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ABSTRACT

We investigate the nature and relevance of physical capital in knowledge production. Ex-
ploiting adverse events in research laboratories, we find that scientists experience a persistent
reduction in research output if they lose specialized physical capital—equipment and material
they created over time for a particular research purpose. In contrast, they recover in productiv-
ity if they only lose generic physical capital. Scientists in older laboratories, who presumably
lose more obsolete physical capital, are more likely to change their research direction and re-
cover. These findings suggest that scientists’ investments into their own physical capital yield
lasting returns but also create path dependence.
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“Without laboratories, men of science are soldiers without arms.”

— Louis Pasteur (1822–1895)

Over past decades, research productivity has been declining (Bloom et al., 2020). To

counter this development, economists generally suggest expanding human capital and facil-

itating access to prior knowledge (Bloom et al., 2019; Van Reenen, 2021). These suggestions

derive from prior evidence that the knowledge held by scientists and inventors is a key de-

terminant of research productivity (e.g., Azoulay et al., 2010; Waldinger, 2010; Jaravel et al.,

2018; Jones, 2009). In contrast, physical capital, as the other input to knowledge produc-

tion (Machlup, 1962; Stephan, 1996), has received much less academic interest and is rarely

singled out as a potential lever in policy debates on research funding.

One reason for the inattention to physical capital as an input factor is that, unlike human

capital, it is typically regarded as homogeneous and replaceable. This rings true for physical

capital with generic features, such as laboratory infrastructure and basic equipment, which

is readily available in the marketplace. In line with this, Waldinger (2016) shows that the

scientific productivity of universities recovers from the destruction of research facilities, but

not from the displacement of scientists. However, knowledge production also requires physical

capital that markets fail to supply due to its initially narrow and uncertain use case (Rosenberg,

1992). This form of physical capital is often created by scientists themselves (Von Hippel,

1976) and could encompass, for instance, self-developed instruments, genetically engineered

animal models, and collected specimens. Although both historical and contemporary examples

suggest that scientific breakthroughs are often linked to such assets (Mokyr, 2002),1 the current

understanding of how physical capital relates to research productivity is limited.

In this paper, we seek to improve our understanding of the nature and relevance of physical

capital in knowledge production. We argue that scientists not only employ generic physical cap-

ital, which they acquire from external sources, but also accumulate specialized physical capital

over time. This latter type of physical capital is necessary to advance the knowledge frontier

on a given topic and constitutes a major determinant of the scientists’ research productivity

and direction. To provide empirical evidence for this, we study the causal effect of physical

capital loss due to adverse events on the research output of individual scientists. For example,

in January 2002, an accidental fire at the University of California-Santa Cruz destroyed equip-

1Galileo Galilei discovered the moons of Jupiter thanks to his self-constructed telescope, and Gregor Mendel
laid the foundation of modern genetics by cultivating thousands of pea plants. The discovery of numerous exo-
planets is closely linked to the Kepler Space Telescope and the detection of the Higgs boson—the so-called God
particle—is the outcome of experiments at CERN’s Large Hadron Collider.
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ment and material in two laboratories committed to cancer-related research. The university

estimated the costs at four million USD. However, according to one of the affected scientists,

the most devastating loss concerned genetic strains that “had taken 14 years to develop and

could take that long to replace.” We use such adverse events as a source of exogenous variation

in the physical capital stock, and compare the affected scientists with a carefully constructed

control group. Our findings demonstrate that the investments of scientists in their own physical

capital yield lasting returns in research output on a specific research trajectory.

We derive predictions of the effect of physical capital losses from a parsimonious concep-

tual framework. The scientist starts in a new laboratory endowed with generic capital, which

becomes obsolete over time as a result of technological progress. Specialized capital is neither

commercially available nor transferable between scientists or research topics. Accordingly,

we formalize the scientist’s problem similar to that of human capital accumulation (e.g., Ben-

Porath, 1967; McDowell, 1982): the scientist employs generic capital and invests time to create

the specialized capital necessary to produce results on a chosen research topic. This specialized

capital stock is subject to obsolescence because research opportunities on the topic become ex-

hausted over time and more worthwhile topics emerge in parallel. However, the specialized

capital stock binds the scientist to the initial topic, creating path dependence. Within this con-

ceptual framework, a negative shock to specialized capital can lead to a permanent reduction

in research output. That said, scientific productivity of scientists may recover through changes

in research direction if the specialized capital was obsolete, or through the renewal of obsolete

generic capital. With obsolescence generally increasing over time, this implies that recovery is

more likely for scientists with old laboratories.

In our empirical analysis, we leverage adverse events at research institutions to establish a

causal relationship between physical capital loss and research output.2 To this end, we gather

information from an array of news articles, incident reports, and books. We focus on adverse

events with unanticipated and low-probability causes (e.g., accidents, criminal acts, malfunc-

tions, and natural disasters) and exclude cases that involve human casualties. We obtain ad-

ditional firsthand information through a survey targeted at likely informed scientists. The

damage descriptions from the news reports and the survey responses give us a detailed picture

of the physical capital loss at laboratory level. In particular, we know of its scope in mone-

tary terms, and whether the loss relates to generic capital (which includes both “off-the-shelf”

2Physical capital loss is not a recent phenomenon in science, as a diary note by Alexander von Humboldt
(1801) illustrates: “My barometer had broken and it was the last one I had. [...] you are tempted to cry out ‘Lucky
are those [...] without instruments that break, without dried plants that get wet, without animal collections that
rot’.”
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and more niche equipment/material that is available from vendors) or specialized capital (i.e.,

self-developed by the scientists).

Ultimately, we make use of about one hundred adverse events at research institutions in

Europe and North America, which caused heterogeneous physical capital loss to more than

twice as many laboratories. We focus on the “lab head” as our unit of observation.3 We link

the lab heads to publication data and reconstruct their professional biographies according to

curricula vitae and online information. Each lab head is then precisely matched to a scientist

from a different but comparable research institution on the basis of pre-event characteristics

(research focus, research output, academic age, and career position). Summary statistics show

the affected and control lab heads to have similar profiles in terms of their educational back-

ground and available resources. The total number of scientists in our sample of analysis is 488,

which consists of equal numbers of affected and control lab heads. In ancillary analyses, we

make use of an additional placebo sample of 348 spared lab heads (and their matched controls)

who did not experience any physical capital loss but were part of the same department as the

affected lab heads.

We estimate the effect of physical capital loss on individual scientific productivity in a

difference-in-differences and event study framework. We find that physical capital loss leads

to an immediate and permanent reduction in a lab head’s research output. On average, simple

and impact-weighted publication counts decline by 16% and 18%, respectively. These negative

effects are remarkably persistent: even 20 years after the adverse event, the average lab head’s

productivity shows no sign of recovery. Moreover, the decline in publications for the top 5%

of the quality distribution is about twice as large as that for the bottom 50%, suggesting that

affected lab heads suffer in terms of research quality in particular.

We provide compelling evidence that this persistent negative effect on research productiv-

ity is directly tied to physical capital loss. First, the magnitude of the effect increases with the

scope of the damage. Lab heads suffering substantial loss (i.e., at least 100,000 USD) experi-

ence a particularly large effect, while spared lab heads and lab heads suffering minor damage

(i.e., below 100,000 USD) remain virtually unaffected. Second, the negative effect on research

output is much more pronounced for publications in which the lab heads are listed as the last

author compared to those where they are the first author. Given the conventions of author

ordering in most scientific disciplines, this suggests that affected lab heads especially miss out

3This focus has both substantive and pragmatic reasons. First, the lab head is the most autonomous and
independent scientist in the lab, whose publications best reflect the research carried out in the laboratory. Second,
as the most productive and senior scientist, the lab head’s career and research output can be more continuously
observed both before and after the adverse event.
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on research output that is accredited to them by virtue of their physical capital contribution.

Finally, we explore whether possible side effects of the adverse event, such as career moves,

changes in human capital input, and/or reputational damage, can explain the permanent re-

duction in research output, but find no corresponding evidence.

To shed light on the reasons for the permanent reduction in research output, we investigate

the effect formation according to the specialization of the lost capital. Guided by our conceptual

framework, we also consider under what circumstances physical capital loss affects research

direction and how this relates to research output. We find that specialized capital loss has

a persistent negative effect on research output, and a positive effect on changes in research

direction as measured by an increased share of new keywords in publications. By contrast,

generic capital loss has, at most, a transient negative effect on research output in the first two

years after the adverse event, while research direction remains unchanged.

We further explore the role of obsolescence in physical capital loss by leveraging variation in

laboratory age at the time of the adverse event, proxied as the time elapsed since the lab head

joined the respective research institution. We find that lab heads in presumably more modern

laboratories suffer a substantial and persistent reduction in research output but do not change

their research direction. In comparison, lab heads in presumably older laboratories experience

a transitory decline in productivity and change their research direction. We then separately

consider specialized and generic capital loss for lab heads in modern and old laboratories: after

specialized capital loss, only lab heads in older laboratories recover in terms of research output,

also making the most significant changes in research direction. For lab heads with generic

capital loss, overall long-term effects seem to be negligible. Indeed, lab heads in presumably

very old laboratories that lost only “off-the-shelf” generic capital (which is most easily replaced)

experience an increase in productivity.

Taken together, these results underscore the relevance of physical capital in knowledge

production as outlined in our conceptual framework. Specifically, they support the notion that

specialized capital results from time-based investments in research on specific topics, which

cannot be quickly or easily recovered. Moreover, the observed effect heterogeneity is consistent

with the existence of two distinct recovery paths following physical capital loss: 1) the loss of

obsolete specialized capital breaks path dependence, enabling worthwhile changes in research

direction; 2) the renewal of (obsolete) generic capital offers productivity gains that can, in the

long run, offset the negative effects of physical capital loss.

In further analyses, we show that our results are robust to alternative measures of research

output and direction, different model specifications, estimators, and control groups. Nonethe-
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less, our research design does not allow us to rule out that other factors beyond the type

and obsolescence of the lost capital are at play. For instance, laboratory age likely correlates

with other lab head characteristics—such as seniority, access to resources, and collaborators—

which may contribute to their recovery in research output. Against this backdrop of potential

confounding factors, we provide ample qualitative evidence to support our theory-grounded

interpretation of the results.

Our study contributes to a better understanding of the knowledge production function. So

far, the related literature interprets scientific discoveries as primarily intellectual accomplish-

ments and consequently focuses on human capital inputs (e.g., Azoulay et al., 2010; Jones and

Weinberg, 2011; Levin and Stephan, 1991; Oettl, 2012; Waldinger, 2012). Likewise, advances

at the knowledge frontier are typically attributed to the increasing specialization of human

capital rather than that of physical capital (e.g., Jones, 2009). This aligns with the common

assumption in the economics literature that physical capital is a homogeneous input factor with

a marginal role for long-term productivity growth (cf. Long and Summers, 1991). Our results

suggest that, at least in the context of knowledge production at the individual level, physical

capital is also heterogeneous, and its specialization sustains research productivity.

Another stream of literature links variation in research funding to scientific productivity

(e.g., Arora and Gambardella, 2005; Azoulay et al., 2011; Ganguli, 2017; Jacob and Lefgren,

2011; Myers, 2020; Babina et al., 2023). These studies may seem like a natural counterpart to

our empirical design. However, such research funding can be substituted, which reduces the

impact of receiving or missing out on a grant as a financial boost, and it may also enter the

knowledge production function through investments in inputs other than physical capital. By

contrast, we observe the isolated loss of physical capital in an almost ceteris paribus setting.

Moreover, our results suggest that the accumulation of physical capital is not merely a function

of research funding, but can also include a substantial amount of time investment.

Most importantly, a few studies have examined particular manifestations of physical cap-

ital in research. Helmers and Overman (2017) find that the establishment of a large-scale

research facility in the UK increased research output in the surrounding area, and Furman

and Stern (2011) show that biological resource centers facilitate follow-on studies.4 Closest to

our study, Waldinger (2016) exploits the Allied bombings of German and Austrian universities

4Some other studies investigate how particular kinds of tangibles shape the production and organization
of research. These papers have shown that the adoption of information technology positively affects research
productivity (Agrawal and Goldfarb, 2008; Ding et al., 2010), and that the costs of transgenic mice and tools for
motion detection and gene editing can have a bearing on the development of research fields and team composition
(Murray et al., 2016; Teodoridis, 2018; Zyontz, 2019).
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during the Second World War and finds that damaged departments experienced a significant

but temporary decline in their research output. To reconcile the different results, note that we

provide evidence at the individual scientist rather than department level with fine-grained in-

formation on the nature of physical capital. In line with Waldinger (2016), the loss of generic

(and possibly obsolete) capital leads to a short-lived reduction in research output. Moreover,

while individual scientists face enduring consequences for the loss of specialized capital that

required their time investments, departments may recover by renovating or through scientists

turnover.5 More generally, we extend this nascent literature stream by providing causal evi-

dence in contemporary settings for the role of different types of physical capital in research

productivity.

The remainder of the paper is organized as follows: in the next section, we present the

conceptual framework that will guide us through the empirical analysis. Thereafter, we intro-

duce the data, followed by the empirical strategy and selected descriptive statistics. Finally,

we present our empirical findings and conclude the paper with a brief discussion and future

outlook.

2 Conceptual Framework

2.1 Outline

We model knowledge production as a maximization problem in continuous time over a sci-

entist’s life cycle (Levin and Stephan, 1991). In contrast to the prior literature (Jones, 2009;

McDowell, 1982), yet in alignment with our empirical investigation, we develop a partial model

that centers on physical capital rather than human capital.

Initially, the scientist is equipped with a new laboratory that includes infrastructure, basic

equipment, and materials. This generic capital stock, denoted as Kg0
, is applicable to any

research topic.6 Due to technical progress, the generic capital stock is subject to obsolescence

5In contrast to Waldinger (2016), we do not investigate shocks to both physical and human capital. This
prevents us from assessing the relative importance of these two input factors for research output within our
context.

6At the start of their employment, scientists typically receive a so-called startup package, which includes their
own laboratory with an initial setup of equipment and materials. The size of this initial capital stock can vary
across time, disciplines, institutions, and laboratories.
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and depreciates at a rate θ > 0:7

Kg(t) = Kg0
e−θ t . (1)

To conduct research on a particular topic, scientists also need specialized capital, which

differs from generic capital in two ways. First, because of its narrower and more uncertain

use case, specialized capital is not available from commercial suppliers (Riggs and Von Hippel,

1994). As a consequence, scientists often develop it themselves (Franzoni, 2009; Von Hippel,

1976). Second, because of its specificities, specialized capital is less applicable beyond its initial

context (Rosenberg, 1992). In other words, it is not easily transferable between scientists and

across topics. This makes it difficult for scientists to liquidate their investments in specialized

capital or to redeploy it elsewhere.

Accordingly, we model the accumulation of specialized capital as a function of generic

capital and the scientist’s time investment (Ben-Porath, 1967; McDowell, 1982). The scientist

employs generic capital and invests a fraction i(t) of their time to develop specialized capital,

with 0≤ i(t)≤ 1. The remaining time is then spent on producing research output. For a given

topic j, we express the change in the accumulated stock of specialized capital as:8

K̇ j(t) = i(t) Kg(t). (2)

Specialized capital is subject to obsolescence as research opportunities on a given topic are

exhausted over time, while new research topics emerge in parallel. Investments in specialized

capital therefore differ in their value to research output over time and between topics. To

reflect this, we associate K j(t) with the factor productivity A j(t), which is initially at level A j

and decays, for simplicity, at the same rate θ > 0 as Kg(t). We define the stock of specialized

capital as obsolete when its factor productivity A j(t) becomes smaller than that of another

available topic.9

With A j(t) = A je
−θ t , the research output can be represented as:

R j(t) = (1− i(t)) A j(t) K j(t)
β , (3)

where we assume for simplicity that the scientist works on one topic at the time.10 The

7The pace of technological progress is evident from numerous examples in different fields. For instance,
because of advancements in gene sequencing technologies, the productivity of sequencing machines doubled
almost annually during the 1990s and early 2000s (Stephan, 2010).

