreme, positive outcomes.
Surprisingly, however, we found that high-pivot researchis increasingly
under-represented at higherimpact levels, whereas low-pivot research
has advantages (Supplementary Fig. 5a,b). For example, studying the
upper 1% and 0.1% of scientific works by citation impact, papersin
the lowest decile of pivot size were over-represented by 65% and 91%,
respectively (P < 0.001in one-sample ¢-tests). By contrast, papers
in the highest pivot size decile were under-represented by 69% and
73%, respectively (P < 0.001),among the upper 1% and 0.1% of citation
impact. Rather than indicating a trade-off between risk and reward in
exploratory search, or outsider advantages, these findings continue to
indicate a fundamental difficulty of venturing into new areas.
Alternative idea-generation frameworks emphasize the value of spe-
cialized expertise. These frameworks link creative advantages less to
outsiderideasand more to the accumulated facts, theories and methods
built in an area by previous scholars**%, The emphasis on expertise
and the value of prior knowledge is consistent with Newton’s famous
statement that “if [have seen further, it is by standing on the shoulders
of giants™, Furthermore, the steepening of the pivot penalty with time
is consistent withiincreasingly narrow expertise as science progresses
and knowledge deepens™*°*!, The publication findings (Extended Data
Fig. 6) showingamonotonicdeclinein publication success rates as pivot
size increased, and where the highest-pivot preprints were 35% less
likely tobe published inany journal, suggest the presence of substantive
issues with these works, consistent with challenges in moving beyond
one’s established areas of expertise. Related creativity frameworks
emphasize that new works can be seen as new combinations of existing
material®**. Previous studies have shown that high-impact research
is characterized primarily by highly conventional mixtures of prior
knowledge but also tending to inject, simultaneously, a small dose of
atypical combinations that are unusual in previous research®*. Follow-
ingthis literature, we further measured the novelty and conventionality
of combinations in a given paper and related these measures to pivot
size and impact (Extended Data Fig. 8 and Supplementary Table 9).
We found that high-pivot work was associated with a higher propen-
sity for atypical combinations (Extended Data Fig. 8a), a feature also
reflected in work linking inventors who switch fields to new technol-
ogy combinations™. For example, 31% of the lowest-pivot vigintile of
paperswere characterized by high tail novelty, and 49-58% of papersin
high-pivot vigintiles had high tail novelty. In other words, when pivoting,
aresearcher not only does something new personally, but also tends to
introduce previously unseen combinations of knowledge to the broader
researchdomain. However, at the same time, high-pivot papers showed
distinctly low conventionality (Extended Data Fig. 8b), locating a key
characteristic that such exploratory work tends to miss: a prevalence
towards well-established mixtures of knowledge. For example, 79% of
the lowest-pivot papers exhibited mixtures with high median conven-
tionality, whereas only 27-30% of papers in high-pivot vigintiles had
this characteristic. These findings indicate that researchers, as they
shift to new areas personally, are equipped for novelty but limited in
their relevant or conventional expertise, underscoring the difficulty
researchers may face in venturing beyond their specialized knowledge.
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Pivoting inresponse to external events

The pivot penalty indicates that larger pivots are strongly associated
with lower impact. However, the research landscape is constantly
shifting, and researchers must weigh opportunities nearer to and
further from their current research streams. To further probe pivot-
ing behaviour and the pivot penalty, we considered external events
that may provoke researchers to pivot. External events can provide
quasi-experimental settings and help to establish causal interpretations
of the pivot penalty, and may further inform the tensions regarding
how researchers navigate a shifting research landscape.

We first considered events that may push researchers away froman
existing research stream. Specifically, previous research is sometimes
revealed asincorrect or unreliable, which may encourage researchers
who had been building on that work to move in new directions. Here
we focus on paper retractions, which are of growing interest to the
science community®*~8, Using Retraction Watch and the Dimensions
database, weidentified 13,455 retractions over the 1975-2020 period. As
atreatmentgroup, we considered researchers whose work referenced
aretracted paper beforeit wasretracted (but who were not authors of
the retracted study). As a control group, we considered researchers
who referenced other papers appearing in the same journal and year
astheretracted paper. We further used coarsened exact matching® to
match treated and control authors by their publication rates before
the retraction year. We then compared pivots and hit rates between
the treatment and control groups, over the four years before and the
fouryears after retraction events, ina difference-in-differences design
(Fig. 3a and Difference-in-differences).

We found that pivot sizes increased markedly after aretraction event
(Fig.3b). Consider first the 164,988 treated researchers who referenced
aretracted paper at least once before its retraction. The mean pivot
size for these researchers’ works after the retractionincreased by 2.5%
(P<0.001) compared with control researchers’ works. We also stud-
ied asmaller treatment group of 18,505 researchers who referenced a
retracted paper multiple times, indicating more intensive use. For this
group, pivoting was larger, with mean pivot sizes increasing by 3.7%
(P<0.001) after the retraction, compared with the control authors
(Fig.3b). Turning to paperimpact, treated authors experienced a 0.4%
decline (P<0.001) in hit rate after the shock, compared with control
authors (Fig. 3c). Among treated authors who drew on the retracted
study multiple times, we saw not only larger pivots (Fig. 3b), but also
alarger 0.7% decline (P < 0.001) in hit rates after the retraction event
(Fig.30).

Difference-in-differences analyses on ayear-by-year basis reinforced
these findings. Figure 3d shows anincrease in pivoting starting in the
retractionyear. Similarly, Fig. 3e shows asustained declinein hit rates
after the retraction. Two-stage least-squares regressions, with the
retraction event as an instrument, further show that these ‘push’ piv-
ots predict substantial declines in impact (Supplementary Table 6).
Robustness tests using hit rates and citation counts over alternative
periods, or using alternative definitions of the treated group, showed
confirmatory results (Supplementary section 2.7.1, Supplementary
Table 6 and Supplementary Figs. 6 and 7). We further considered a
smaller case study of replication failures, rather thanretractions, draw-
ing on alandmark 2015 study of reproducibility in psychology®®, for
which 100 papers were quasi-randomly chosen for evaluation and 64
contained non-reproducible results. Deploying the same treatment
and control method as for paper retractions, this smaller study pro-
vided confirmatory results for pivoting and impact (Supplementary
Section 2.7.2 and Supplementary Table 7). Altogether, we saw pivoting
increases and hit-rate declines in response to these external shocks.
These analyses further confirm the findings of the pivot penalty, now
in response to external events that push authors into new areas.