8In a more general formulation, this equation could be defined as K̇ j(t) = i(t) Kg(t) − δK j(t), where δ
represents the rate at which specialized capital deteriorates. For simplicity, we assume δ is negligible relative to
the rate of obsolescence of capital.

9The factor productivity may also capture the (academic or societal) importance of a topic and the availability
of funding (Myers, 2020).

10Note that for simplicity, research output does not directly depend on generic capital. In a more general
formulation, the equation could be instead defined as R j(t) = (1− i(t)) A j(t) K j(t)β Kg(t)γ.
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parameter β governs the relevance of specialized physical capital, which we assume to be

constant across topics (although it likely varies between different research areas). Initially

devoid of a specialized capital stock, the scientist starts working on the topic that has at the

outset the highest factor productivity (topic 1).11

We make the following additional assumptions to reach a simple analytical solution (even

though the results discussed in Section 2.2 remain more general). First, the productivity of

topic 1 and new emerging topics is such that topic 1 remains the optimal choice unless a shock

occurs. Second, the scientist maximizes their research output without temporal preferences.

Accordingly, their objective function is J(R1) =
´ T

0 R1(t) d t.

The optimal solution i(t) is a step function, that is, the scientist first invests in specialized

capital up to time τ1, and thereafter only produces research output.12 The optimal length τ1

of the investment phase is then:

τ∗1 =
1
θ

ln

�
Kg0
(β + 1)

Kg0
(βe−θ T + 1) + K10

�
, (4)

where K10
represents the initial stock of specialized capital.13 This period increases with the

time horizon T but converges quickly to a constant. We assume that T is large, which simplifies

the equations that follow. We comment on the implications of a finite time horizon and present

related equations in Appendix A.1.

2.2 Physical capital shocks

In line with our empirical strategy, we formulate predictions as to the consequences of unex-

pected negative shocks to the scientist’s capital stock. We focus first on a shock to specialized

capital. We consider a translation, where t x indicates the time of the shock, and the parame-

ters Kgx
and K1x

indicate, respectively, the stocks of generic and specialized capital immediately

before the shock. In the same way, A1x
serves as a shorthand for A1e−θ tx .

We first show that, if the stock of specialized capital is not obsolete (i.e., no other topic

with a higher factor productivity exists), a negative shock causes a permanent reduction in

research output. The scientist extends (or returns to) the investment phase (see Equation 4),

11The sequential selection of research topics resembles other models on research direction (e.g., Manso, 2011).
12In more general models with future discounting, investments are also concentrated at the beginning of the

period, although the transition to production is not necessarily a step function (Ben-Porath, 1967; McDowell,
1982). Our conclusions depend less on the specific functional form of the optimal solution for i(t) than on the
case that most investments are made at the beginning of the period.

13We maintain K10
in Equation 4 — although it is assumed to be initially null — to help understand the

consequences of capital shocks in Section 2.2.
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which reduces research output in the short term. However, even in the long term, the stock

of specialized capital does not return to the counterfactual (no shock) level. As a result, the

ratio of the derivative of the optimal level of research output with respect to K1x
and that of

the counterfactual level is a positive constant:

∂ R1x
(t)∗/∂ K1x

R1x
(t)∗ =

θβ

θK1x
+ Kgx

. (5)

This implies that a negative shock to the specialized capital stock can have a permanent

negative effect on knowledge production. This result depends on the depreciation rate of

generic capital (θ > 0), with the scientist accumulating specialized capital less efficiently than

before. In the more general formulation (with a finite time horizon T), it is also a consequence

of the scientist having less time available than at the beginning of the period.

The later in time the shock occurs, the more likely it is that the existing stock of special-

ized capital has become obsolete. We indicate with A2x
the initial factor productivity of the

best alternative topic. For our purpose, it is sufficient to imagine this value to be constant or

increasing over time (as long as it does not warrant a change in topic on its own, as outlined

in Section 2.1). Therefore, it becomes higher relative to A1x
the later the shock occurs.

We compare the present value of future research at the time of the shock between switching

to an alternative topic (topic 2) and sticking to topic 1—which we indicate with J2,tx
and J1,tx

,

respectively. The scientist changes their topic if:

J2,tx
> J1,tx

=⇒ A2x
> A1x

�
θK1x

+ Kgx

Kgx

�β+1

. (6)

It becomes clear that even if the specialized capital has become obsolete (i.e., A2x
> A1x

),

the scientist sticks to topic 1 as long as the stock of specialized capital K1x
is sufficiently high

relative to the stock of generic capital. A negative shock to K1x
decreases the value of the ratio,

making a switch to topic 2 more attractive. Interestingly, the depreciation of generic capital

and, in the more general model, a finite time horizon each serve as a sufficient assumption for

this result (see Appendix A.1).14

If the scientist switches research topics after a shock to specialized capital, their research

output may recover. The scientist returns to the investment phase and starts accumulating

specialized capital for topic 2, K2x
(t) (initially null). Thereafter, the change in research output

14Without these assumptions, the scientist would switch to the topic that guarantees the highest factor pro-
ductivity immediately, independent of capital levels.
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relative to the counterfactual is:

R2x
(t)∗ − R1x

(t)∗

R1x
(t)∗ =

A2x

A1x

�
Kgx

θK1x
+ Kgx

�β
− 1. (7)

The lower bound of this value is a negative constant and corresponds to the case in which

the specialized capital is completely lost and A2x
= A1x

. The ratio increases and becomes

positive for higher values of A2x
. The upper bound is defined by the value of A2x

that renders

the scientist indifferent between topics in the absence of a shock. Recovery occurs because the

scientist, in the absence of any shock, is better off avoiding the cost of investing in K2x
(t), even

if changing their research topic was to come with an equal or even higher productivity in the

long run.

We refrain from a detailed description of the consequences of generic capital shocks. In

general, the model predicts that a generic capital shock aggravates the consequences of a spe-

cialized capital shock. If the scientist already holds specialized capital, a generic capital shock

alone will have comparatively minor consequences on productivity, but will hamper future

changes in research topic. We further understand that, in practice, generic capital shocks may

be short-lived, because scientists can replenish their stock by purchasing generic capital from

external sources or by drawing on the stock of colleagues and collaborators. Depending on the

obsolescence of the lost generic capital, this may amount to a renewal of the generic capital

stock that actually increases the scientist’s productivity relative to the counterfactual.15

In summary, we can formulate the following testable predictions derived from the model.

First, the loss of specialized capital can lead to a permanent reduction in research output.

Second, research output may recover if the loss relates to obsolete specialized capital, which is

more likely for scientists with old laboratories. Third, such recovery results from a change in

research direction. Appendix Figure A-1 provides a graphical illustration of these predictions.

3 Data

3.1 Collecting adverse events

Our empirical strategy relies on a hand-assembled set of adverse events that led to the loss of

physical capital in research laboratories. We identify these events through a comprehensive

search of news archives (NewsLibrary (2017), LexisNexis (2017), and Google News (2017))

15Relatedly, one aspect that we do not formalize or empirically capture is that generic capital may fall under
both lab and organization-level governance, thereby potentially alleviating some of the costs and risks for the
individual scientist.
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and other sources (the U.S. FEMA Disaster Open Database (FEMA, 2017a) and National Fire

Incident Database (FEMA, 2017b), incidence reports of the Office of Laboratory Animal Welfare

(2017), the Global Terrorism Database (GTD, 2017), and the diary of the Animal Liberation

Front (2010)).16 Altogether, we use almost 500 secondary sources (e.g., news articles, reports,

and books). A detailed account of the data collection process (Appendix B.1), several examples

(Appendix B.2), and the entire list of news sources (Appendix B.3) are provided. This data

collection effort results in an initial set of 296 adverse events.

We then process all available information and select those adverse events that caused non-

trivial damage to research laboratories and appear plausibly exogenous. In particular, we ex-

clude adverse events with only minimal loss of physical capital (e.g., shattered test tubes,

fires under lab hoods) or with loss of physical capital unrelated to research (e.g., damage to

classrooms). We further remove those that are linked to scientists’ apparent carelessness or

disregard of rules and regulations. Rather, we focus on adverse events with unanticipated and

low-probability causes (e.g., accidents, natural disasters, and criminal acts). To isolate the ef-

fect of physical capital loss, we exclude a few cases in which the adverse event led to human

casualties among the scientists. Finally, we disregard cases prior to 1980 to increase coverage

in publications data, and after 2012 to reduce truncation in the post-event period. This reduces

our data set to 147 adverse events.

Because the collected secondary sources do not furnish complete information on all ad-

verse events, we gather additional firsthand information through a targeted survey. For each

event, we seek to establish the affected departments, laboratories, and scientists (the lab head’s

name), the type of capital lost, and the extent of the damage in monetary terms. Where

these details are missing from the secondary sources, we use the available information (re-

search field, institution, year) to identify “likely informed” scientists. We design a brief online

questionnaire with closed-ended questions to supplement and validate the information already

gathered. We send the questionnaire via email to about 16,000 scientists and receive 1,475

(9%) responses, not only from scientists directly affected but also from spared scientists who

witnessed the adverse event. On the basis of these responses, we gain sufficiently complete

information for the majority of our adverse events. Following our collection efforts, we discard

those events for which the identity of the affected scientists remains unknown. Eventually, we

obtain a set of 102 adverse events with sufficiently complete information.17

16The search queries for the news archives are based on meaningful Boolean combinations of research-related
terms and an adverse event-related term. The latter terms include causes (e.g., fire, outage, storm) and conse-
quences (e.g., destruction, disruption, loss).

17We provide further details of the survey and the survey questions in Appendices B.4 and B.5, and a compar-
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Figure 1: Research institutions and scientific fields with adverse events
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Notes: The left-hand figure presents the distribution of affected universities and research institutes by their
position in the SCImago Institutions Ranking. The right-hand figure illustrates the distribution of different adverse
event types by the main scientific field of the affected research department (OECD main research areas). In both
graphs, the unit of observation is the adverse event.

3.2 Adverse event characteristics

The adverse events in our sample occurred at research institutions in the U.S., Canada, West-

ern Europe, and Australia. These institutions comprise not only universities but also public

and private research institutes. Virtually all of them (98%) conduct research at a scale that

places them among the top 1,000 research institutions worldwide (see Figure 1a). A high pro-

portion of cases involve top-ranked institutions. Although the sample covers adverse events

from all of the main scientific fields, the events are concentrated in (natural) science, followed

by medicine, engineering, and agriculture (see Figure 1b).

These descriptive statistics suggest that our sample is not equally representative of all dis-

ciplines, institutions and countries. To discuss whether this threatens the external validity of

our analysis, we examine the two main mechanisms that explain entry in our sample. The

first of these relates to the chance of an adverse event and relevant damage. This probability

varies between research fields and institutions. The low number of cases seen in humanities

and social sciences can be attributed to the facts that some adverse event types are less likely

in these fields and that the adverse events that do occur therein rarely involve loss of physical

capital.18 Similarly, top-ranked institutions are more research-oriented and hold larger stocks

ison of the different subsets of adverse events in Appendix B.6.
18For instance, eco-terrorist attacks occur predominantly in the fields of life sciences and agriculture, where sci-
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of physical capital, which explains why a relatively large proportion of events may involve such

institutions.19 Because we are primarily interested in the role of physical capital in empirical

research, where it is an integral part of the research process, we deem this first mechanism to

be in alignment with the objectives of our analysis.

The second mechanism concerns the probability of us being able to observe the adverse

event and gain sufficient information about it. Thus, the high number of adverse events at

U.S. institutions in our sample likely reflects the geographical focus of our (English) news

outlets. Likewise, top-ranked institutions may receive more media attention in general. This

type of selection is less problematic and, if anything, facilitates the comparison with prior

studies, which focus predominantly on highly productive scientists in the U.S. However, it is

possible that media coverage also depends on the degree of impact of the adverse event on the

scientists affected. This would be of particular concern were our sample to omit cases in which

the consequences for scientists in the long run were limited despite substantial physical capital

loss. In practice, this type of selection proves to be of minor significance. First, we find an

almost perfect overlap when we cross-check our events with official incident records from the

U.S. Chemical Safety Board and the Occupational Safety and Health Administration, where

such selectivity should not be a factor. Second, for more than 80% of the adverse events,

the relevant news articles were published within the first ten days of the event. Finally, we

find no statistically significant differences when comparing the characteristics (e.g., year, rank,

research field) of adverse events included in the final data set and those excluded because

of missing information. Taken together, these results militate against the presence of serious

selection effects that would compromise the external validity of our analysis.

3.3 Affected laboratories and scientists

Many adverse events involve multiple independent research laboratories and, hence, affect the

physical capital stock of several different scientists. We therefore determine the damage caused

by each adverse event at the laboratory level. We distinguish between different laboratories

via the identity of the respective laboratory head.20 While the focus of our analysis is on these

entists work with living organisms. Similarly, adverse events caused by technical malfunctions are more frequent
in engineering and physical sciences where researchers use complex machinery.

19Stephan (2012) exemplifies this by stating that the expenditures for research equipment of the leading five
universities alone represent more than 10% of the total spent by all universities in the U.S.

20Associating a laboratory with the name of its head scientist is common in science. The identification of the
laboratory head is usually straightforward because the name is often mentioned in the news reports or the lab
head responded to the questionnaire directly. Alternatively, we identify laboratory heads through the responses
of (former) lab affiliates (e.g., postdocs, students). This approach minimizes possible survivorship bias that might
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directly affected laboratories, we also maintain a data set of spared laboratories within the

same department for which we can rule out any direct damage. Altogether, we identify 249

directly affected laboratories (and 178 spared laboratories) as linked to our 102 adverse events.

In each laboratory, we restrict our analysis to the laboratory head. This focus has both

substantive and pragmatic reasons. First, the lab head is the scientist with the highest research

autonomy and financial independence, whose publications best reflect the research carried out

in the laboratory. Second, as the most productive and senior scientist, the lab head’s career and

research output can be more continuously observed both before and after the adverse event.

Based on their full names and affiliations, we link these scientists to publication records. We

further use curricula vitae and online information to describe their academic careers since they

obtained their doctoral degree (or equivalent). Our data set includes information on gender,21

seniority, past and current affiliations, publications, and external funding from competitive re-

search grants.22 Previous and current affiliations are linked to the SCImago Institutions Rank-

ing (SCImago, 2022a) to capture the quality and prestige of the institutions involved, and to

university research expenses to proxy the budget available to the scientist.23

3.4 Control group construction

Our empirical design demands the comparison of affected lab heads with a matched control

group. The reasons for this are twofold. First, comparing lab heads with one another would

ignore life cycle patterns and general time trends that affect research output but also correlate

with treatment status. Second, comparing lab heads with a random draw of other scientists

would be inappropriate given that inclusion in our sample correlates with a scientist’s seniority

and research activity in capital-intensive fields. In the absence of the counterfactual output

path provided by properly matched control scientists, we would not be able to disentangle

these effects from the actual treatment effect.

We therefore create a control group such that each lab head is uniquely matched to an un-

affected scientist based on common productivity and career characteristics (see Appendix C for

arise if scientists still active today are more likely to respond to the survey.
21Gender information for the treated sample was obtained from CVs. For the control group, we predict gender

based on first names via (Gender-API, 2023).
22Funding data were obtained from the Australian Research Council (2022), the Canadian Institutes of Health

Research (2022), the Natural Sciences and Engineering Research Council of Canada (2022), the Danish Council
for Independent Research (2022), the European Research Council (2022), the Grant-in-Aid for Scientific Research
(2022), Organisation for Scientific Research (2022) in the Netherlands, the Swedish Research Council (2022),
Swiss National Science Foundation (2022), and the UK Research and Innovation (2022).

23Research expenses information was obtained from the National Science Foundation (2022).
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further details). To this end, we seek scientists who are active at different research institutions

and have no coauthorship ties with the affected scientist. Given that these control scientists

remained unaffected by the adverse event but otherwise have a similar research profile and

trajectory up to the year of the (inherited) adverse event, they should serve as a meaningful

counterfactual in the post-treatment period.

We begin by extracting all publications listed in the Scopus database (Scopus, 2023) and

disambiguating author profiles. For this, we rely on data downloaded during the first six

months of 2023 through the Scopus RestFUL API, using the pybliometrics library (Rose and

Kitchin, 2019). Given the diversity of the lab heads in our sample in terms of productivity,

location, and research field, the pool of potential controls is immense. We thus disambiguate

author profiles automatically, aggregating Scopus profiles with compatible names and sharing

at least one coauthor. At this stage, we remove authors with very common names and “ac-

cidental” researchers having fewer than three publications in their lifetime (Mohnen, 2022;

Oettl, 2012).

We then define the pool of potential controls for each lab head and use Coarse Exact Match-

ing (CEM) to balance their pre-event productivity based on bibliographic indicators (Azoulay

et al., 2010). For each lab head, we define the pool of potential controls to authors who pub-

lished prior to the adverse event year, were affiliated with a research institution located in a

Western country, and worked in the same research area. We use CEM to pair treated lab heads

to control candidates with a similar academic age (as proxied by the first year of publication),

a similar overall pre-event publication count, a similar publication count in the two years pre-

ceding the adverse event, and a similarly ranked affiliation. To prevent contamination, we

exclude both coauthors of the lab head and scientists from the lab head’s location.

After narrowing the pool of potential controls to a tractable sample, we conduct a more

thorough screening based on additional data to ensure affected lab heads and control scien-

tists are similar also in their career trajectories. Most importantly, we automatically gather

online CV information and process the unstructured text using a large language model (Ko-

rinek, 2023). Based on the CV information, we prioritize control candidates in a comparable

career position (i.e., we prioritize professors, principal investigators, and senior scientists over

lab technicians, consultants, and research assistants) and those who engage in empirical re-

search. In the frequent case of multiple control candidates meeting these criteria, we rank them

through nearest-neighbor matching based on additional pre-event productivity indicators. Fi-

nally, we select the top-ranked candidate for the control group, ensuring that each control is

uniquely matched to a single lab head.
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We identify a control scientist for 98% of the initial sample of affected (and spared) lab

heads and exclude the remaining from our analysis. Thus, the final sample consists of 244

affected (and 174 spared) lab heads and their respective controls.24

4 Econometric Model, Variables and Descriptive Statistics

4.1 Econometric specification

We define a difference-in-differences estimation model in which the treatment group represents

the lab heads affected by the adverse event, and the comparison group represents the matched

lab head controls, who inherit the adverse event information from their respective treated

counterpart. We perform our analysis for a period of 20 years before and up to 20 years after

the adverse event and investigate the effect of the physical capital shock on research output

and shifts in research trajectory.

We implement an event study design to study the dynamic effects of adverse events on

research output and direction, Y . To this end, we use a panel data model at the level of the

individual scientist i in year t with the following elements. First, we include a full set of

leads and lags specific to a given matched group, βAll
mk, where m denotes the matched group,

and k, ranging from −20 to +20, denotes the year relative to the adverse event.25 Note that

each matched group m comprises one affected lab head and one control scientist. Second, we

include binned sets of leads and lags for the affected lab heads, βAffected
k : one binned lag for the

years −20 to −9, two-year bins between −8 and +11 years, a four-year binned lead for years

+12 to +15 and a five-year binned lead for years +16 to +20. We choose these broader leads

to account for the fewer observations in those years due to right-hand truncation. Finally, we

cluster errors, εit, at the adverse event level, which allows for correlation between the error

terms of lab heads that were affected by the same adverse event and their respective controls.

The specification is as follows:

Yit =
20∑

k=−20

βAll
mk 1{LAll

it =k} +
20∑

k=−20

β
Affected
k 1{LAffected

it =k} + εit. (E1)

We normalize the coefficients βk=−2 to zero and, hence, express the dynamic treatment

24In Appendix F.5, we probe the robustness of our main result to the use of control group variants, each
representing an alternative approach to a key methodological decision made in the outlined matching strategy.

25Note that the full period restricts adverse events to those that occurred in 2002 or earlier. For scientists linked
to the youngest adverse event in our sample (in 2012), we can only consider a lag of 10 years. We illustrate the
observed time window by event cohort in Appendix Figure D-4.
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effects relative to this pre-event year bin. The leads and lags specific to a matched group, LAll
it ,

capture mechanical effects that may emerge from our sample construction. Moreover, they

subsume life-cycle and calendar year fixed effects as the adverse event year and the academic

age of affected and control lab heads are the same.26 The leads and lags that are specific to

the affected lab heads, LAffected
it , capture the causal effect of the adverse event. We can examine

the validity of our research design by testing for any significant differences between affected

and control scientists in the pre-treatment period.

In difference-in-differences frameworks with differential timing, the comparison is not only

between treated and never treated but also between late and early treated (Goodman-Bacon,

2018). That is, the estimated coefficients on a given lead or lag can be contaminated by effects

from other periods. We therefore compare the dynamic treatment effects of our baseline model

to those of an “interaction-weighted” estimator that is free of contamination (Sun and Abra-

ham, 2021).27 The dynamic treatment effects are highly consistent between both approaches.

In addition to the event study specification (Equation E1), we discuss magnitudes and sum-

marize additional results based on a second specification. In this, we replace the treatment-

specific leads and lags with a binary variable that takes a value of 1 for affected lab heads in

the post-event period, representing the static difference-in-differences estimator. Under our

identification assumption, the coefficient βAffected gives the average causal effect of the physical

capital shock in the post-event period. This second specification is as follows:

Yit =
20∑

k=−20

βAll
mk1{LAll

it =k} + β
Affected
k 1{LAffected

it ≥0} + εit. (E2)

To capture potential heterogeneity in the treatment effects, we expand the models above

with interactions of the binary variables (indicating particular lab head subgroups) with the set

of leads and lags specific to the group of treated lab heads. The modified version of Equation

E1 is then as follows:

Yit =
20∑

k=−20

βAll
mk1{LAll

it =k} +
20∑

k=−20

β
Affected
k 1{LAffected

it =k} (E3)

+
20∑

k=−20

β
Affected × Subgroup
k 1{LAffected

it =k} × 1{Subgroup=1} + εit.

For count dependent variables, we estimate Poisson pseudo-maximum-likelihood (PPML)

26Given that affected and control scientists are directly matched on pre-treatment outcomes, we omit scientist
fixed effects in our baseline specification (cf. Chabé-Ferret, 2017). Adding (or using only) scientist fixed effects
yields estimates similar to those of our baseline specification (see Appendix F.1).

27This estimator is available for linear regression, which is suboptimal given that our preferred model for count
data is Poisson pseudo-maximum-likelihood. To ease comparison, we log-transform the dependent variables.
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regressions with high-dimensional fixed effects; for continuous dependent variables, we run

linear (OLS) regressions with high-dimensional fixed effects.28

4.2 Dependent variables

We use simple and impact-weighted publication counts to measure research output, and rely

on the share of new publication keywords to quantify changes in research direction.29

Publications. We retrieve all publications of a scientist from the Scopus database and gen-

erate annual counts according to the year of publication. We focus on journal articles and

conference proceedings, and exclude review articles, editorials, letters and books. Moreover,

we exclude any article or conference proceeding with more than 20 authors to focus on output

that is directly attributable to the scientists concerned.

JIF-weighted publications. We generate annual counts based on publications weighted by

the respective journal’s impact factor (JIF). For this, we draw on the annual SCImago Journal

Rank (SCImago, 2022b) indicator, which is based on the average number of citations received

in the respective year by articles published in the journal in the three preceding years.30 Unlike

citation counts, this measure is not forward-looking and thus prevents contamination of the

pre-treatment period. We present additional results based on citation-weighted publication

counts in Appendix E.2.

Share of new keywords. We calculate a scientist’s annual share of new keywords relative

to all of the keywords in their publications in that year. Keywords summarize the themes of a

publication and relate primarily to topics and not methods. This measure follows the intuition

that scientists will be more likely to use new keywords in their publications if these cover

different research topics to those in their publications before the adverse event. In line with

prior literature (Azoulay et al., 2011; Murray et al., 2016), we use indexed keywords derived

from standardized taxonomies to ensure comparability over time. Keyword information is

not available for every publication. We therefore consider alternative measures of research

direction in the form of the share of self-references and abstract similarity and present these

additional results in Appendix E.4.31 These measures follow the same intuition but have the

28We use, respectively, the ppmlhdfe and reghdfe Stata packages (Correia et al., 2020; Correia, 2015).
29To ensure that extreme outliers and data errors do not skew our results, we winsorize all count variables at

the 99th percentile.
30This information set goes back to the early 1990s; for earlier publications, we extrapolate the ranking.
31We calculate the scientist’s annual share of references to their prior publications relative to all references. We

calculate the maximum similarity of a publication’s abstract to all abstracts of the scientist’s previous publications.
In the case of multiple publications in a year, we use the maximum throughout. Similarity of abstract text is
measured as the cosine similarity of words used in abstracts, appropriately filtered by a dictionary of English stop

18

https://www.scimagojr.com/journalrank.php
https://www.scimagojr.com/journalrank.php


shortcoming that they are sensitive not just to topic-based change but also to method-related

change.

4.3 Lab head characteristics

We present summary statistics on the pre-event characteristics of affected and control lab heads.

In Table 1, we list the means, medians, and standard errors of a broad set of variables that

exemplify the similarity of both groups in the year leading up to the adverse event.

We find that the average lab head in our sample is well-advanced in their scientific career

and has considerable resources at hand. The mean seniority, which is measured as the time

elapsed since first publication, is about 22 years. Lab heads are predominantly male (84%) and

gained their PhD from a university with an average ranking of 228. On average, the lab head’s

PhD affiliation ranks substantially higher than their affiliation at the time of the adverse event

(311). The high variance in both ranking variables reflects the heterogeneity of institutions

in our sample. Because information on the lab heads’ research budgets is scarce, we approxi-

mate their available resources through several variables. First, we observe the annual research

expenses of the lab heads’ current affiliations, which are, on average, about 160 million USD.

Second, we measure the lab heads’ annual external funding, which averages about 156,000

USD. The mean age of the labs is about 15 years old, calculated as the time since the lab head

became the principal investigator at their current affiliation.32 The mean lab size, measured as

the number of unique coauthors of identical affiliation, is about 9.5.33

We use publication-based variables to measure the lab heads’ reliance on empirical research

and their contribution to research projects. First, we calculate the share of the lab head’s publi-

cations that explicitly relate to empirical research.34 The mean share of empirical publications

is 0.42. Second, we calculate the share of publications in which the lab head is listed as the

last author. In most research fields, the convention is that the last position in the author list

is reserved for the scientist who has contributed most to the project in terms of funding, lab-

oratory space, research material and equipment. We interpret this variable as a proxy for the

share of research that is accredited to the lab head by virtue of their physical capital stock. On

words, and stemmed using nltk and sklearn Python libraries.
32Note that with this operationalization, we likely overestimate the actual age of the lab, as scientists may

move to a new lab without changing their affiliations.
33These numbers are comparable with those in prior studies: the Science and Engineering PhD and Postdoc

Survey reports a mean lab size of 10 (cf. Stephan, 2012).
34To this end, we search in each publication’s title, abstract and keywords for terms related to empirical re-

search, such as “equipment”, “experiment”, “material”, and “instruments”. This method, borrowed from Franzoni
(2009), likely understates the true number of publications related to empirical research.
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average, this share is 0.38.

Finally, we look at the levels of our main measures of research output and direction. We

report the annual averages for the ten years prior to the event. The average research output

is relatively high, with about four publications in a simple count and about nine in an impact-

weighted count. In these publications, lab heads list on average 107 references, of which

around 7.6 refer to their own prior work (self-references). The average number of unique

keywords is 4.3, with a relatively high number of these, 3.8, being keywords not previously

used by the scientist.

We document a close resemblance in pre-event characteristics between affected and control

lab heads.35 The means of the two groups are statistically indistinguishable from each other

for matched and unmatched variables: the t-test p-values are never below conventional signifi-

cance thresholds, with most of them being well above 0.5. We also show that the characteristics

of affected and control lab heads have similar distributions overall (see Appendix Figure D-1).

Altogether, this strongly suggests that affected and control lab heads have comparable profiles

in terms of their educational background, career position, available resources, and research

activities.

4.4 Laboratory damage

There is substantial variation in physical capital loss between the laboratories in our sample.

In the following, we detail the operationalization of our measures of physical capital loss and

present relevant descriptive statistics (see Appendix D.2 for further details).

Damage extent. We capture the damage extent in monetary terms with five ordinal cat-

egories (see Figure 2a). Across the 244 affected laboratories, the extent of damage ranges

from a few thousand USD to more than ten million USD. The majority of cases had damage

between 100,000 and one million USD. Given that the monetary value of a laboratory’s equip-

ment and material typically ranges between 250,000 and one million USD (Stephan, 2012),

these damages are substantial.

Generic and specialized capital. The damage descriptions in the news reports and the re-

sponses to our survey provide us with a detailed picture of the type of physical capital loss at

each laboratory.36 In line with our conceptual framework, we ultimately aggregate different

35Table D-1 presents the corresponding tests for the spared lab heads and their matched controls.
36The response options in our survey capture the following different categories of capital loss: laboratory space

and infrastructure; equipment and material easily available from multiple sources (“off-the-shelf”); equipment
and material available from few suppliers; equipment and material developed internally for specific research
purposes.

20



Table 1: Pre-event characteristics of affected lab heads with matched controls

Affected Affected (N= 244) Controls (N= 244)

vs Control Mean Median Std. Err. Mean Median Std. Err. Diff. p-value

Seniority 21.84 21.00 8.60 21.72 22.00 8.60 −0.12 0.875
Male 0.84 1.00 0.37 0.83 1.00 0.38 −0.01 0.716
PhD affiliation rank 227.58 171.00 213.74 221.45 148.50 206.81 −6.13 0.748
Affiliation rank 311.49 219.00 227.45 297.07 226.00 219.81 −14.42 0.477
Affiliation expenses ($ mio) 159.77 146.51 130.00 168.41 114.86 185.74 8.64 0.631
External funding ($ mio) 0.15 0.02 0.42 0.13 0.00 0.40 −0.03 0.492
Laboratory age 14.88 14.00 8.69 13.68 12.00 9.24 −1.20 0.140
Laboratory size 9.42 6.55 9.81 9.21 6.70 9.16 −0.21 0.805
Empirical publications (share) 0.42 0.40 0.20 0.43 0.41 0.22 0.01 0.774
Last author publications (share) 0.38 0.38 0.24 0.37 0.35 0.22 −0.01 0.505
Publications 3.83 3.00 3.21 3.75 2.85 2.89 −0.08 0.770
Publications (JIF weighted) 8.85 4.88 10.71 8.75 5.30 11.01 −0.09 0.925
References 107.08 80.00 90.07 110.33 86.94 82.87 3.25 0.679
Self-references (prior pubs) 7.61 4.88 8.52 7.26 4.95 7.47 −0.36 0.623
Keywords 4.34 0.86 8.32 4.22 1.00 7.35 −0.12 0.863
New keywords 3.80 0.79 7.24 3.78 1.00 6.36 −0.02 0.978

Notes: This table presents summary statistics of pre-event characteristics of affected scientists and their matched
control group. The unit of observation is at the scientist level. Information on affiliation expenses is only available
for scientists at U.S. affiliations. Reported p-values based on an unpaired t-test.

types of physical capital loss to two groups: generic capital incorporates laboratory space and

infrastructure, equipment/material from multiple suppliers (“off-the-shelf”), and equipmen-

t/material from few suppliers; specialized capital represents equipment/material internally

developed for specific research purposes.37 Note that we make use of the nested case of “off-

the-shelf” generic capital loss in the final part of our heterogeneity analysis.