Beyond push-type events, researchers may also be pulled into new
subject areas when new and important research questions emerge.
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author-by-paper observations). The effectis larger when focusing on scientists
whocited theretracted paperatleasttwice (0.037 £ 0.001s.e. pivot-size

Thisleadsto our second case study, analysing how researchers shifted
to engage with the COVID-19 pandemic. The advent of the pandemic
enabled large-scale investigation of individual researcher pivots and
further showed how science as a whole responds to a new and conse-
quential demands on the research community. Indeed, confronted
by COVID-19, the world looked to science to understand, manage and
construct solutions, all in a rapid fashion. Given that few researchers
were studying coronaviruses or pandemics before 2020, and none were
studying COVID-19 specifically, the emergence of COVID-19 called on
researchersacross the frontiers of knowledge to consider shifting their
work to address new, high-demand research questions® 2,

Figure 4 shows that pivoting to address COVID-19 was widespread.
Althoughtheearliest papers on COVID-19 did not appear untilJanuary
2020 (refs. 64,65), by May 2020, 4.5% of all new scientific papers were
related to COVID-19 (Fig. 4a). Furthermore, although fields differed in
the share of their papers that engaged COVID-19, all fields produced at
least some COVID-19-related research (Fig.4b and Extended DataFig. 9).
Health sciences exhibited the greatest COVID-19 orientation, but the
social-science fields of economics, education and law also addressed
COVID-19intensely, speaking to the pandemic’s socio-economic chal-
lenges®®®, Furthermore, studying each field that had at least 20 COVID-
19 papers, mean pivot sizes were larger for COVID-19 papers than for
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increase, P<0.0001, regression, n=2.96 million author-by-paper
observations). ¢, Hit rates fall for treated scientists after retraction

(-0.004 £0.001,P<0.0001,n=5.82million), and again the effect is stronger
forthosecitingtheretracted paper atleast twice (-0.007 + 0.001, P<0.0001,
n=2.96million).d,e, Year-by-year analysis comparing treated and control
authors further shows that the increase in pivot size is statistically significant
(P<0.001) startingimmediately in the retraction year (d) and the decrease in
hit rate becomes statistically significant (P < 0.05) starting the year after the
retraction (e). Inb-e, bars and markers represent the difference-in-differences
regression coefficients, and the whiskers show the 95% confidence interval
derived from theregressionstandard errors (see Difference-in-differences).
Fig.3a,iconsadapted fromApple.

other papers in that field (Fig. 4d; mean difference positive for 100%
of fields, t-test significant at P < 0.05 for 97% of fields). Figure 4c also
tracks a cohort of scientists across the body of their work, compar-
ing authors who wrote a COVID-19 paper in 2020 with a control set
of authors who did not (Supplementary section S2.8). We found that
pivotsize presented a clear jump for COVID-19-related work, for which
COVID-19 authors pivoted to an unusual degree compared with their
own publication history (P < 0.001int-tests of means), theirnon-COVID
2020 papers (P< 0.001) and the control authors (P < 0.001). In sum,
unusually large individual pivots were a widespread phenomenon as
scientists sought to address COVID-19.

We next turned to impact. Given that 2020 papers have had less
chance to receive citations®, we examined journal placement, for
which each journal was assigned the historical hit rate of its publica-
tions within its field and year (Supplementary section 2.3). Figure 4e
considers papers published in 2020, separating them into 82,900
COVID-19 papers and 2.63 million non-COVID papers. We found a pre-
mium associated with COVID-19 papers, as reflected by the upward
shift in journal placement, consistent with the extreme interest in
the pandemic. Yet the negative relationship between pivoting and
impact persisted: comparing the highest-pivot and lowest-pivot bins,
COVID-19 and non-COVID-19 papers had declines in hit rate of 61% and
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Fig.4|Pivots and the COVID-19 pandemic. a, Science rapidly shifted to
COVID-19 (COVID) researchin 2020, when COVID-19 publications rose to 4.5%
ofallscience publications in May 2020 and maintained high rates thereafter.

b, Healthsciencesand social sciences featured the strongest responses, butall
scientific fields engaged in COVID-19 research. ¢, Scientists who wrote COVID-19
paperspivoted toagreater extent thanthey did in their previous work, in their
other2020 work, or than matched control scientists did.d, Comparing COVID-19
and non-COVID-19 papersineachfieldin2020, unusually large pivots have been
auniversal feature of COVID-19 research. e, COVID-19 papers experienced an
impact premium, but the pivot penalty appearedinboth COVID-19 and non-
COVID-19 work. Comparing at the median pivot sizes (dashed lines), the
COVID-19 impact premium was substantially offset by the pivot penalty, given
itslarger median pivotsize. f,g,h, Engaging new collaborators was particularly

59%, respectively (P < 0.001in t-tests of means). Thus, scientists who
ventured further from their previous work to write COVID-19 papers
were notimmune to the pivot penalty; rather, they produced research
with less impact, on average, relative to low-pivot COVID-19 papers.
The pivot penalty in COVID-19 papers also appeared net of individual
fixed effects (Supplementary Fig. 8). Importantly, the pivot penalty
was sufficiently steep that the COVID-19 impact premium was mostly
offset by the unusually large pivots associated with COVID-19 research.
Forexample, the upper 45% of COVID-19 papers by pivot size had lower
average journal placement than did non-COVID papers with median
or smaller pivot size.

Insum, the ‘pull’ nature of COVID-19 presented two extremely strong
yet contrasting relationships regarding impact. On one hand, this work
experienced animpact premium, consistent with the value of research-
ing high-demand areas. Onthe other hand, greater pivot size markedly
predicted less-impactful work. These findings underscore a central
tension for individual researchers and the adaptability of science in
response to external opportunities: working in a high-demand area
has value, but pivoting leads to penalties that offset it.
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common for COVID-19 researchers, who worked with new collaboratorsto an
unusual degree compared with their own previous work, their other 2020
publications and with control scientists (f). Nonetheless, the pivot penalty
persisted for bigand small teams (g) and when engaging new or existing
co-authors (h).i,j, Higher-pivot work was substantially less likely to acknowledge
funding supportinthe sciences asawhole (blue) andamong COVID-19 papers
(red). COVID-19 papers were particularly unlikely to acknowledge grant support
(i), yet the pivot penalty appeared even amongboth funded work and non-funded
work (j). k, Although individual, collaborative and funding features sharply
conditioned the adaptive response of science, in regression analysis they

did notindividually or collectively overcome the fundamental pivot penalty.
Coronavirusiconadapted from the Noun Project (https://thenounproject.com).

Building onthe science of science literature, we further considered
numerous potential moderating factors and forms of heterogene-
ity that may facilitate pivots. These include researcher career stage,
productivity, project-level team size, the use of new co-authors, and
funding®*****° (see Binned scatterplots and Supplementary section 2.9).
For example, early-career researchers may have greater creative flex-
ibility”***, and larger team size or new co-authors may extend reach®”°,
When examining impact, however, we found that the pivot penalty
persisted, regardless of these features (Fig. 4f-j and Supplementary
Table 5). We further used regression methods toincorporate detailed
controls for all these potential moderating factors together and found
that the pivot penalty appears net of all these features (Fig. 4k), high-
lighting the depth and breadth of the adaptive challenge.

Discussion

Science must regularly adapt to new opportunities and challenges.
The findings in this study, however, highlight difficulties in adapting
research streams, withimplications for individual researchers, research


https://thenounproject.com

organizations, and science and society asawhole. Atanindividual level,
aresearcher must consider whether to continue exploiting a familiar
research streamor explore opportunities that lie further away. Research
on creativity reveals the value of exploration, novelty and outsider
advantages® ™% indicating a risk-versus-reward trade-off when
researchers venture further from their existing expertise. However,
other viewpoints emphasize the value of deep expertise, especially
indrawing on the frameworks, facts and tools built by previous schol-
ars™*, AsEinstein observed: “Knowledge has become vastly more pro-
foundinevery department of science. But the assimilative power of the
humanintellectis and remains strictly limited. Hence it was inevitable
that the activity of the individual investigator should be confined to a
smaller and smaller section™®. Consistent with both Einstein’s obser-
vation and previous studies indicating increasing specialization and
disadvantages wheninventors switch fields'>**, we found that research-
ers face systematic challenges to pivoting their research, and these
increase with time. This pivot penalty applies to knowledge production
inbothscience and technology, generalizes across research subfields
and extends beyond impact and publication measures to the practi-
cal use and market value of ideas, external to the research domain.
Our analyses deploy numerous proxies for quality, such as citation
impact, home-run rates, publication success, novelty, conventional-
ity and applied value, but the intrinsic quality of a paper or patentisa
multidimensional and open concept.

The pivot penalty also appears in response to external events that
may push aresearcher away from a given area or pull them into a new
one. The enormous demand for COVID-19-related research attracted
numerous researchers and provided animpact premium, yet the pivot
penalty continued to appear strongly among scholars who reached
further to engage with COVID-19 research. All told, the pivot penalty
appliesto arange of outcomes that are of central interest to research-
ersandresearchinstitutions, andit applies in high-stakes contexts for
society as awhole.

The pivot penalty, and its steepening with time, raises key questions
for research organizations and research policy. For example, busi-
nesses and other organizations are often displaced by new entrants®”,
despite R&D efforts by the incumbents, which often fail to understand
or embrace new technological opportunities®**’2, The pivot penalty
underscores this challenge and points towards tactics such as ‘acqui-
hires’,in which aresearch organization seeks to hire relevant experts,
rather than expecting success by pivoting their existing personnel”.

Morebroadly, the pre-positioning of researchers seems to be afunda-
mental constraint on adaptability. In Pasteur’s words, “chance favours
only the prepared mind”, and without the pre-positioning of relevant
human capital, the COVID-19 pandemic would probably have been even
more costly. Portfolio theory suggests diversified investments as akey
tool to manage risk”™, but the pivot penalty indicates that adjustments
to the research portfolio are governed by substantial inertia”. From this
perspective, investing explicitly in a diverse set of scientists is crucial
from a risk-management standpoint. A diverse portfolio of invest-
ments can then have essential roles in advancing human progress in
ordinary times””” and in expanding the capacity to confront emerging
challenges.

Science and technology present evolving demands from many areas,
fromartificial intelligence and genetic engineering to climate change,
creating complexissues, risks and urgency. This study shows that pivot-
ingresearchis difficult, withresearchers’ pivots facing agrowingimpact
penalty. The pivot penalty not only appears generally across scientific
fields and patenting domains, butalso arises around important events
inscience, including when previous research areasbecome devalued,
for example after a paper has beenretracted, and when high-demand
areasemerge, such asthe COVID-19 pandemic. Nevertheless, studying
adaptability in different settings and timescales, including longer-run
research shifts, are key areas for future work. For example, research-
ers should consider whether to give up in the likely event of a failed

pivot or instead further develop their expertise in the new area and
stick to the new path. Exploring such sequential dynamics may help
us to better understand how to create conditions to enable adaptive
success. Finally, pivoting to address emerging challengesis not unique
toscience and technology, but may underpin the dynamics of success
and survival for individuals, companies, regions and governments
across humansociety*’>”*"®!, indicating that the pivot penalty maybea
generic property of many social and economic systems, with potential
applicability in broader domains.

Online content

Anymethods, additional references, Nature Portfolio reporting summa-
ries, source data, extended data, supplementary information, acknowl-
edgements, peer review information; details of author contributions
and competinginterests; and statements of data and code availability
are available at https://doi.org/10.1038/s41586-025-09048-1.

1. Bush, V. Science, the Endless Frontier: A Report to the President (US Government Printing
Office, 1945).

2. Omenn, G. S. Grand challenges and great opportunities in science, technology, and
public policy. Science 314, 1696-1704 (2006).

3. Ahmadpoor, M. & Jones, B. F. The dual frontier: patented inventions and prior scientific
advance. Science 357, 583-587 (2017).