About 40% of the affected laboratories lost only generic capital, while fewer than 10%

lost only specialized capital (see Figure 2b). Most often, laboratories lost both generic and

specialized capital, especially where the damage was financially substantial. Therefore, we

distinguish in our empirical analysis between laboratories with generic capital loss only and

those with at least some specialized capital loss. There is a weak positive correlation between

specialized capital loss and damage extent: the larger the monetary value of the physical capital

loss, the more likely it is to involve both generic and specialized capital. Nevertheless, about

35% of the laboratories with damage of at least 100,000 USD lost only generic capital.

Laboratory age. We use the age of the laboratory as a measure of the obsolescence of the

37We also know about the loss of data and research notes, which we account for in robustness checks.
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Figure 2: Laboratory damage caused by adverse events
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Notes: This figure illustrates the heterogeneity in laboratory damage due to adverse events. The unit of observa-
tion is at the laboratory (i.e., lab head) level.

lost capital. Because direct measures of capital obsolescence are hard to obtain, we capture

this dimension using the time elapsed since the scientist started as a principal investigator

at their respective research institution. Although it is an imperfect proxy, laboratory age is

likely to correlate with the latent age of the physical capital stock. The recruitment of princi-

pal investigators is typically accompanied by “start-up packages” that are used to set up new

laboratories; that is, most investment decisions in physical capital are made at that point. Al-

though lab heads may upgrade their laboratory over time, it seems reasonable to assume that a

younger laboratory is more likely to incorporate up-to-date physical capital than an older one.

At the time of its adverse event, most laboratories were between five and 20 years old (see

Figure 2c). Due to mid-career moves, in which a lab head establishes a new laboratory at a

different research institution, laboratory age correlates with lab head seniority only moderately
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(see Appendix Figure D-2). Notably, laboratory age shows little correlation with the type of

lost capital: the share of cases in which only generic capital was lost is similar in laboratories

below the median age and those above it (see Figure 2d). This suggests that scientists start to

accumulate specialized capital at a relatively early stage.

5 Results

5.1 Physical capital loss and research output

Physical capital loss has a persistent negative effect on research output

We examine the effect of physical capital loss due to adverse events on research output through

multivariate analyses.38 In Figure 3, we report Poisson pseudo-maximum likelihood regression

estimates for the effect of adverse events on Publications and Publications (JIF weighted) of

affected lab heads relative to their matched controls over time. Both regressions are based on

the event study specification as outlined above (Equation E1). The dynamic treatment effects

are normalized to the latest pre-event bin. All pre-event estimates are statistically insignificant

and close to 0, bolstering the validity of the matched control group as counterfactual.

We find an immediate and persistent negative effect of adverse events on research output.

The coefficients, which can be interpreted as semi-elasticities, all turn negative after the adverse

event, with almost all being statistically significant (p-value < 0.05). Their magnitude ranges

between −0.14 and −0.21 for simple publication counts, and between −0.20 and −0.30 for

quality-weighted publication counts. In both panels of the figure, we further report the average

effect in the post-treatment period based on difference-in-differences estimators. The effect is

−0.17 for simple publication counts, and −0.20 for quality-weighted ones. These coefficients

equate, respectively, to declines in research output of about 16% and 18%. In practical terms,

this translates to the average affected lab head producing 0.62 fewer publications annually.

The stable pattern of the dynamic effects around the average effect suggests that the reduction

in research output is permanent. Even 15 years after the adverse event, the research output of

affected lab heads has not moved substantially closer to the counterfactual level. The observed

decline in research output is corroborated across different measures of research output, other

38We provide the results of a bivariate analysis in Appendix E.1, where we plot the mean publication counts
of affected and control lab heads over time. The publication counts of the two groups during the 10 years prior
to the adverse event are balanced; afterwards, the affected lab heads’ research outputs decrease relative to those
of the control lab heads, with no subsequent re-convergence.
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Figure 3: Impact of adverse events on research output – Event study and DiD estimates
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Notes: The two graphs present point estimates of the interactions of the variable Affected with binned event year
dummies (Event study), and with a binary variable that takes a value of one from the adverse event year onward
(DiD). The dependent variable in Figure F-2c is the simple publication count (Publications), and in Figure F-2d
it is the impact-weighted publication count (Publications (JIF weighted)). The sample consists of all affected lab
heads and their respective controls. The coefficients correspond to those reported in Appendix Table E-1 (Event
study) and Appendix Table E-2 (DiD). Confidence intervals are at the 95% level.

model specifications, and alternative control groups.39

The negative effect on research output is strongest for high-impact publications (see Table

2). The average treatment effect for publications in the top 5% of the quality distribution

39We observe a similar decline in research output when weighting publications with their five-year citation
count (see Appendix Figure E-3). Additionally, models incorporating scientist and calendar year fixed effects
yield similar results (see Appendix F.1). The robustness of results extends to linear models with the dependent
variable untransformed, log-transformed, or transformed using the inverse hyperbolic sine (see Appendix F.2),
and to models employing an interaction-weighted estimator (Sun and Abraham, 2021) (see Appendix F.3). Lastly
comparing the affected lab heads to the “natural” control group of spared lab heads and to several differently
matched control groups leads to results consistent with those from our preferred control group (see Appendices
F.4 and F.5).
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(based on five-year citations) is about twice as large as for those in the bottom 50% (−0.32 vs.

−0.15). This result is a further indication that affected lab heads suffer after an adverse effect,

particularly in terms of research quality.

Table 2: Impact of adverse events on research output – scientific impact

Affected (1) (2) (3) (4) (5)
vs Control Publications (by scientific impact)

Bottom 50% Top 50% Top 25% Top 10% Top 5%

Affected × post −0.154∗∗ −0.211∗∗∗ −0.258∗∗∗ −0.290∗∗∗ −0.324∗∗
(0.078) (0.067) (0.079) (0.105) (0.132)

Matched group × Event year FE Yes Yes Yes Yes Yes

Observations 12168 10856 8180 4914 3006
Scientists 488 486 474 426 376
Events 102 102 99 94 90
log likelihood −20096 −17523 −11179 −5631 −3139

Notes: Columns (1) to (5) show the estimates of Poisson pseudo-maximum likelihood regressions with high-
dimensional fixed effects. The models are specified as in Equation E2. The dependent variable (Publications
(by scientific impact)) is the publication count in the respective part of the scientific impact distribution (i.e., the
number of citations received within five years of publication). The quality distribution is stratified by decade. The
sample consists of all affected lab heads and their respective controls. Robust standard errors clustered at the
adverse event level are shown in parentheses. Significance levels: * p < 0.1, ** p < 0.05, *** p < 0.01.

The effect increases with the scope of physical capital loss

Adverse events may reduce a lab head’s research output through channels other than physical

capital loss. We exclude from our sample all adverse events with human casualties to rule out

the most obvious alternative channel. Nonetheless, to establish a more direct link between the

loss of physical capital and the decline in research output, we examine whether the magnitude

of the effect varies with the actual scope of the loss. For this purpose, we create subsamples

of affected lab heads according to the damage extent in monetary terms. We also draw on

the sample of spared lab heads, who did not experience any physical capital loss themselves

despite being part of the same department as the affected lab heads.

In Table 3, we report the effect of adverse events on impact-weighted publication counts

for each subsample. Affected lab heads that suffer little damage (i.e., below 100,000 USD)

and spared lab heads experience no statistically significant change in their research output

relative to their controls. However, for more substantial physical capital losses, the effects

become negative and large in magnitude. For the groups of affected lab heads experiencing

the largest amounts of damage, the effects on research output are statistically significant, with
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Table 3: Impact of adverse events on research output – damage extent

Affected/Spared (1) (2) (3) (4) (5)
vs Control Publications (JIF weighted)

Damage: None (spared) X<$100k $100k≤X<$1m $1m≤X<$10m $10m≤X

Affected × post 0.075 −0.082 −0.226∗∗ −0.299∗∗∗ −0.235∗
(0.082) (0.126) (0.110) (0.099) (0.125)

Matched group × Event year FE Yes Yes Yes Yes Yes

Observations 9394 3844 4522 3320 1398
Scientists 348 142 168 124 54
Events 79 45 50 34 8
log likelihood −30009 −12298 −13503 −10194 −4556

Notes: Columns (1) to (5) show the estimates of Poisson pseudo-maximum likelihood regressions with high-
dimensional fixed effects. The models are specified as in Equation E2. The dependent variable is the impact-
weighted publication count (Publications (JIF weighted)). The baseline is the pretreatment period. The sample
consists of: spared lab heads and their respective controls (Column (1)); affected lab heads with monetary damage
below $100k and their respective controls (Column (2)); affected lab heads with monetary damage between
$100k and $1m and their respective controls (Column (3)); affected lab heads with monetary damage between
$1m and $10m and their respective controls (Column (4)); and affected lab heads with monetary damage of
$10m or more and their respective controls (Column (5)). Significance levels: * p < 0.1, ** p < 0.05, *** p <
0.01.

magnitudes (−0.23, −0.30, and −0.24) that surpass the previously estimated average effect

for the full sample.

These results are informative in at least two ways. First, the estimated null effect for spared

lab heads (and affected lab heads with little damage) assures us that the estimated effects in

the full sample are not a methodological artifact; that is, they are not the result of our sample

selection or control group construction. Second, given that the magnitude of the negative effect

on research output increases with the scope of the physical capital loss, we conclude that it is

not simply the incidence of an adverse event, but rather it is its consequences that explain the

decline in research output.40

The effect concentrates on research output that relies on the lab head’s physical capital

Not all of a lab head’s research output relies to the same extent on their physical capital. If

physical capital loss is responsible for the reduction in research output, we would expect that

the effect will be most pronounced for publications to which the lab head contributes the most

40In line with this, the effect on research output does not hinge on a particular type of adverse event (e.g.,
eco-terrorism or natural disasters), type of institution, or geographical region (see Appendix F.6).
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physical capital. To explore this aspect, we leverage the fact that in most scientific fields,

the positions of the authors signal their contributions to a publication. In particular, the last

author position is usually reserved for the head of the laboratory in which the research project

takes place, whereas the first author position is typically taken by the scientist who undertakes

the project and makes the most significant intellectual contribution. Intermediary positions

are assigned to scientists who make more marginal contributions of either kind. Last-author

publications therefore represent the research output of the lab head that is most likely to rely

on their physical capital stock.41

In Table 4, we separately report the effect of adverse events on first-, middle- and last-author

publication counts. The effect on first-author publications is small and statistically indistin-

guishable from zero (0.06). In contrast, the effect on last-author publications is considerably

larger in magnitude and is statistically significant (−0.20). These effect differences are consis-

tent with a 2.8 percentage-point decline in the share of last-author publications—a statistically

insignificant, yet economically substantial effect given the variable’s average of about 35%.

Indeed, Appendix Figure E-4 illustrates that the share of last-author publications declines im-

mediately after the adverse event and recovers gradually over time. These results demonstrate

a direct link between a reduction in research output and the loss of physical capital as relevant

input factor. Furthermore, the results suggest that the effect is not a consequence of emotional

stress or lack of motivation in the aftermath of the adverse event. If these psychological factors

were the primary mechanism, we would expect to see the decline in research output extending

to first-author publications, because these are the ones to which the lab head contributes most

actively.

Alternative explanations for the effect’s persistence

Temporary disruptions can have a lasting impact on research productivity if they alter a scien-

tist’s professional environment. In other words, it is conceivable that physical capital loss has a

direct effect on research output in the short term (e.g., due to unrealized pending projects), but

the long-term effect derives from conceptually different channels (e.g., career move, changes

in human capital input, and reputational damage). In the following, we summarize and dis-

cuss the results of additional analyses detailed in Appendix E.3, which provide insights into

whether any of these channels can explain the effect’s persistence.

Career move. Adverse events may trigger exits from academia, retirement, or moves to insti-

41Author ordering follows different conventions in social sciences and humanities. The following results be-
come stronger when excluding lab heads active in these scientific fields.
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Table 4: Impact of adverse events on research output – author position

Affected (1) (2) (3) (4)
vs Control Publications (by author position)

First Middle Last Last (share)

Affected × post 0.068 −0.223∗∗∗ −0.200∗∗ −0.026
(0.096) (0.074) (0.085) (0.021)

Matched group × Event year FE Yes Yes Yes Yes

Observations 6886 10844 10780 9730
Scientists 484 486 488 488
Events 102 102 102 102
log likelihood −8114 −16868 −17735 225

Notes: Columns (1) to (3) show the estimates of Poisson pseudo-maximum likelihood regressions with high-
dimensional fixed effects. Column (4) shows the estimate of a linear regression with high-dimensional fixed
effects. The models are specified as in Equation E2. The dependent variables in Columns (1) to (3) are the simple
publication count (Publications) restricted, respectively, to publications that list the lab head as first author, middle
author, or last author. The dependent variable in Column (4) is the proportion of last-author publications in all
publications. Robust standard errors clustered at the adverse event level are shown in parentheses. The event
study estimates for the respective dependent variables can be found in Appendix Figure F-1. Significance levels:
* p < 0.1, ** p < 0.05, *** p < 0.01.

tutions with inferior research conditions. Indeed, we find that affected lab heads are more likely

to “retire” (i.e., stop publishing) and more likely to move to an affiliation with a worse rank

than their previous one. To investigate whether such career changes explain the permanent

reduction in research output, we repeat our main analysis with subsamples that exclude lab

heads who experience career exit, affiliation change, or retirement. Furthermore, we estimate

the intensive margin effect on research output in the full sample by setting all scientist-year

observations with zero publications missing. In both cases, the resulting dynamic treatment

effects resemble those of our main analysis. We take these results to indicate that career moves

are not solely responsible for the long-term effect on research output.

Changes in human capital input. Adverse events may also affect the complementary human

capital available to the lab head for research. For instance, repair costs and missed opportu-

nities for research grants can strain the affected lab heads’ budgets, forcing them to downsize

their laboratories. Moreover, (potential) collaborators may be less inclined to work with a lab

head who does not have the necessary physical capital to support their research ambitions.

Overall, we find little evidence of such changes in human capital input: the average number of

internal or external coauthors per publication remains practically unaffected. We further ex-

amine the effect of the adverse event on a human capital input-adjusted measure of research
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output by dividing each impact-weighted publication by its number of authors. The adverse

events retain a significant negative effect on research output, which is slightly smaller in mag-

nitude but equally stable over time.42 These results suggest that labor input changes alone fall

short when it comes to explaining the effect’s persistence.

Reputational damage. It is conceivable that involvement in an adverse event lowers the

reputation of affected lab heads in the scientific community, with negative implications for

their (accredited) research output (cf. Merton, 1968). If an adverse event lowers a lab head’s

reputation among their peers, we would expect to observe a “citation penalty” on their research

output. In line with prior literature (Azoulay et al., 2014), we focus on citations of publications

from the pre-event period to isolate reputational effects from quality-related ones. In this

context, a decline in the number of citations of such publications in the years following the

adverse event would indicate a negative reputational effect. We find that the citation patterns

of pre-event publications remain statistically indistinguishable between affected and control

lab heads. This renders reputational damage an unlikely driver of the long-term effect on

research output.