4.  Yang, P. & Wang, X. COVID-19: a new challenge for human beings. Cell. Mol. Imnmunol. 17,
555-557 (2020).

5.  Field, C. B. et al. (eds) Managing the Risks of Extreme Events and Disasters to Advance
Climate Change Adaptation: Special Report of the Intergovernmental Panel on Climate
Change (Cambridge Univ. Press, 2012).

6.  March, J. G. Exploration and exploitation in organizational learning. Org. Sci. 2, 71-87 (1991).

7. Azoulay, P, Fons-Rosen, C. & Zivin, J. S. G. Does science advance one funeral at a time?
Am. Econ. Rev. 109, 2889-2920 (2019).

8.  Uzzi, B., Mukherjee, S., Stringer, M. & Jones, B. Atypical combinations and scientific
impact. Science 342, 468-472 (2013).

9. Rosenkopf, L. & Nerkar, A. Beyond local search: boundary-spanning, exploration, and
impact in the optical disk industry. Strateg. Manag. J. 22, 287-306 (2001).

10. Fleming, L. Recombinant uncertainty in technological search. Manag. Sci. 47, 117-132
(2001).

1. Liu, L., Dehmamy, N., Chown, J., Giles, C. L. & Wang, D. Understanding the onset of hot
streaks across artistic, cultural, and scientific careers. Nat. Commun. 12, 5392 (2021).

12.  Jones, B. F. The burden of knowledge and the “death of the renaissance man”: is
innovation getting harder? Rev. Econ. Stud. 76, 283-317 (2009).

13. Leahey, E. Not by productivity alone: how visibility and specialization contribute to
academic earnings. Am. Sociol. Rev. 72, 533-561(2007).

14.  Arts, S. & Fleming, L. Paradise of novelty—or loss of human capital? Exploring new fields
and inventive output. Org. Sci. 29, 1074-1092 (2018).

15.  Gross, D. P. & Sampat B. N. The economics of crisis innovation policy: a historical
perspective. AEA Pap. Proc. 111, 346-350 (2021).

16. Bornmann, L. What is societal impact of research and how can it be assessed? A literature
survey. J. Am. Soc. Inf. Sci. Technol. 64, 217-233 (2013).

17.  Cameron, D. E., Bashor, C. J. & Collins, J. J. A brief history of synthetic biology. Nat. Rev.
Microbiol. 12, 381-390 (2014).

18. National Academies of Sciences, Engineering, and Medicine. Global Change Research
Needs and Opportunities for 2022-2031 (National Academies Press, 2021).

19. Myers, K. The elasticity of science. Am. Econ. J. Appl. Econ. 12,103-134 (2020).

20. Teece, D.J., Pisano, G. & Shuen, A. Dynamic capabilities and strategic management.
Strateg. Manag. J. 18, 509-533 (1997).

21.  Saxenian, A. Regional Advantage: Culture and Competition in Silicon Valley and Route 128
(Harvard Univ. Press, 1996).

22.  Chatterji, A. K. Spawned with a silver spoon? Entrepreneurial performance and innovation
in the medical device industry. Strateg. Manag. J. 30, 185-206 (2009).

23. Azoulay, P, Zivin, J. S. G. & Manso, G. Incentives and creativity: evidence from the academic
life sciences. RAND J. Econ. 42, 527-554 (2011).

24. Kaplan, D. How to improve peer review at NIH: a revamped process will engender
innovative research. Scientist 19, 10-11 (2005).

25. Kuhn, T. S. The Structure of Scientific Revolutions (Univ. Chicago Press, 1962).

26. Hull, D. L., Tessner, P. D. & Diamond, A. M. Planck’s principle. Science 202, 717-723 (1978).

27. Banerjee, A. V. A simple model of herd behavior. Q. J. Econ. 107, 797-817 (1992).

28. Jones, B. F. in Innovation Policy and the Economy Vol. 11 (eds Lerner, J. & Stern, S.) 103-131
(Univ. Chicago Press, 2011).

29. Jia, T., Wang, D. & Szymanski, B. K. Quantifying patterns of research-interest evolution.
Nat. Hum. Behav. 1, 0078 (2017).

30. Foster, J. G., Rzhetsky, A. & Evans, J. A. Tradition and innovation in scientists’ research
strategies. Am. Sociol. Rev. 80, 875-908 (2015).

31. Stoeger, T. & Amaral, L. A. N. Meta-research: COVID-19 research risks ignoring important
host genes due to pre-established research patterns. eLife 9, e61981(2020).

32. Zuckerman, E. W., Kim, T.-Y., Ukanwa, K. & von Rittmann, J. Robust identities or nonentities?
Typecasting in the feature-film labor market. Am. J. Sociol. 108, 1018-1073 (2003).

33. Lee, Y.-N., Walsh, J. P. & Wang, J. Creativity in scientific teams: unpacking novelty and
impact. Res. Policy 44, 684-697 (2015).

Nature | Vol 642 | 26 June 2025 | 1005


https://doi.org/10.1038/s41586-025-09048-1

Article

34.

35.

36.

37.

38.
39.
40.

41.

42.

43.

44.

45.

46.

47.

48.

49.
50.

51.

52.
53.
54.
55.
56.

57.

58.
59.

60.

61.

62.

63.

Kelly, B., Papanikolaou, D., Seru, A. & Taddy, M. Measuring technological innovation over
the long run. Am. Econ. Rev. Insights 3, 303-320 (2021).

Zeng, A. et al. Increasing trend of scientists to switch between topics. Nat. Commun. 10,
3439 (2019).

Lahiri, A. & Wadhwa, A. When do serial entrepreneurs found innovative ventures?
Evidence from patent data. Small Bus. Econ. 57, 1973-1993 (2021).

Azoulay, P., Jones, B. F., Kim, J. D. & Miranda, J. Age and high-growth entrepreneurship.
Am. Econ. Rev. Insights 2, 65-82 (2020).

Manso, G. Motivating innovation. J. Finance 66, 1823-1860 (2011).

Merton, R. K. The Matthew effect in science. Science 159, 56-63 (1968).

Bol, T., de Vaan, M. & van de Rijt, A. The Matthew effect in science funding. Proc. Natl
Acad. Sci. USA 115, 4887-4890 (2018).

Leung, M. D. Dilettante or renaissance person? How the order of job experiences affects
hiring in an external labor market. Am. Sociol. Rev. 79, 136-158 (2014).

Wuchty, S., Jones, B. F. & Uzzi, B. The increasing dominance of teams in production of
knowledge. Science 316, 1036-1039 (2007).

Marx, M. & Fuegi, A. Reliance on science: worldwide front-page patent citations to
scientific articles. Strateg. Manag. J. 41,1572-1594 (2020).

Kogan, L., Papanikolaou, D., Seru, A. & Stoffman, N. Technological innovation, resource
allocation, and growth. Q. J. Econ. 132, 665-712 (2017).

Kovacs, B., Hsu, G. & Sharkey, A. The stickiness of category labels: audience perception
and evaluation of producer repositioning in creative markets. Manag. Sci. 70, 6315-6335
(2024).

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

Jones, B., Reedy E. J. & Weinberg B. A. Age and scientific genius. Working paper 19866
(National Bureau of Economic Research, 2014).

Furman, J. L. & Stern, S. Climbing atop the shoulders of giants: the impact of institutions
on cumulative research. Am. Econ. Rev. 101, 1933-1963 (2011).

Koyré, A. An unpublished letter of Robert Hooke to Isaac Newton. Isis 43, 312-337 (1952).
Einstein, A. The World As | See It (Citadel, 1949).

Schweitzer, S. & Brendel, J. in Innovation and Entrepreneurship in the Academia

(eds Lehmann, E. E., Meoli, M. & Paleari, S.) Ch. 3 (Routledge, 2022).

Schumpeter, J. A. Capitalism, Socialism, and Democracy (Harper & Brothers, 1942).
Usher, A. P. A History of Mechanical Inventions (Courier, 1954).

Weitzman, M. L. Recombinant growth. Q. J. Econ. 113, 331-360 (1998).

He, Y. & Luo, J. The novelty ‘sweet spot’ of invention. Des. Sci. 3, €21 (2017).

Fang, F. C., Steen, R. G. & Casadevall, A. Misconduct accounts for the majority of
retracted scientific publications. Proc. Natl Acad. Sci. USA 109, 17028-17033 (2012).

Lu, S.F., Jin, G. Z., Uzzi, B. & Jones, B. The retraction penalty: evidence from the Web of
Science. Sci. Rep. 3, 3146 (2013).

Azoulay, P, Furman, J. L. & Krieger, F. M. Retractions. Rev. Econ. Stat. 97, 1118-1136 (2015).
Blackwell, M., lacus, S., King, G. & Porro, G. Cem: coarsened exact matching in Stata.
Stata J. 9, 524-546 (2009).

Open Science Collaboration Estimating the reproducibility of psychological science.
Science 349, aac4716 (2015).

Zhang, Y., Cai, X., Fry, C. V., Wu, M. & Wagner, C. S. Topic evolution, disruption and
resilience in early COVID-19 research. Scientometrics 126, 4225-4253 (2021).

loannidis, J. P. A., Bendavid, E., Salholz-Hillel, M., Boyack, K. W. & Baas, J. Massive
covidization of research citations and the citation elite. Proc. Natl Acad. Sci. USA 119,
2204074119 (2022).

loannidis, J. P. A., Salholz-Hillel, M., Boyack, K. W. & Baas, J. The rapid, massive growth of
COVID-19 authors in the scientific literature. R. Soc. Open Sci. 8, 210389 (2021).

1006 | Nature | Vol 642 | 26 June 2025

64. Else, H. How a torrent of COVID science changed research publishing - in seven charts.
Nature 588, 553 (2020).

65. Fry, C. V., Cai, X., Zhang, Y. & Wagner, C. S. Consolidation in a crisis: patterns of
international collaboration in early COVID-19 research. PLoS ONE 15, e0236307
(2020).

66. Yin,Y., Gao, J., Jones, B. F. & Wang, D. Coevolution of policy and science during the
pandemic. Science 371, 128-130 (2021).

67. Kousha, K. & Thelwall, M. COVID-19 publications: database coverage, citations, readers,
tweets, news, Facebook walls, Reddit posts. Quant. Sci. Stud. 1,1068-1091(2020).

68. Wang, D., Song, C. & Barabasi, A.-L. Quantifying long-term scientific impact. Science 342,
127-132 (2013).

69. Wu, L., Wang, D. & Evans, J. A. Large teams develop and small teams disrupt science and
technology. Nature 566, 378-382 (2019).

70. Jones, B. F. & Weinberg, B. A. Age dynamics in scientific creativity. Proc. Natl Acad. Sci.
USA 108, 18910-18914 (2011).

71.  Tushman, M. L. & Anderson, P. Technological discontinuities and organizational
environments. Adm. Sci. Q. 31, 439-465 (1986).

72. Henderson, R. M. & Clark K. B., Architectural innovation: the reconfiguration of existing
product technologies and the failure of established firms. Adm. Sci. Q. 35, 9-30 (1990).

73. Chatterji, A. & Patro, A. Dynamic capabilities and managing human capital. Acad. Manag.
Perspect. 28, 395-408 (2014).

74. Granstrand, O. & Sjolander, S. The acquisition of technology and small firms by large
firms. J. Econ. Behav. Organ. 13, 367-386 (1990).

75. Markowitz, H. M. Foundations of portfolio theory. J. Finance 46, 469-477 (1991).

76. Goolsbee, A. Does government R&D policy mainly benefit scientists and engineers? Am.
Econ. Revi. 88, 298-302 (1998).

77.  Jones, B.F. & Summers, L. H. A calculation of the social returns to innovation. Working
paper 27863 (National Bureau of Economic Research, 2020).

78. Azoulay, P., Jones, B., Kim, J. D. & Miranda, J. Immigration and entrepreneurship in the
United States. Working paper 27778 (National Bureau of Economic Research, 2020).

79. Berkes, E., Deschenes, O., Gaetani, R., Lin, J. & Severen, C. Lockdowns and innovation:
evidence from the 1918 flu pandemic. Working paper 28152 (National Bureau of Economic
Research, 2020).

80. Diamond, J. Collapse: How Societies Choose to Fail or Succeed (Penguin, 2011).

81. Hidalgo, C. A., Klinger, B., Barabasi, A.-L. & Hausmann, R. The product space conditions
the development of nations. Science 317, 482-487 (2007).