All in all, we find no empirical evidence that would substantiate changes in the lab head’s

professional environment as being the main source of the effect’s persistence. Taken together

with the other findings in this section, we conclude that the physical capital loss itself explains

the negative long-term consequences for research productivity. Evidently, lab heads fail to fully

recover from physical capital loss even over the long term.

5.2 Recovery from physical capital loss

Why do affected lab heads struggle to recover from physical capital loss? We seek an answer

to this question by leveraging the heterogeneity in physical capital loss among our affected lab

heads. To be more precise, we investigate whether the long-term effect on research productivity

differs according to the specialization and obsolescence of the lost capital. Guided by our

conceptual framework, we also consider under what circumstances physical capital loss affects

research direction and how this relates to research output.

The following analysis needs to be put into perspective. Uncovering heterogeneity in the

42Note that these results come with the caveat that the observed human capital input is conditional on pub-
lished research output. Furthermore, the null effect on the quantity of labor input does not rule out a decrease
in the quality of labor input, for example, if the lab head cannot attract as talented PhD students as before. A
related question concerns the effect of the adverse event on the lab affiliates’ research output. In Appendix E.3, we
provide an initial examination of the impact on lab affiliates, finding only transient effects on their productivity,
with junior affiliates taking longer to recover than their senior counterparts.
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causal effects of physical capital loss does not itself permit a causal interpretation. That is, our

estimations do not identify how treatment effects would change if the lost capital’s obsoles-

cence (or specialization) was exogenously altered. To obtain a valid interpretation, we there-

fore supplement our results with qualitative evidence derived from the personal statements of

affected scientists.43 Moreover, we show the general robustness of the empirical patterns using

alternative measures of research output and direction in Appendix E.5, and the inclusion of

additional heterogeneity dimensions (i.e., research field, damage extent, laboratory size, lab

head seniority, and affiliation rank) in Appendix F.7.

The loss of specialized physical capital

We first investigate whether physical capital loss affects our lab heads differently depending on

its specialization. In our conceptual framework, we argue that specialized capital can only be

accumulated through the lab head’s own time investments. Consequently, the loss of special-

ized capital is hard to recoup in the short term, and makes a permanent reduction in research

output more likely in comparison to generic capital loss. We test this empirically by distin-

guishing between lab heads that only lost generic capital and those that (also) lost specialized

capital. To facilitate the comparison of the output paths between the two groups, we add up

baseline and interaction coefficients and present only total effects.

We find that specialization of the lost physical capital moderates the effect of adverse events

on research output (see Figure 4a). The loss of specialized capital leads to a persistent negative

effect on quality-weighted publication counts over the entire post-treatment period. The aver-

age post-treatment effect on research output for specialized capital loss is substantially larger

in magnitude, −0.28, and is statistically significant. While the loss of generic capital has a more

negative effect relative to the loss of specialized capital in the first two years after the adverse

event, research output approaches the counterfactual level in subsequent years. Indeed, the

average post-treatment effect on research output for generic capital loss is −0.06 and is statis-

tically indistinguishable from zero. This underlines our initial assumption that the persistent

effect on research output cannot be ascribed to a temporary interruption in the aftermath of

the adverse event.

These results indicate that lab heads fail to recover in terms of research output if they lose

their specialized capital. Specialized capital is created by the lab heads over time, which makes

it hard to substitute (e.g., from external sources) and renders its loss practically irrecoverable.

This interpretation finds qualitative support in the statements of affected scientists, which il-

43These statements originate from responses to our survey and direct quotes in the secondary sources.
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Figure 4: Impact of adverse events on research output and direction by capital specialization
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Notes: The two graphs present point estimates of the interactions of the variable Affected with binned event
year dummies (Event study), and with a binary variable that takes a value of one from the adverse event year
onward (DiD). We introduce further interactions with a binary variable that indicates affected lab heads who lost
specialized physical capital (see Equation E3). The dependent variable is the impact-weighted publication count
(Publications (JIF weighted)) in Figure 4a, and the share of keywords that do not appear in the lab head’s prior
publications relative to all of the keywords in their publications (New keywords (share)) in Figure 4b. The sample
consists of all affected lab heads and their respective controls. The coefficients correspond to those reported in
Appendix Tables E-10 (Event study) and E-11 (DiD). Confidence intervals are at the 95% level.

lustrate that specialized capital requires considerable time investment and is hard to recover

once lost:

“Research records and animal models that have been engineered to mimic human
disease that have been five, ten years or more in creation have also been lost.”

“Six pieces of equipment were one and only—ones we had developed from the ground
up over six years. That kind of system is difficult to reproduce, or put a price tag on.”

“In some cases, it’s a total disaster [...]. These animals were bred with unique char-
acteristics for biomedical purposes. They will be hard to replace.”

“[His] genetic research on the Drosophila goes back 35 years and some of it is irre-
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trievably lost, he said. ‘I have been studying that system for my entire career, since I
was a graduate student.’”

According to our conceptual framework, loss of specialized physical capital should also

make lab heads more inclined to reorient themselves toward new research topics. We examine

this in Figure 4b, where we report linear regression estimates for the effect of adverse events

on the share of new keywords in the lab heads’ publications (New keywords (share)). The loss

of specialized capital leads to a significant change in research direction: affected lab heads

become more likely to use keywords that they have not previously used in their publications.

The average post-treatment effect is 0.05 and is statistically significant (p-value < 0.1).44 For

lab heads that only lost generic capital, the average post-treatment effect is −0.01 and is sta-

tistically indistinguishable from zero. Because the continuation of ongoing research is reliant

on the lost specialized capital, affected lab heads seem more inclined to change their research

direction and turn toward new projects, as reinforced by the personal testimonies of affected

lab heads:

“I had to change the scope and direction of my research because of the flood [that]
totally destroyed my laboratory and my adjacent office in the same building. I lost
DNA and RNA samples from critically endangered species.”

“There were a lot of ongoing experiments that were destroyed [...]. Many were short-
term. Others were long-term where we lost five years. Those experiments likely will
never be redone.”

In summary, the evidence described above allows us to conclude that the permanent nature

of specialized capital loss explains the lack of recovery in post-event research output.

The loss of obsolete physical capital

We further investigate whether obsolescence also explains some of the heterogeneity in the

effect of physical capital loss on research output. Conceptually, we argue that obsolescence is

a relevant dimension for two main reasons: first, technical progress reduces the contribution

made by old generic capital to new research output; second, because the possibilities for re-

search on a given topic become exhausted over time, old specialized capital is associated with

a reduced research productivity. To explore this empirically, we proxy the obsolescence of a lab

head’s physical capital stock using the age of their laboratory at the time of the adverse event.

We distinguish between the heads of laboratories that are below (Modern lab) and above (Old

lab) the median laboratory age.

44The observed changes in research direction are not driven by a shift from empirical to theoretical research:
the share of empirical publications does not decrease after the adverse event (see Appendix Figure E-15).
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Figure 5: Impact of adverse events on research output and direction by laboratory age

(a) Publications (JIF-weighted)
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Notes: The two graphs present point estimates of the interactions of the variable Affected with binned event year
dummies (Event study), and with a binary variable that takes a value of one from the adverse event year onward
(DiD). We introduce further interactions with a binary variable that indicates affected lab heads who worked
in a laboratory older than the median age (see Equation E3). The dependent variable is the impact-weighted
publication count (Publications (JIF weighted)) in Figure 5a, and the share of keywords that do not appear in the
lab head’s prior publications relative to all of the keywords in their publications (New keywords (share)) in Figure
5b. The sample consists of all affected lab heads and their respective controls. The coefficients correspond to
those reported in Appendix Tables E-10 (Event study) and E-11 (DiD). Confidence intervals are at the 95% level.

We find that physical capital loss leads to a larger reduction in research output for lab

heads in modern laboratories (see Figure 5a). Although both groups of lab heads experience

very similar declines in research output in the first post-event years, the trends subsequently

diverge, with lab heads in old labs achieving a partial return to the counterfactual level. Thus,

the average post-treatment effect is more than twice as large in magnitude for lab heads in

modern labs (−0.30 vs. −0.13). These differences imply that the loss of obsolete physical

capital permits a recovery path that is not otherwise available.

At the same time, affected lab heads in old laboratories undertake a significant and per-
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manent shift in research direction following physical capital loss (see Figure 5b). By contrast,

affected lab heads in modern labs do not change their research direction (0.05 vs. −0.01) de-

spite their larger decline in research output. Taken together, the more obsolete the lost physical

capital, the more likely the affected lab heads are to conduct research on new topics and recover

their research productivity.

The positive association between a change in research direction and recovery in research

output is consistent with the idea that the loss of obsolete physical capital reduces path depen-

dence. Because the lab head can no longer live off the previously accumulated capital stock,

abandoning their previous research projects and turning toward new topics becomes relatively

more attractive. At this point, due to obsolescence, it is more likely that the lab head can now

choose a research topic that offers a much better return on their time investment than the exist-

ing one. Consequently, for lab heads that suffer the loss of obsolete physical capital, a change

in research direction can lead to subsequent productivity gains, which alleviate the long-term

negative impact on research output.

The following statements of affected lab heads provide qualitative evidence that physical

capital loss can indeed reduce path dependence and reorient lab heads to new and more worth-

while research topics:

“The silver lining of the whole storm [...] is the fact that it allows me to refocus
myself. Now, I can go after what is interesting to me now, not what was interesting to
me two years ago.”

“My former research in physiological ecology of woody plants was ended and a whole
new career direction at age 59+ unfolded. This new direction turned out to be vastly
rewarding.”

We find additional support for this mechanism in Figure 6, in which we plot the total aver-

age treatment effects on research output and research direction for four subgroups of affected

lab heads, delineated by specialization and obsolescence. Lab heads experiencing specialized

capital loss and with an old laboratory exhibit the strongest positive reaction in terms of re-

search direction (0.06), but show a smaller reduction in research output than lab heads ex-

periencing specialized capital loss and with a modern laboratory (−0.40 vs. −0.17). If we

focus instead on the two subgroups of lab heads experiencing only generic capital loss, the

reductions in research output do not differ substantially between old and modern laboratories

(−0.07 vs. −0.03).45 This implies that the necessity for new specialized capital deters scien-

45It is noteworthy that affected lab heads in modern laboratories who only experience generic capital loss
are actually significantly less likely to change research direction relative to their counterfactual. This attachment
to pre-event research topics aligns with our model, in which generic capital is a prerequisite for creating new
specialized capital.
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tists from changing their research trajectories, even if their physical capital stocks have become

obsolete and more attractive research topics are available.
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Figure 6: Impact of adverse events on research output and direction by capital specialization
and laboratory age
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Notes: The two graphs present point estimates of the total average treatment effect (DiD) from pooled regressions
that include full interactions with two binary variables. The first variable indicates affected lab heads who lost
specialized physical capital. The second one indicates affected lab heads who worked at the time of the adverse
event in a laboratory older than the median age. The dependent variable in Figure 6a is the impact-weighted
publication count (Publications (JIF weighted)), and in Figure 6b it is the share of keywords that do not appear in
the lab head’s prior publications relative to all of the keywords in their publications (New keywords (share)). The
coefficients correspond to those reported in Appendix Table E-13. The sample consists of all affected lab heads
and their respective controls. Confidence intervals are at the 95% level. Significance levels: * p < 0.1, ** p <
0.05, *** p < 0.01.

The heterogeneity results and qualitative evidence presented above lend support to our

theoretical predictions on how obsolescence moderates the effects of physical capital losses on

both research output and research direction. Specifically, the model predicts a smaller reduc-

tion in research output for lab heads in older labs and a more likely change in their research

direction. This prediction does not apply to other lab characteristics that likely correlate with

lab age. For instance, while the model also predicts a smaller reduction in research output

for lab heads in well-equipped labs, it does not predict a more likely change in their research

direction.46 Nonetheless, we cannot rule out the influence of other relevant factors, such as

the lab head’s access to funding, age, human capital, and social capital—all of which could be

contributing to the patterns of heterogeneity we observe.

46Lab heads in well-equipped laboratories, characterized by a high level of generic capital (Kg) and a low rate
of depreciation θ , are more likely to already work on the optimal topic. Hence, the physical capital shock has a
smaller effect on research output as well as on the probability of a change in research direction.
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Physical capital renewal

The heterogeneity results thus far suggest that loss of generic capital has only minor effects

on research output. This is consistent with the idea that generic capital becomes a less crucial

input to knowledge production once a scientist has accumulated specialized capital. However, a

competing explanation lies in the possibility that lab heads can quickly reestablish their generic

capital stock given its transferability and commercial availability. In other words, the results

above leave open the question of whether generic capital is, indeed, less relevant to knowledge

production in the long run or whether its loss is simply more transient.

To shed light on this question, we first investigate whether affected lab heads obtained

compensation after their adverse events that would enable them to restock their generic capital.

While such information is only partially available from our data, it does appear that lab heads

typically received some post-event financial or material support.47 This enabled lab heads to

quickly replenish their generic capital stock, as exemplified by the following quotes:

“The fire was in a facility that performed DNA sequencing tasks. It slowed down
research, because we had to send the material to an outside company for sequencing.
But new machines were installed soon, and the insurance paid for the replacements.”

“It won’t set us back more than a few months [...]. As soon as we get the incubators,
we’ll be back on line.”

“This tornado destroyed a storage building filled with older beekeeping equipment.
The insurance payout allowed us to purchase new beekeeping equipment and construct
a new storage facility.”

Against this backdrop, physical capital loss actually provides an opportunity for lab heads to

renew their generic capital, which may have a countervailing (i.e., positive) effect on research

productivity depending on the obsolescence of the replaced capital. Whereas replacement of

the lost generic capital is likely to result in a modernization of the capital stock in the case of

old laboratories, for modern laboratories it corresponds at best to a return to the status quo.

We look for evidence of this countervailing effect in a particular subgroup of lab heads: those

that only lost “off-the-shelf” generic capital. Such “off-the-shelf” generic capital is a subset

of all generic capital and reportedly available from multiple vendors, meaning that lab heads

should, indeed, be able to reacquire it following the adverse event.

We find that lab heads that only lost “off-the-shelf” generic capital experience on average

a slightly positive but insignificant effect on their research output in the post-treatment period

47The funding sources involved are quite diverse and differ according to institution and adverse event type:
some lab heads received money either by filing insurance claims or directly from a self-insured university/research
institute; others received help from disaster relief funds and/or donations.
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Figure 7: Impact of adverse events on research output by laboratory age (generic capital re-
newal)
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Notes: The graph presents point estimates of the total average treatment effect (DiD) from pooled regressions
that include full interactions with two discrete variables. The first one indicates affected lab heads (and their
respective controls) who lost only off-the-shelf generic physical capital. The second one splits affected and control
lab heads into three tertiles by laboratory age at the time of the adverse event. The dependent variable is the
impact-weighted publication count (Publications (JIF weighted)). The coefficients correspond to those reported
in Appendix Table E-15. The sample consists of all affected lab heads and their respective controls. Confidence
intervals are at the 95% level. Significance levels: * p < 0.1, ** p < 0.05, *** p < 0.01.

(see Figure 7). Examining the effect formation along the obsolescence dimension reveals that

this positive effect is driven by laboratories that—from a theoretical viewpoint—should benefit

most from physical capital renewal. More specifically, the positive effect on research output is

large in size and significant for affected lab heads with laboratories in the upper tertile of the

age distribution (0.49), while lab heads with more modern laboratories experience no statis-

tically significant effect on their research output. In our sources, we find qualitative evidence

that substantiates capital renewal as a mechanism for an increase in productivity and, hence,

a recovery in research output following physical capital loss:

“[...] all equipment was replaced on a new-for-old basis [...]. I was also relocated in
a well-equipped lab. So basically my group came out of it very well.”

“This event led to the replacement of the original building, but with a building co-
designed by staff, students, and faculty, as well as outside consultants and university
operations, to a high standard of sustainability. [...] it was transformative.”