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

@@@@ Open Access This article is licensed under a Creative Commons
BY NC ND

Attribution-NonCommercial-NoDerivatives 4.0 International License, which

permits any non-commercial use, sharing, distribution and reproduction in
any medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate if you modified the
licensed material. You do not have permission under this licence to share adapted material
derived from this article or parts of it. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated otherwise in a credit line
to the material. If material is not included in the article’s Creative Commons licence and your
intended use is not permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a copy of this licence,
visit http://creativecommons.org/licenses/by-nc-nd/4.0/.

© The Author(s) 2025


http://creativecommons.org/licenses/by-nc-nd/4.0/

Methods

Pivot size

We quantified researcher pivots using a cosine-similarity metric
(Fig.1a). Specifically, in the sciences, for an author i and a focal paper
j, we calculated a vector, R}, representing the distribution of journals
referenced byj. Similarly, we counted the frequency in which different
journals were referenced ini’s previous work, defining a vector R,. An
individual’sworkincludes any paper for which theindividualis alisted
author. The pivot measure, @}, is then defined as 1 minus the cosine of
these two vectors:

R/‘R,

Joqo TR
IRy

@

The measure @, therefore took the value 0 if the focal paper drew on
exactly the same distribution of journals as the author’s previous work,
andtook the valuelifthe focal paper drew entirely on newjournals for
thatauthor. The measure featured in the main text calculates pivoting
in the focal paper compared with the past three years of the author’s
work. We also calculated our measure by using all previous work of a
given author, arriving at similar conclusions (Supplementary sec-
tion 2.2.1and Extended Data Fig. 10). Finally, we considered the pivot
measure based on the fields of the cited references, rather than their
journals, and again found confirmatory results for our main analyses
using this alternative measure (Supplementary section2.2.1and Sup-
plementary Fig. 3).

For patents, given that journalinformation was not available, we used
technologicalfield codes to define the reference vectors. Specifically,
we used the distribution of Cooperative Patent Classification technol-
ogy field codesamonga patent’s cited references to build the reference
vectors and cosine similarity metricin equation (1). These technology
codes are hierarchical, providing alternative levels of granularity in
defining technology areas. Our main analyses used the detailed level-4
technological classification (comprising 9,987 distinct technology
areas). We further examined all possible classification levelsin the Sup-
plementary Information, considering pivoting from the broadest level-1
classification level (9 sections) to the most detailed level-5 classification
(210,347 subgroups). Intuitively, the pivot distribution for inventors
shifted left when using broader technology categories (Extended Data
Fig.4), so that inventors pivoted less from their broadest technology
areas (the section or section-class level). Regardless of the technological
classificationused, the pivot penalty was robust (Supplementary Fig.1).

Outcome measures
We used citation-based and non-citation-based outcome measures. Our
citation-based measures normalized outcomes for eachwork by its field
and year. For papers, the primary citation measure was anindicator for
being in the upper fifth percentile among all articles published in the
same year and the same field. The field designation was the L1 field of
research designation, for which there are 154 fields in the Dimensions
database. For patents, we similarly used an indicator for being in the
upper fifth percentile of citations received among all patents from the
sameyear and technology area, using the Cooperative Patent Classifica-
tion class-level designation, for which there are 128 technology areas.
As presented in the Supplementary Information, we considered
numerous alternative citation-based measures. These include
smoother (non-binary) outcomes, in which a paper’s citation count is
normalized by the mean citation counts to articlesin the same field and
publicationyear. We further considered the outcome asthe percentile
rank of the paper’s citations among all articles published in the same
field and year. To examine time frames, we further considered citation
counts over two, five and ten-year forward citation windows. Finally,
we considered alternative binary indicators to further emphasize the
locus of the very highest-income work, defining a ‘hit’ paper as being

alternativelyintheupper10,5,1,0.5or 0.1% percent of all publications
inagivenfield and year. Supplementary section2.3.2 provides further
details and associated robustness tests for all these alternatives.

Amongthe non-citation-based measures, we considered numerous
other outcomes. These included measures of publication success,
for which we considered preprints from 2015 to 2018 and examined
whether they were successfully published over an ensuing five-year
window. Drawing on the Reliance on Science database*, we examined
whether a paper appeared as a prior art reference in a future patent,
providing anindicator for the usefulness of the idea beyond science’.
We considered journal placement for recent work. For patents, we also
used stock-market event study data**, providing amarket-value meas-
ure for patents in publicly traded firms. Supplementary section 2.3.3
provides further details and results for all these outcomes.

Binned scatterplots

To reveal potentially nonlinear relationships between pivot size and
outcome variables, we use binned scatterplots®. In Fig. 2a, papers
are ordered by average pivot size along the x axis and binned into 20
evenly sized groups. Eachmarker is placed at the mean (x,y) value within
each group. Binned scatterplots of raw data are further presented
in Figs. 2c,e,fand 4e,g-j, and Extended Data Figs. 2, 3, 5-8 and 10b.
Student’s t-tests are used to test mean differences from baseline
rates (one sample t-tests) or when comparing outcomes between
high and low pivot-size vigintiles (two sample ¢-tests) in raw data. For
simplicity, we report P < 0.001, but note that with observation counts
in the millions, these mean tests tend to reject common means with
extremely high ¢-statistics and extremely low P values.

Figure 4e uses the binned-scatterplot approach for papers in
the year 2020, splitting them into articles related or unrelated to
COVID-19. Similarly, Fig. 4g-j presents binned scatterplots, further
splitting the 2020 papers according to the noted criteria (team size,
use of new collaborators and funding). In Fig. 4k, we account for
multivariate controls. We consider regression of the form

Impact,=a+f(Pivot_size) + 0X;+¢,

where X;isavector of control variables with associated vector of coef-
ficients O; f(Pivot_size;) allows for a nonlinear relationship between
the outcome and pivot size; and &; is the error term. Control variables
include fixed effects for average previous impact, author age, teamsize,
number of new collaborators and anindicator variable for funding. In
practice, we ran two regressions to residualize pivot size and impact,
net of the controls, following the Frisch-Waugh-Lovell theorem.
Figure 4k presents the binned scatterplot for the residualized measures.

Regressions with individual fixed effects
The panel regression with individual fixed effects in general takes the
form:

lmpactipt =, +y,+f(Pivot_size;,) + X, + Eipes

pt

whereiindicates agivenresearcher, pindicates agiven work (paper or
patent) and tindexes the year (publicationyear for apaper and applica-
tion year for a patent); y; are individual-fixed effects, y, are time-fixed
effects and X, is a vector of other potential control variables. Obser-
vations are at the paper-by-researcher level. As before, we allowed for
potentially nonlinear relationships between pivot size and impact, and
hence took anon-parametric approach. Specifically for Extended Data
Fig.1, we generated bins of pivot size and included indicator dummies
forawork appearingintherelevantbin. Giventhe very large number of
individual fixed effects, we ran these models in Stata using the reghdfe
command suite®, Standard errors are clustered at the researcher level.
The statistical significance of different pivot-size bin coefficients was
calculated using t-tests. For simplicity, we report P< 0.001, but note that
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with observation countsin the millions, these tests present extremely
high ¢-statistics and extremely low Pvalues.

Difference-in-differences

When studying external shocks, we continued to use the researcher
panel datamodel withindividual-fixed effects. We implemented stand-
ard difference-in-differences methods, comparing treated research-
ers with control researchers, before and after the external event. The
regressions take the form:

Pivot_sizeip[ =Tyt ﬁTreat_Postmt +YPOStip + Eipe

lmpactipt =ty +ﬂTreat_Postipt +YPOStip: + Eipy,s
where Post; is anindicator for the period after the shock. The indicator
forbeinginthe treatment groupis absorbed with anindividual’s fixed
effectand so does not appear separately in the regression. Treat_Post;,,
is anindicator for being in the treatment group after the shock and
provides the reported difference-in-differences estimate in Fig. 3.
The implications of the external event for pivot size and the reduced
form results for impact are shown in Fig. 3b,c. We also present ‘event
study’-style difference-in-differences plots in Fig. 3d,e, showing how
the treatment effect evolved before and after the retraction date. Here
wereplace the Treat_Post;, variable and Post;, variable with a series of
relative year indicators and their interactions with treatment status.

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.
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The de-identified data necessary to reproduce the main plots and
statistical analyses (including individual-level pivot size and other
key variables) are freely available. Patent data are publicly avail-
able at https://patentsview.org/download/data-download-tables.
Paper-retractions data are publicly available at https://www.
crossref.org/categories/retractions/. NSF grant data are pub-
licly available at https://www.nsf.gov/awardsearch/. NIH grant
data are publicly available at https://reporter.nih.gov/. Reliance

on Science data are publicly available at https://doi.org/10.5281/
zenodo.5803985 (ref. 84). KPSS patent-value data are publicly available
at https://github.com/KPSS2017/ Technological-Innovation-Resource-
Allocation-and-Growth-Extended-Data. Those interested in raw
Dimensions data should contact Digital Science directly. Data are
available through the main project folder at https://doi.org/10.6084/
m9.figshare.28074941 (ref. 85). All other data are available from the
corresponding authors uponreasonable request. Source dataare pro-
vided with this paper.
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Extended DataFig.1| The pivot penaltyinscience and invention over time,
withinindividual researchers. Using a 5% subsample of paperauthorsand

all patentinventors, we divide the datainto two periods,1986-2000 (n=5.7
millionauthor-paper pairs, n =568 thousand inventor-patent pairs) and 2001-
2015 (n=23.2 million author-paper pairs, n=2.0 million inventor-patent pairs).
Ineachperiod, we runregressions withindividual fixed effects. (a-d) The
relationship between hit rates and pivot size is estimated non-parametrically,
with fixed effects for different ranges of pivot size. The figures present the
coefficient for each pivot size group, with indicated 95% confidence intervals.
Theslope of the pivot penalty isincreasing over time when looking within
individual researchers. For papers, the recent period (b) shows amonotonic
decreasein hitrate with pivotsize, within the body of work of individual
researchers (confidence intervals are too small to be seen). The earlier period
(a) similarly shows amonotonic decreasein hit rate with pivot size, but the
slopeoftherelationshipis shallower. For patents, the recent period (d) shows
amonotonic decrease in hit rate with pivot size, within the body of work of
individual researchers. The earlier period (c) has noisier estimates, witha
flatter relationship to pivot size and potential non-monotonicity, but where
high pivots face large impact penalties. Overall, we see anincreasingly steep
pivot penalty with time.
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Extended DataFig.2|The pivot penalty over alternative time horizons.
Thebaseline pivot penalty (Fig. 2a) uses the hit rate measure, normalizing
impact by field and publication year, providing one means for addressing
different time horizons for citations from different publication years.
Alternatively, for the same data (n =25.8 million papers published from
1970-2015), one can count and normalize citations received over a fixed
window of time after the publication year. (b-d) Hit rates are computed using
citations received by each paper over, alternatively, (b) 2 year, (c) 5 year, and
(d) 10 year forward windows. The pivot penalty is robust using all of these
alternatives.



a b
= 14 6
% N 2 Tee
0] L P i 000,
E 12 ®ee [} %,
- T ot. kel '..
© % S 5 i
=10 A % = °
L o 5 °
N =
el 08 . © 4
= 0. - ° o
g oo 84 .
s > o
c 06 ° ko)
<} ]
= 4 ic
% 0.4 T T T T T 3 T T T T T
00 02 04 06 08 1.0 00 02 04 06 08 1.0
Pivot size Pivot size

Extended DataFig. 3| The pivot penalty withsmoother citation measures.
Inaddition to binary measures of impact, one can consider more continuous
measures using the same data (n =25.8 million published from1970-2015).

In (a) we normalize each paper’s citation countas aratio to the mean citations
for papersinthatfield and publicationyear. Citations are approximately 30%
above the field mean for low pivot papers on average and 55% below the field
mean for the highest pivot papers on average. In (b) we normalize each paper’s
citations by its percentilein the citation distribution for all papers published in
the same field and year. The pivot penalty is also robust to this measure of
impact.
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Theavailable levels of technology class are: (a) 9 sections (e.g., “B”), (b)
128 classes (e.g., “B29”), (c) 662 subclasses (e.g., “B29C”), (d) 9,987 groups
(e.g.,“B29C45”), and (e) 210,347 subgroups (e.g., “B29C45/64”). The main
analysisin Figs.1and 2 uselevel-4 groupsto define pivot size.