This evidence further substantiates the fundamental difference between generic and spe-

cialized capital. It also suggests that, while specialized capital is an irreplaceable input to

knowledge production, up-to-date generic capital embodies productivity gains.
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6 Conclusion

We investigate the nature and relevance of physical capital as an input to knowledge produc-

tion. The unexpected loss of physical capital following adverse events in research laboratories

serves as a natural experiment by which to assess its contribution to the research outputs and

trajectories of scientists. We find that physical capital loss leads to a permanent reduction in

research output. This result echoes a previous finding that researchers fail to recover from the

loss of collaborators as a unique knowledge source (Azoulay et al., 2010). We demonstrate

that research productivity rests upon specialized physical capital, which represents a unique

and irreplaceable input and whose loss cannot be compensated because of its singular devel-

opment process. In this sense, if specialized physical capital is lost, some knowledge will be

lost with it.48

We also find that physical capital influences a scientist’s research trajectory. The loss of

specialized and obsolete physical capital renders a scientist more inclined to change research

direction. This suggests that such loss reduces a scientist’s path dependence because they can

no longer live off their previous investments. The scientist has to create new capital, but at this

juncture will opt for the research topic that now offers the best return. This implies that the

necessity for new specialized capital deters scientists from changing their research trajectories,

even if their physical capital stock has become obsolete. Hence, the accumulation of physical

capital constitutes one explanation for the observed reluctance of scientists to change research

direction (Myers, 2020).

Whereas the prior literature has largely focused on human capital, our study indicates that

physical capital plays a critical role in the production of knowledge. Because a crucial type of

this physical capital appears to be the product of a scientist’s effort and vision, this result does

not call into question the relevance of human capital. Rather, we suggest that there are impor-

tant complementarities between the human and physical spheres, especially at the knowledge

frontier: here, new discoveries rely not just on specialized human capital (Jones, 2009) but also

on specialized equipment and material. As noted by Rosenberg (1992), these can mature into

standardized and transferable goods that increase research productivity for many scientists.

However, as we argue, this type of physical capital exhibits in its genesis economic features

commonly associated with human capital. In particular, specialized physical capital results

from a scientist’s individual investment decisions, which are likely influenced by other factors

not fully explored in our study, such as the scientist’s ability. Indeed, a closer examination of

48Indeed, historical case studies suggest that physical capital can embody knowledge that is not otherwise
attainable (cf. Mokyr, 2002).
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the interplay between specialized human and physical capital presents a valuable direction for

future research.

This perspective suggests that science and innovation policy should give more consideration

to the role of physical capital in knowledge production. Notably, specialized physical capital

may not be within the reach of direct interventions such as increased research funding. Instead,

indirect measures, such as the provision of state-of-the-art laboratories and funding schemes

with longer time horizons, may serve to increase scientists’ investments in specialized physical

capital. Moreover, promoting standardization and sharing between scientists seems desirable

when it comes to improving the (re-)allocation of existing physical capital (Furman and Stern,

2011; Agrawal and Goldfarb, 2008). Such initiatives, however, must involve incentives that

compensate scientists to forego private returns to their investments (cf. Walsh et al., 2007). A

promising area for future research involves examining how different governance levels—from

labs to governments—can promote the efficient development of physical capital.

The evaluation of policies targeting physical capital may, however, be challenging because

of the difficulty in measuring physical capital inputs and linking this to research output.49 The

costs of self-created physical capital do not enter official statistics, and the scientific value of

physical capital can greatly exceed its commercial value, making it often impossible to assign

a dollar price to a scientist’s most valuable physical capital. Even more so, it is important to

understand this aspect of the research process and its relevance to knowledge creation so as to

optimize the accumulation of physical capital and its allocation. Overall, our study constitutes

a significant first step toward a more comprehensive analysis of the variety of resources that

influence knowledge production (cf. Azoulay et al., 2018).

49Research output is most commonly quantified via scientific articles and patents. Existing bibliographic
databases provide decent proxies for human capital (i.e., author/inventor information) and knowledge inputs
(i.e., references to prior publications). By contrast, structured information on physical capital inputs is rarely
available, although recent projects offer significant promise in overcoming some of the limitations in this regard
(cf. Lane et al., 2015).
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A Conceptual Framework

A.1 Physical capital shocks with a finite time horizon

We discuss the implications of a finite time horizon for our conceptual framework. We demon-

strate, in particular, that the predictions outlined in Section 2 are, qualitatively, the same and

remain valid if generic capital does not depreciate. The limit case in which the time horizon is

very short is not of particular interest because it implies that only considerations about the short

term are meaningful, and empirically testable. However, it remains plausible that scientists are

time-constrained and this specification of the model takes this better into account.

Thus, after a shock, the scientist is less likely to return to an investment phase with a finite

time horizon than in the case where the time horizon is large. Specifically, unless specialized

capital is completely lost, there exists a minimum time horizon below which the scientist does

not reinvest despite the loss of specialized capital. Then, the change in research productivity

in the long run from Equation 5 in Section 2 generalizes to:

∂ R1x
(t)∗/∂ K1x

R1x
(t)∗ =

θβeTxθ

θK1x
eTxθ + Kgx

eTxθ − Kgx

, (5a)

where Tx is the time remaining after the shock. This equation corresponds to a positive

constant, also if the depreciation rate of generic physical capital is null (θ = 0). In fact, for θ

that tends to 0, the equation simplifies to:

∂ R1x
(t)∗/∂ K1x

R1x
(t)∗ =

β

Tx Kg0
+ K1x

. (5b)

We then consider changes in research topics, with reference to Equation 6 in Section 2. For

the sake of readability, we assume β = 1 and Kgx
= 1. We find:

J(R∗2x
)> J(R∗1x

) =⇒ A2x
>

A1x

�
K1x
θ eTxθ + eTxθ − 1

�2
(1− eTxθ )2

. (6a)

For θ that tends to 0, this simplifies to:

J(R∗2x
)> J(R∗1x

) =⇒ A2x
>

A1x

�
K1x
+ Tx

�2
T 2

x

. (6b)

The implications of both equations are the same as for Equation 6: unless there is no

specialized capital, A2x
has to be substantially larger than A1x

to justify a change in topic, and
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a negative shock to specialized capital increases the probability of a change in topic. A very

short time horizon would reduce the probability of changes in topic (because the denominator

tends to zero). The characteristics of Equation 7 in Section 2 are a direct consequence of these

conclusions and, therefore, also remain equivalent: for sufficiently high values of A2x
, research

productivity can recover in the long run.

All of these expressions derive from the model in which generic capital and specialized

capital depreciate at the same rate. However, a model in which these rates are allowed to

differ and only the depreciation rate of generic capital is zero would, qualitatively, reach the

same conclusions.

To conclude, the time horizon being finite and the obsolescence rate of generic capital being

positive are both sufficient assumptions for the validity of our predictions. In other words,

the consequences of shocks to specialized capital would only be temporary and irrelevant to

research direction if the time horizon were infinite and there were no technological progress

(or, alternatively generic capital were being constantly renewed). In this case, the scientist

would always switch immediately to the most worthwhile topic before any shock, and after a

shock they would accumulate the same level of specialized capital as before it.
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A.2 Graphical illustration of predictions

Figure A-1: Illustration of physical capital shock in theoretical model

(a) Modern laboratory

0 1 tx (shock) 1x T

R1(t)

K1(t)

(b) Old laboratory

0 1 tx (shock) 2x T

R1(t)

K1(t) K2(t)

R2(t)max

R2(t)min

Feasible R2(t)
 for different values of A2x

Notes: The two figures show the results of simulations based on the theoretical model with a complete loss of
specialized capital. In Figure A-1a, specialized capital is not yet obsolete (A1x

> A2x
). In Figure A-1b, specialized

capital has become obsolete (A2x
> A1x

). The green-colored area shows the range of feasible values of the research
output R2(t), for different values of A2x

. The lower bound limit of R2(t)min is defined by the case in which
A2x
= A1x

. The upper bound limit (R2(t)max) is defined by the value of A2x
that renders the scientist indifferent

to topic change in the absence of a shock. For higher values, the scientist would have changed the research topic
regardless of the shock and the counterfactual R1(t) (dashed line) would not exist.
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B Adverse Events

B.1 Data collection

At the start of the data collection, we search for information on adverse events at universi-

ties and research institutes in newspapers, incident reports, campus gazettes, books, and other

pieces of gray literature. We identify potentially relevant adverse events with systematic key-

word queries in news archives. Most importantly, we use NewsLibrary, which is an online

newspaper archive with a corpus of over 7,700 U.S. newspapers with articles dating back to

1977. In addition, we use LexisNexis and Google Search, which both cover non-U.S. newspa-

pers as well. All three archives contain machine-readable articles that can be searched through

the internal search function.

The search queries for the news archives are based on meaningful Boolean combinations

of research-related terms and an adverse event-related term. The latter terms include causes

(e.g., fire, outage, storm) and consequences (e.g., destruction, disruption, loss). The search

terms are as follows:

Research-related terms Adverse event-related terms

Academic, Campus, College, Department,

Experiment, Hospital, Installation, Lab(-

oratory), Observatory, Research, Research

center, Research complex, Research equip-

ment, Research facilities, Research insti-

tute, Research material, Science, Science

center, Scientific equipment, Scientific fa-

cilities, Scientific institute, Scientific mate-

rial, University

+

Accident, Adverse, Arson, Assault, Attack,

Blackout, Blast, Blaze, Breakage, Break-

down, Burn, Contamination, Crash, Dam-

age, Destruction, Detonation, Disaster, Dis-

ruption, Earthquake, Emergency, Evacua-

tion, Explosion, Failure, Fault, Fire, Flame,

Flood, Hack, Havoc, Hazard, Hurricane,

Leak, Loss, Lost, Malfunction, Outage,

Overheating, Shatter, Short circuit, Spill,

Spillage, Spoilage, Storm, Strike, Vandal-

ism, Vandals

The respective search results list the news article’s title, date, and excerpt/snippet (of vary-

ing length). If a search result appears relevant, we obtain the respective news article. Depend-

ing on the information in the article, we search for additional articles about the same event

with more specific search terms (e.g., the university name). Most of the (newspaper) articles

have been published within the first ten days following the adverse event (see Figure B-1).

We collect, read, and process about 500 news articles, reports, and book chapters (see

Section B.2 for examples of newspaper articles and Section B.3 for a list of the most relevant
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Figure B-1: Time lag between adverse event and news article (in days)
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Notes: This figure illustrates the distribution of the time lag between the occurrence of the adverse event and the
publication of the first source of information in our data (primarily news articles). Lag is truncated at 100 days.
The unit of observation is the adverse event.

sources). Several public data bases help us identify additional adverse events or fill in missing

information for those already in our collection: the U.S. FEMA Disaster Open Database, which

includes information on damages to public institutions due to officially declared disasters; the

U.S. FEMA National Fire Incident Database, which includes fires reported by the majority of

fire departments; non-compliance reports published by the Office of Laboratory Animal Welfare

(OLAW) (Mohan et al., 2017); the Global Terrorism Database, which lists eco-terrorist attacks

against research institutions, among others; the diary of the Animal Liberation Front (2010),

which was the most active militant animal rights group in the late 20th century. We also learn

about further cases through personal communication with scientists.

From this array of sources, we compile a list of 296 adverse events with key basic infor-

mation: 1) the event date, 2) the type/cause of the event, 3) the affected institution and

department, 4) whether physical capital loss occurred, and 5) whether any human casualties

occurred. Based on this information, we apply additional criteria to select valid cases for our

analysis: 1) we retain events that took place between 1980 and 2012; 2) we exclude adverse

events that are linked to scientists’ carelessness or disregard of rules and regulations, which

undermines plausible exogeneity; 3) we exclude institutions with no research output in sci-

entific publications; 4) we exclude cases of false alarms or damage to classrooms instead of

laboratories, keeping only cases in which the damage was non-trivial; 5) we exclude cases that
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Figure B-2: Reasons for exclusion of adverse events in the initial set
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Notes: This figure lists the reason for exclusion of adverse events in the initial set. The unit of observation is at
the adverse event level.

involved human casualties or serious injuries among scientists and research personnel.50

From the initial set of 296 adverse events, we maintain 147 for further processing. Figure

B-2 provides an overview of the (primary) reason why a given adverse event was excluded.

The main reason for the exclusion of adverse events relates to the damage being trivial or

irrelevant to research. We exclude some other adverse events because we are unable to obtain

sufficient information. This is the case, for instance, if there is no reference to the department

or research field, which prevents us from sending our survey to likely informed scientists.

We can confidently argue that the list obtained is comprehensive of most adverse events

in research laboratories during our period of analysis for which information can be obtained

with reasonable effort from English, German, Italian, or French written sources. However, the

list is not to be considered a representative sample of adverse events overall; it is intentionally

limited to cases with physical capital loss at research laboratories in universities or research

institutes. Because of the greater media coverage and higher availability of databases (in par-

ticular, NewsLibrary, which focuses on U.S. news outlets), the list focuses on cases occurring

in North America and Western Europe and at more renowned institutions.

50Given the propensity of journalism to report the sensational, news reports are unlikely to omit details of
human casualties if there were any. Furthermore, we can compare a considerable subset of adverse events with
incident records of the the Occupational Safety and Health Administration, which is part of the U.S. Department
of Labor.
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B.2 Sources

Newspaper article: example 1

San Jose Mercury News (CA)

January 15, 2002

SOME RESEARCH ESCAPES BLAZE AT CAMPUS LAB

Scientists in Santa Cruz feared more work had been destroyed

The amount of research lost in Friday’s fire that destroyed two biology labs at the University of Califor-

nia-Santa Cruz was not as great as scientists originally feared, university officials said Monday. "There’s a

real sense of relief because much of the research data was in a separate area of the building," said university

spokeswoman Elizabeth Irwin.

The two labs were operated by Manuel Ares and Jane Silverthorne of the Department of Molecular, Cell

and Developmental Biology. In Ares’ lab, the blaze destroyed lab and computer equipment and DNA sam-

ples. Silverthorne is on academic leave with the National Science Foundation, and, therefore, officials don’t

believe the lab contained extensive research materials. Most of the damage was in the southwest corner of the

Sinsheimer Labs—the campus’s main biology building—and computers used to back up Ares’ data were in the

north wing, which was not as seriously affected by water and smoke damage.

Ares, chairman of the department, is studying how genes are expressed in cells and how gene functions

change in diseased cells such as cancer cells. Silverthorne researches the molecular biology of plant develop-

ment.

Irwin said that a preliminary investigation by the state Fire Marshal’s Office has determined that the blaze

was not intentionally set. But its cause probably won’t be known until later this week, she said. The fire, which

began at 5:30 a.m. Friday when Sinsheimer was unoccupied, closed five buildings and a multistory parking

structure. All of the structures except Sinsheimer were opened when classes resumed Monday morning. Some

researchers have been allowed to enter the building under the supervision of teams from the university’s

Department of Environmental Health and Safety. But the four-story Sinsheimer Labs is expected to remain

closed for several weeks.

The building will be reopened incrementally, and the damaged labs on the fourth floor aren’t expected

to reopen for several months, Irwin said. The university is working with Belfor, a Denver-based company,

to help rescue data from computer hard drives. The company had great success doing just that after July’s

chemistry-lab explosion and fire at UC-Irvine. Researchers from UC-Santa Cruz’s engineering school are also

helping out.

In addition to computer equipment, highly sensitive optical and laser equipment may have been damaged.

”We’re trying to determine the condition of everything affected by the smoke and water damage, seeing if it

can be cleaned or repaired,” Irwin said.

About 65 firefighters in 15 engines from throughout Santa Cruz County responded to the blaze. The

firefighters, alerted by scientists, rescued fruit flies being used in genetic experiments. Investigators believe

the fire originated in Ares’ lab, flaring up a few hours later in Silverthorne’s lab.