Extended DataFig. 4 | Quantifying pivot size using various levels of patent
technology classification. For patents granted from1975-2015, the pivot size
distributionis bimodal, with more weight on pivots of size zeroand one (n=3.3
millioninventor-by-patent observations). The average pivot size increases
asthe definition of technology class used to calculate pivoting narrows.




a b
€ 012 4 € 012 ~
Q Y Q
g o % 3 o ©o000®
o % ° %
0.10 Q °
5 L S 0.10 o
B o i e
@ ° @ °
2 . K] °
= 0.08 = °
@ ° T 0.08 °
> ® >
o Qo °
3 006 - °. 3 °
o T T T T T O 0.06 T T T T T
00 02 04 06 08 1.0 00 02 04 06 08 1.0
Pivot size Pivot size

Extended DataFig. 5| Patent referencesto papers. The probability thatan
academic paperis referenced by at least one patent declines at larger pivot
sizes. The data considers 37 million papers published from1970-2019. Panel (a)
considers raw data, with no controls, and indicates non-monotonicity at lower
pivotsizes. Panel (b) considers the relationship net of level-1field fixed effects,
which accounts for the fact that some fields (e.g., astronomy) are far less likely
tobereferenced in patents than others (e.g., nanotechnology). Asseeninthe
figure, controlling for field largely eliminates the non-monotonicity. Comparing
the highest and lowest pivot size bins in (b), the probability of being cited ina
patentedinventiondeclines by 43% (p <.001in two-sample t-test of means).
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Extended DataFig. 6 | Successful publication. This figure analyzesall1.07
million preprints released from 2015-2018 on preprint databases such as arXiv
and SSRN. For each preprint, we examine whether it has been published within
afive-year window fromits preprint date. Virtually all low pivot size papers

are published. But publication success declines smoothly with pivot size.
Comparing the highestand lower pivot size bins, the publication success rate
declinesby 35% (p <.001lintwo-sample t-test of means). The monotonic decline
inpublicationsuccess provides a further dimension of the pivot penalty. See
Section S2.3.3for further discussion.
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Extended DataFig.7|Patent market value. The estimated market value of
patentsis decreasingin average pivot size. Market value is estimated using
changesinstock prices around the announcement of patent grants for public
companies. Thesampleis 802,599 patents published between 1980 and 2015
that were granted to public corporations. Market valuations are as calculated
in**. Comparing the highest and lowest pivot size bins, market value declines
by 29% (p <.001intwo-sample t-test of means).
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Extended DataFig. 8| Novelty, conventionality and pivotsize. The
probability thata paperis characterized by (a) high tail novelty or (b) high
median conventionality inrelation to pivot size. Measures are calculated using
combinations of references in new academic papers, examining 20.8 million
papersover the 1970-2015 period®. Overall, novelty isincreasing with pivot size
while conventionality decreases. Aresearcher whois pivoting notonly does
something new personally but also tends to combine prior knowledge in away
thatisunusualinscience. Atthe sametime, high pivots are associated with
distinctly low conventionality, consistent with a weaker groundingin
conventional domain knowledge.
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Extended DataFig. 10 | Quantifying pivotsize using an author’s full
publicationrecord. In the main text, we measure pivot size comparing the
author’s focal paper with thatauthor’s prior three years of work. Here we
examine pivot size using the entire history of that author’s work (n = 8.43
millionauthor-paper pairs). (a) The large shift in pivot size for COVID papersis
evident when pivot size is measured by comparing 2020 papers to all past work.
This shiftis comparable to Fig. 1b, where pivot size is measured using only
papers publishedinthe prior three years. (b) The negative relationship between
pivotsize and impactis similarinslope when using the full career pivot metric
here or the 3-year metricas shownin Fig. 4e.
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Sampling strategy No statistical methods were used to predetermine sample size. Rather, we analyzed the population of all available records in our
datasets.

Data collection Data collection is based on existing data sources (Dimensions, PatentsView, NSF/NIH grant data, CrossRef, Reliance on Science, and

KPSS patent value).

Timing Raw datasets were downloaded in March 2021, with the exception of the retractions data, which was downloaded in 2024.

Data exclusions The analysis has no data exclusions. Selection criteria within a dataset are described in the Supplementary Information.

Non-participation N/A

Randomization The study is not a randomized experiment. We controlled for covariates using regression models and a difference-in-difference
design.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.




Materials & experimental systems Methods

Involved in the study n/a | Involved in the study
Antibodies |Z |:| ChiIP-seq
Eukaryotic cell lines |Z |:| Flow cytometry
Palaeontology and archaeology |Z |:| MRI-based neuroimaging

Animals and other organisms
Clinical data
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Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor

was applied.
Authentication Describe-any-atithentication-procedures foreach-seed-stock-tised-ornovel-genotype-generated—Describe-any-experiments-used-to

assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.




	The pivot penalty in research

	Measurement framework

	The pivot penalty

	Conceptual frameworks and mechanisms

	Pivoting in response to external events

	Discussion

	Online content

	Fig. 1 Quantifying research pivots.
	Fig. 2 The pivot penalty.
	Fig. 3 Pivots and retraction events.
	Fig. 4 Pivots and the COVID-19 pandemic.
	Extended Data Fig. 1 The pivot penalty in science and invention over time, within individual researchers.
	Extended Data Fig. 2 The pivot penalty over alternative time horizons.
	Extended Data Fig. 3 The pivot penalty with smoother citation measures.
	Extended Data Fig. 4 Quantifying pivot size using various levels of patent technology classification.
	Extended Data Fig. 5 Patent references to papers.
	Extended Data Fig. 6 Successful publication.
	Extended Data Fig. 7 Patent market value.
	Extended Data Fig. 8 Novelty, conventionality and pivot size.
	Extended Data Fig. 9 COVID share by subfield.
	Extended Data Fig. 10 Quantifying pivot size using an author’s full publication record.