9



Newspaper article: example 2

The Dallas Morning News (TX)

March 24, 1993

FIRE GUTS MEDICAL CENTER LAB

$800,000 blaze caused by short in electrical outlet, officials say

A fire gutted a biology laboratory and destroyed several costly pieces of equipment Tuesday morning at

the University of Texas Southwestern Medical Center at Dallas.

The fire, sparked by a short in an electrical outlet, caused about $800,000 damage, Fire Department

officials said. Two security guards suffered smoke inhalation, but no serious injuries were reported.

Medical center officials said little data was affected but the lost equipment and work space will set re-

searchers back at least two months. They plan to have the lab rebuilt.

The fire was reported shortly after 5 a.m. in the 5300 block of Harry Hines Boulevard and was under

control about two hours later. Firefighters soon learned that the lab contained dangerous chemicals and low-

level radioactive isotopes. The department’s hazardous materials team examined the room and determined

that no firefighters had been exposed to any chemicals or radiation. The dangerous substances were protected

by fire-resistant barriers, said Roy Bode, president of public affairs for the medical center.

The room was the core laboratory used by about 15 research groups in the cell biology and neuroscience

department. Experiments there have focused on the mechanisms of cancer and aging, on how cells take in

vitamins and cholesterol and on understanding the operation of nerve cells.

About 10 to 12 experiments depended on the lab’s equipment, said Dr. Richard Anderson, acting chairman

of cell biology and neuroscience. Among the biggest losses was a $160,000 machine called a Phosphorimager

that records radioactive material in cells. The fire also destroyed a device that would make DNA, Dr. Anderson

said.
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Newspaper article: example 3

The San Francisco Chronicle (CA)

October 4, 1985

YEARS OF WORK DESTROYED IN FIRE AT OCEAN LABORATORY

Researchers at the National Marine Fisheries Laboratory are moving ahead with their work after a fire

destroyed most of 25 years of irreplaceable data on ocean life and up to $500,000 worth of equipment.

Peter Berrien, a specialist in fish eggs and larvae, lost 25,000 vials of eggs, most on loan from foreign

laboratories. Clyde MacKenzie, who has been studying water chemistry and pollution in the New York Bight

and Continental Shelf, lost 20 years of collected data on seed clams and stock. The fire also destroyed 2

1/2 years of data that Andrew Drexler, chief of environmental chemistry investigation, derived from weekly

samplings over the past three summers at a 12-mile sewage dump site.

The September 21 fire at the converted Army hospital burned out of control for six hours and destroyed

much of the commercial fish facility which served as the laboratory for the National Oceanic and Atmospheric

Administration.

The losses include decades of research, rare scientific journals and valuable laboratory materials, said

officials at the center. “We lost from $300,000 to $500,000 worth of equipment,” said John O’Reilly, chief of

the chemical processes branch at the laboratory. “We had one of the top three marine libraries in the world,

along with Woods Hole (Massachusetts) and the Scripps Institute of Oceanography (California),” said Claire

Steimle, librarian of the Lionel A. Walford Library, named after the founder of the laboratory.

Laboratory Director Stuart Wilk said scientists at the facility were not defeated by the tragedy. “Our basic

business now is to get on with it,” he said. A makeshift library and reading room have been set up on the second

floor of the building. The staff have been assembling equipment needed to function in their new quarters, the

old C Battery the Army built as a housing and mess hall. The interior of the center has been reduced to a

blackened heap of water-soaked rubble. Slowly and sadly, the 70 scientists, researchers and staff members

pick and pull from the heap, hoping to salvage something. Members of the Monmouth County prosecutor’s

office said the blaze was intentionally set, but that they had no suspects.
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[406] Maneater, The Universityăof Missouri (Columbia, MO), Jul. 9, 2010, "Investigation into Schweitzer Hall explosion completed".

[407] Columbia Tribune, Jun. 28, 2010, "Cause of Schweitzer Hall blast under investigation".

[408] US Fed News (USA), Jun. 30, 2010, "Schweitzer hall declared safe, researchers resume activities".

[409] Kansas City Star, The (MO), Jul. 10, 2010, "MU lab blast caused by accidental gas mix".

[410] McClatchy-Tribune Regional News (USA), Oct. 8, 2010, "Magnesium fire erupts in UT lab".

[411] Post Register (Idaho Falls, ID), Jul. 16, 2010, "End in sight for INL fire".

[412] Post Register (Idaho Falls, ID), Jul. 20, 2010, "Cause of INL fire remains unknown".

[413] CNN Wire, Jul. 15, 2010, "Crews continue to battle Idaho wildfire".

[414] Idaho State Journa (Pocatello, ID), Jul. 17, 2010, "INL fire successfully contained".

[415] News-Gazette, The (Champaign-Urbana, IL), Jul. 15, 2010, "One person injured in fire at Roger Adams Lab".

[416] The Guardian (UK), Aug. 24, 2010, "French activists uproot GM vines at research centre".

[417] Courrier de l’environnement de l’INRA, mai 2011, "Le cauchemar de Colmarpoint de vue de vignerons sur l’affaire".

[418] US Fed News (USA), Aug. 31, 2010, "Fire in computer lab".

[419] Columbus Dispatch, The (OH), Sep. 24, 2010, "Research center still digging out".

[420] Daily Record, The (Wooster, OH), Sep. 25, 2010, "OARDC takes inventory of lost research".

[421] Akron Beacon Journal (OH), Sep. 25, 2010, "OSU center still assessing storm damage".

[422] US Fed News (USA), Oct. 15, 2010, "Lab fire causes minor damage in oregon state university research building".

[423] Gazette-Times, Oct. 15, 2010, "Lab fire at OSU quickly doused".

[424] US Fed News (USA), Feb. 13, 2010, "University of Wisconsin graduate student in physiology burned in lab accident".

[425] Eagle, The (Bryan-College Station, TX), May 12, 2010, "Two grad students hurt in lab accident".

[426] McClatchy-Tribune Regional News (USA), Nov. 20, 2010, "Eastern shore fire devours campus building".

[427] Malmquist, D. (2010), "Fire destroys building at VIMS eastern shore laboratory".

[428] McClatchy-Tribune Regional News (USA), Nov. 29, 2010, "Small VT lab fire caused no damage, injuries".

[429] McClatchy-Tribune Regional News (USA), Dec. 21, 2010, "Firefighters put out fire at Los Robles hospital lab".

[430] Enoch, E. (2010), "State investigating explosion at Wire Road lab".

[431] McClatchy-Tribune Regional News (USA), Dec. 30, 2010; "State investigating explosion at Wire Road lab".

[432] McClatchy-Tribune Regional News (USA), Mar. 21, 2011, "Officials optimistic Iron Range lab escaped damage in mine fire".

[433] Duluth News Tribune (MN), Mar. 25, 2011, "Research at Soudan to continue, scientists say".

[434] Minnesota Public Radio: Web Edition Articles (MN), Mar. 18, 2011, "Physics lab, park threatened by fire in Minn. mine".

[435] Targeted News Service (USA), Apr. 20, 2011, "Probable Cause of Fire at Soudan Underground Mine State Park Determined by State

Fire Marshal".

[436] Star Tribune: Newspaper of the Twin Cities (Minneapolis, MN), Mar. 19, 2011, "Underground fire threatens U research lab $60

million Soudan mine site at risk"

[437] Star Tribune: Newspaper of the Twin Cities (Minneapolis, MN), Mar. 20, 2011, "Underground fire still burns on range".

[438] Arizona Daily Star, The (Tucson, AZ), Jun. 17, 2011, "Fort Huachuca blaze was sparked by bulldozer".

[439] Allston-Brighton TAB (Needham, MA), Jul. 1, 2011, "Chemical explosion at BC".

[440] Wolford, B. and Yee, V. (2011), "BC student hurt in lab accident".

20



[441] Allston-Brighton TAB (Needham, MA), Jun. 29, 2011, "Chemical explosion at Boston College".

[442] Sentinel & Enterprise (Fitchburg, MA), Jun. 25, 2011, "Blast at BC lab injures student".

[443] Daily Reporter-Herald, The (Loveland, CO), Jul. 26, 2011, "CSU equine lab destroyed in early morning fire".

[444] Lubbock Avalanche-Journal (TX), Oct. 19, 2011, "Tech’s update on Friday’s lab accident and Jan 7, 2010, accident in chemistry and

biochemistry department".

[445] McClatchy-Tribune Regional News (USA), Feb. 5, 2012, "Tech strives to raise awareness, minimize risks after series of laboratory

explosions".

[446] Daily Eastern News, Eastern Illinois University (Charleston, IL), Dec. 1, 2011, Staff Editorial: "Vandalism hurts us all".

[447] Lewis, H. (2012), "Fire at University of York’s chemistry department".

[448] Finnis, A. (2012), "Fire reported at Chemistry department".

[449] Kopfstein, J. (2012), "’Years of work’ lost as Hurricane Sandy drowns rat colonies at NYU disease research labs".

[450] Shankbone, D. (2012), "Flooding in the East Village area of New York City, also caused by super storm Sandy".

[451] The New York Times, Dec. 2012, "Labs, washed away".

[452] Associated Press Archive, Mar. 6, 2013, "Scientists focus on another Sandy loss, lab mice".

[453] Cossins, D. (2012), "NYC Science Stunned by Sandy".

[454] Moisse, K. (2012), "Sandy’s Blackout Threatens to Destroy Trove of Medical Research".

[455] Times, The (Trenton, NJ), May 24, 2012, "Lab accident injures three at Princeton U.".

[456] Herald Journal, The (Logan, UT), Jun. 24, 2012, "Years of research lost: Fingers pointed but fault unclear after bungled USU freezer

move".

[457] The Scotsman, Feb. 9, 2012, "Strathclyde University is plunged into chaos after ’explosive’ campus blaze"

[458] News-Gazette, The (Champaign-Urbana, IL), Jun. 9, 2012, "Fire damages UI research lab at former air base".

[459] Baltimore Sun, The, Nov. 18, 2012, "Hopkins scientists scrambled to save work after Sandy".

[460] The Star-Ledger (Newark, NJ), Nov. 26, 2013, "Report on Rutgers Sandy response; Biggest casualties include lost research".

[461] Rutgers, The State University of New Jersey, Mar. 28, 2013,"Emergency preparedness task force report: Hurricane Sandy 2012".

[462] Daily O’Collegian, The: Oklahoma State University (Stillwater, OK), Oct. 4, 2013, "Two campus buildings evacuated after lab

accident"

21



B.4 Survey

We proceed with the 147 adverse events selected from our secondary sources. For each event,

we compile a set of "most likely informed" scientists based on bibliographic information. We

identify these scientists by searching in the Scopus publications database for scientists affiliated

to the affected institution at the time of the adverse event and active in research fields that

matched those in the case description. We use a manually constructed list of keywords for

each event to discern publications in relevant fields. For instance, if the source locates the

affected laboratory/scientists in the "Department of biology", we search for publications of the

university with "biology" in the affiliation name field. If we have information on the specific

research activity of damaged laboratories, we use a list of keywords closely related to the

topic.51

We limit the list to a maximum of 120 scientists per adverse event.52 We contact them via

their most recent corresponding email address in publications data. To validate this approach,

we use the names of scientists from events for which we have complete information. We check

whether these names occur in the list of likely informed scientists. As this is true for virtually

all cases, we have confidence in the recall rate of our method.

The questionnaire includes a short set of closed-ended questions (see Section B.5 for the

questions). We first ask whether the respective adverse event caused damage to the scientist’s

laboratory, other laboratories in the same department, or laboratories in other departments.

If the scientist’s laboratory was damaged, we inquire about the types of lost physical capi-

tal and the damage extent in monetary terms. We distinguish between workplace, material,

equipment, and research results. We further distinguish between off-the-shelf generic equip-

ment/material (available from multiple sources), specific equipment/material (available from

one or few sources) and processed (internally developed). Altogether, we send out about

16,000 emails, of which about 2,800 failed to be delivered. We received 1,475 answers, which

corresponds to an overall response rate of 9%.

Thanks to the survey responses and detailed descriptions of the adverse events in the sec-

ondary sources, we gain sufficiently complete information for 102 out of 147 adverse events

(see Figures B-3 and B-4 and Table B-1 for some descriptive statistics of these adverse events).

Most of these 102 adverse events affected multiple laboratories. Altogether, we identify 249

directly affected laboratories (and 178 spared laboratories) as linked to our 102 adverse events.

51For example, if we know that the research activities in the laboratory related to HIV we would search for
publications of the university with keywords such as "AIDS", "HIV", and "immunodeficiency".

52In case there are more than 120 scientists per adverse event, we rank scientists by their number of publica-
tions with event affiliation, in the relevant fields and in the years immediately before the event.
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B.5 Survey questions

Dear ,

The Max Planck Institute for Innovation and Competition [link] is currently conducting a research project

on the role of research equipment and material for scientists. Based on your scientific publications, we

have identified you as an affiliate of a research facility that potentially experienced considerable physical

damage due to an unexpected event. We think that you might have information on the nature and extent of

the damage caused by the event.

From our data search we learned that on December 31, 1999 a fire occurred at Michigan State University’s

Agriculture Hall.

(Source: South Bend Tribune (IN), January 3, 2000, "Historic Agriculture Hall at MSU damaged by blaze") [link].

Your information on the nature and extent of the damage caused by the event is of great value to our

research project.

We have put together a short survey (2 minutes to answer). We would kindly ask you to answer a maximum

of 5 short questions. All information will be treated confidentially. The results of this study will be presented

only in aggregate form and will at no time allow any individual to be identified.

Please answer by filling out this online survey [link]. Alternatively, you may answer by replying to this email

(see instructions at the end of this email).

Thank you very much for your support.

Q1. The event above caused damage to:

Multiple answers possible. Please check all that apply.

□ My research unit or laboratory.

□ Other research units or laboratories in the same department.

□ Other departments in the same institution.

□ At the time of the event I was not affiliated to that institution.

□ I have never been affiliated to that institution.

□ I do not know.

Q2. In case the event caused damage to your research unit or laboratory, this involved:

Multiple answers possible. Please check all that apply.

Workplace (structural damage to buildings, laboratories, office or co-working space that prevented access

or forced relocation):

□ Short-term (less than 3 months)

□ Temporarily (3 months or more)

□ Permanently
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Equipment (hardware, software, laboratory devices: such as cameras, lasers, sequencers, spectrometers,

telescopes, etc.):

□ Generic equipment (standardized; available from multiple sources)

□ Specific equipment (highly specific and tailored; only available from one or few sources)

□ Processed equipment (internally developed or modified for specific research use)

Material (animals, plants, tissues, experiments, historical documents, etc.):

□ Generic material (standardized; available from multiple sources)

□ Specific material (highly specific and tailored; only available from one or few sources)

□ Processed material (internally developed or modified for specific research use)

Research results (intermediate or final):

□ Data

□ Notes and other unpublished information (laboratory diaries, documentations, manuscripts, soft-

ware code, etc.)

□ Other damage. Please specify:

□ I do not know.

Q3. In case the event caused damage to your research unit or laboratory, the monetary value of damage at that

time was approximately:

□ Less than $10,000.

□ $10,000 or more, but less than $100,000.

□ $100,000 or more, but less than $1,000,000.

□ $1,000,000 or more, but less than $10,000,000.

□ More than $10,000,000.

□ I do not know.

Q4. The event caused a setback to:

Multiple answers possible. Please check all that apply.

□ My own research.

□ Other research in my research unit or laboratory.

□ Other research in my department.

□ Other research in other departments of my institution.

□ It did not affect research at my institution.

□ I do not know.

Q5. Are you available for a follow-up questionnaire:

□ Yes.

□ No.
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B.6 Adverse events characteristics

Figure B-3: Adverse events over time by eligibility and sample inclusion
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Notes: The left-hand figure illustrates the distribution of the adverse events over time by their eligibility as
plausibly exogenous physical capital losses. The right-hand figure illustrates the distribution of the adverse events
over time and survey (non-)response. In both graphs, the unit of observation is the adverse event.

Figure B-4: Adverse events over time and affected labs

(a) By location and year
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Notes: The left-hand figure illustrates the distribution of the adverse events over time by type of the affected
research institution. The right-hand figure presents the number of affected labs per adverse event (as identified
in our data). In both graphs, the unit of observation is the adverse event.
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Table B-1: Adverse event characteristics by sample inclusion

Adverse events Included (N= 102) Excluded (N= 45)

Mean Std. Err. Mean Std. Err. Diff. p-value

Year 1999.35 7.48 1998.73 7.11 −0.62 0.639
University (d) 0.77 0.42 0.82 0.39 0.05 0.517
Scimago rank 294.48 228.83 334.08 227.45 39.60 0.362
United States (d) 0.92 0.27 0.98 0.15 0.06 0.193

Agriculture (d) 0.14 0.35 0.20 0.40 0.06 0.338
Engineering (d) 0.17 0.37 0.13 0.34 −0.03 0.611
Medicine (d) 0.05 0.22 0.04 0.21 0.00 0.905
Other (d) 0.18 0.38 0.22 0.42 0.05 0.518
Science (d) 0.47 0.50 0.40 0.50 −0.07 0.431

Notes: This table presents characteristics of adverse events that are part of the final sample and of those that
are excluded due to lack of information. The unit of observation is at the adverse event level. Reported p-values
based on an unpaired t-test.
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Table B-2: List of adverse events in final dataset

Affiliation of affected scientists Country Year Type of adverse event Key reference Other references Affected Spared

Harvard University US 1984 Fire [3] 1 1

National Oceanic and Atmospheric Administration US 1985 Eco-terrorism/Vandalism [8] 1 1

University of California, Riverside US 1985 Eco-terrorism/Vandalism [7] 2 3

University of Washington US 1985 Fire [6] 1 0

University of Minnesota, Twin Cities US 1986 Fire [9] 1 2

Lawrence Livermore National Laboratory US 1988 Technical malfunction [27] [28], [29], [30], [31], [32] 1 0

National Institute of Standards and Technology US 1988 Fire [37] 2 1

University of California, Irvine US 1988 Eco-terrorism/Vandalism [23] [24] 1 0

University of Washington US 1989 Other [44] [45], [46], [47] 1 2

Oregon State University US 1989 Technical malfunction [54] [55], [56] 2 0

University of Rhode Island US 1989 Technical malfunction [58] 1 0

University of Wisconsin, Madison US 1989 Technical malfunction [49] [50] 1 2

University of Arizona US 1989 Eco-terrorism/Vandalism [38] [39], [40], [41] 1 3

Texas Tech University US 1989 Eco-terrorism/Vandalism [42] [43] 2 5

University of Colorado, Boulder US 1990 Technical malfunction [60] 3 0

University of North Carolina, Chapel Hill US 1990 Technical malfunction [69] [67], [68] 1 2

McGill University CA 1990 Eco-terrorism/Vandalism [66] 2 4

Rutgers, The State University of New Jersey US 1990 Natural disaster [70] 1 1

Washington State University, Pullman US 1991 Eco-terrorism/Vandalism [78] 1 3

Michigan State University US 1992 Eco-terrorism/Vandalism [82] [83], [84] 1 0

Clarkson University US 1992 Fire [88] [89], [90] 2 2

Virginia Institute of Marine Science US 1992 Technical malfunction [92] 1 2

University of Texas, Dallas US 1993 Technical malfunction [95] 4 2

North Carolina State University US 1993 Technical malfunction [96] 2 1

Case Western Reserve University US 1993 Technical malfunction [94] 1 0

California State University, Northridge US 1994 Natural disaster [99] 7 0

University of Texas, Austin US 1994 Other [103] [104] 2 4

North Dakota State University US 1994 Natural disaster [102] 2 0

Brookhaven National Laboratory US 1994 Technical malfunction [105] [106], [107] 1 1

Umea University SE 1994 Eco-terrorism/Vandalism [111] 4 2

United States Department of Agriculture US 1995 Fire [119] 2 1

Cornell University US 1995 Fire [116] [114], [115] 2 2

United States Department of Agriculture US 1995 Technical malfunction [118] [117] 2 0

University of Wisconsin, Madison US 1995 Fire [125] [120], [121], [122], [123], [124] 2 1

Duke University US 1996 Fire [142] [143] 1 0

Indiana University-Bloomington US 1996 Fire [132] [131] 1 2
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Affiliation of affected scientists Country Year Type of adverse event Key reference Other references Affected Spared

University of Texas, Austin US 1996 Technical malfunction [137] [133], [134], [135], [136] 1 1

University of Wisconsin, Madison US 1997 Fire [161] [162] 1 1

University of North Dakota US 1997 Natural disaster [166] 5 0

University of Virginia US 1997 Fire [145] 3 1

University of Washington US 1997 Technical malfunction [156] [153], [154], [155], [157], [158] 2 3

Ohio State University, Columbus US 1998 Fire [175] 1 0

University of California, Berkeley US 1999 Eco-terrorism/Vandalism [191] 1 2

Ohio State University, Columbus US 1999 Technical malfunction [197] 1 1

Columbia University US 1999 Technical malfunction [195] [196] 6 0

University of Minnesota, Twin Cities US 1999 Eco-terrorism/Vandalism [194] 2 1

Institut national de la recherche agronomique FR 2000 Eco-terrorism/Vandalism [212] 2 1

Wichita State University US 2000 Technical malfunction [206] [205], [207] 2 1

Los Alamos National Laboratory US 2000 Technical malfunction [221] [217], [218], [219], [220], [222] 4 2

University of Washington US 2000 Fire [214] [213] 1 3

Princeton University US 2001 Technical malfunction [254] 3 0

University of Texas M.D. Anderson Cancer Center US 2001 Natural disaster [231] 2 0

Baylor College of Medicine US 2001 Natural disaster [232] 1 0

National Oceanic and Atmospheric Administration US 2001 Eco-terrorism/Vandalism [228] [224], [225], [226], [227] 3 3

University of Glasgow UK 2001 Fire [253] [252] 3 3

University of Washington US 2001 Eco-terrorism/Vandalism [229] 2 2

British Antarctic Survey UK 2001 Fire [251] [250] 2 5

United States Department of Agriculture US 2001 Natural disaster [245] 6 3

University of California, Irvine US 2001 Technical malfunction [234] [235], [236], [237], [238], [239], [240] 3 4

University of California, Santa Cruz US 2002 Technical malfunction [271] [268], [269], [270], [272], [273], [274], [275] 5 1

Texas A&M University, College Station US 2003 Technical malfunction [282] 2 2

University of Colorado, Boulder US 2003 Technical malfunction [278] 3 2

Universityăof Nebraska, Lincoln US 2003 Technical malfunction [279] 1 0

University of Louisiana, Lafayette US 2003 Technical malfunction [277] 1 2

Universityăof Southern California US 2003 Technical malfunction [283] [280], [281] 1 1

Ohio State University, Columbus US 2003 Technical malfunction [276] 1 2

San Diego State University US 2003 Natural disaster [288] 1 1

University of Minnesota, Duluth US 2004 Eco-terrorism/Vandalism [310] [308], [309], [311] 1 1

EasternăIllinoisăUniversity US 2004 Fire [301] 2 1

Purdue University US 2004 Fire [307] 2 1

University of California, Davis US 2004 Technical malfunction [304] [305] 1 7

University of Iowa US 2004 Eco-terrorism/Vandalism [306] 6 5

University of Hawaii, Manoa US 2004 Natural disaster [300] [299] 4 2

University of Southampton UK 2005 Technical malfunction [329] [328] 14 1
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Affiliation of affected scientists Country Year Type of adverse event Key reference Other references Affected Spared

Tulane University US 2005 Natural disaster [320] [319], [321], [322], [323], [325], [326] 8 0

University of Sydney AU 2005 Fire [327] 1 0

Ohio State University, Columbus US 2005 Technical malfunction [315] [316], [317] 1 3

University of Southern Mississippi US 2005 Natural disaster [324] [318] 1 0

Indiana University-Bloomington US 2005 Other [330] [331] 1 1

Duke University US 2006 Fire [349] 3 1

Mote Aquaculture Park US 2006 Fire [347] [346] 1 1

Scripps Research Institute US 2006 Fire [338] [339] 3 2

Jet Propulsion Laboratory US 2006 Fire [334] [335] 1 2

Universityăof New Mexico US 2007 Natural disaster [358] [357] 3 2

University of Maryland Medical Center US 2007 Fire [362] [359], [360], [361] 2 4

University of Hawaii, Manoa US 2007 Fire [364] [363], [365] 4 2

University of Iowa US 2008 Natural disaster [383] 3 0

University of Illinois, Chicago US 2008 Fire [370] [369], [371], [372] 8 0

Hasselt University BE 2008 Eco-terrorism/Vandalism [374] [373] 2 1

University of Tennessee, Knoxville US 2009 Fire [394] 1 4

SLAC National Accelerator Laboratory US 2009 Eco-terrorism/Vandalism [388] 1 2

University of South Carolina US 2009 Technical malfunction [387] 2 3

University of California, Santa Cruz US 2009 Fire [389] 1 1

Southern Illinois University, Carbondale US 2010 Fire [401] [397], [398], [399], [400] 2 5

Ohio State University, Columbus US 2010 Natural disaster [421] [419], [420] 5 1

Virginia Institute of Marine Science US 2010 Fire [426] [427] 1 0

University of Missouri, Columbia US 2010 Other [406] [407], [408], [409] 1 7

Colorado State Universityă US 2011 Fire [443] 2 3

Eastern Illinois University US 2011 Eco-terrorism/Vandalism [446] 2 3

Rutgers, The State University of New Jersey US 2012 Natural disaster [460] [461] 1 1

Utah State University US 2012 Other [456] 3 3

New York University US 2012 Natural disaster [452] [449], [450], [451], [453], [454] 8 1

Notes: The table provides basic information about the adverse events in our final sample. The referenced sources can be found in Appendix B.3. We distinguish between five different

types of adverse events: natural disasters, eco-terrorist attacks/vandalism, fires, technical malfunctions, and other causes. These types are not all perfectly delineated between adverse

events. For instance, a technical malfunction may be followed by a fire. In these cases, we give priority to the root cause of the adverse event.The category Natural disaster includes

tornadoes, hurricanes, earthquakes, floods, oil spills, and natural wildfires. Technical malfunction refers to chemical explosions, crashes, gas leakages, pipe breaks, power outages, and

essential HVAC (heating, ventilation, and air conditioning) system failures. The single category Fire refers to fires and heat damages that are not the consequence of one of the other

event types. These fires typically have incidental (overheated oven, faulty light fixtures, etc.), external (e.g. fires starting from other buildings or surrounding) or unidentified causes. The

category Eco-terrorism/Vandalism extends to intentionally destructive actions by non-scientists, such as arson and cyber-attacks. Finally, Other captures all remaining adverse events (e.g.,

due to human error or theft).
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C Control Group Construction

The construction of our matched control group of scientists requires a series of common steps,

which we briefly outline. First, we need to disambiguate author names as authors are often

listed inconsistently in bibliographic databases (Sanyal et al., 2021). Second, it is necessary

to define a pool of potential controls that balances two requirements: being large enough to

increase the probability of finding matches, yet constrained enough to allow meaningful com-

parisons and feasible data construction. Third, we must ensure comparable career trajectories

between treated and potential control scientists to address selective attrition in science and the

fact that bibliographic information provides only an imperfect measure of an individual’s career

position at any given point in time (Liu et al., 2023). Fourth, we have to match on productivity

indicators to determine the most similar control candidates for each treated scientist. Lastly,

when multiple matches emerge for a given treated scientist, decision criteria are required to

rank and select the best (i.e., most similar) control candidate.

Previous studies have approached the outlined steps in different ways. Most studies achieve

the disambiguation and the identification of a pool of potential controls by cross-referencing

scientists’ publication profiles with faculty rosters and (online) CV information (e.g., Azoulay

et al., 2010; Kahn and MacGarvie, 2016; Waldinger, 2012). This predominantly manual task

requires a small and homogeneous group of scientists, delineated by research field, country,

and professional achievements (e.g., grants, prizes). In these studies, treated and potential

control scientists then originate from the same narrow population, already guaranteeing that

career trajectories are comparable. Some other studies combine manual efforts with heuristic

filters, such as minimum publication thresholds to exclude "accidental" researchers or staff

members (Mohnen, 2022), and the removal of common names to aid disambiguation (Oettl,

2012). The final steps of matching productivity measures and selecting control candidates

are typically performed using Coarsened Exact Matching (CEM), Nearest Neighbor matching

(NNM), or similar methods.

We develop an automated process that builds upon existing approaches but also accom-

modates challenges specific to our context. In particular, the lab heads in our study, while

all being accomplished senior scientists, vary substantially in their research focus, geography,

and productivity. This results in a vast pool of potential controls that renders manual steps

impractical and the link to external data (e.g., faculty rosters) next to impossible.

We therefore pursue the following fully automated steps (see the overview table below).

We start with the entire population of authors in the Scopus database and implement a large-

scale automatic disambiguation upstream. We then identify the pool of potential candidates
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based on bibliographic characteristics within the population. We use CEM to match scientists

on productivity indicators, narrowing down the sample of potential controls. Fourth, we auto-

matically gather individual online CV information and parse it using a Large Language Model

(LLM) to exclude control candidates on different career trajectories. Finally, we rank the re-

maining control candidates based on their career position and similarity to the respective lab

head, selecting the top-ranked candidate as our matched control. We detail these steps in

the following and conclude with a discussion of the robustness of our results to alternative

methodological choices.

Control group construction – Overview

C.1 Publications data and author disambiguation

• Collect publications data and merge journal impact factor (JIF) and affiliation rank information

• Aggregate profiles with the same name and common coauthors

• Drop profiles with highly frequent names and ambiguous profiles

• Build author-year publication counts and information

• Exclude "accidental" researchers (with less than three publications)

C.2 Defining the pool of potential controls

• Affiliated to a comparable institution in the pre-treatment year

• Same research area as treated

C.2 Coarsened exact matching (CEM) on productivity indicators

• Similar age, based on first year of publication.

• Similar JIF-weighted publication stock

• Similar JIF-weighted publication summed count in t−1 and t−2

• Similar affiliation rank

C.3 Accounting for career trajectories

• Keep corresponding authors

• Keep controls with field or journal overlap

• Remove inadequate controls based on automatically parsed CV information

C.4 Ranking and selecting control candidates

• Prioritize controls with similar affiliation rank and career position

• Rank controls by similarity in productivity (nearest neighbor matching)

• Select the top-ranked control

C.5 Robustness checks

• Two instead of one top-ranked control candidate.

• No nearest-neighbor matching (NNM).

• No consideration of career position.

• Random draw among control candidates.

• CEM and NNM based on t−5 instead of t−1 productivity indicators.
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C.1 Publications data and author disambiguation

We begin with the population of authors and scientific publications listed in Elsevier’s Scopus

bibliographic database. We obtained the core data via the Scopus API in 2023. We complement

the data with journal impact factor (JIF) information from the annual SCImago Journal Rank

indicator.53 Moreover, we link authors’ affiliations to the SCImago Institutions Ranking to

capture their quality and type. As the rank of several institutions varies considerably across

fields, we consider both general and field-specific ranks.

Although Scopus provides curated author identifiers, the disambiguation of individual sci-

entists remains conservative.54 To achieve a more comprehensive disambiguation, we auto-

matically aggregate Scopus profiles based on the compatibility of names and coauthorship net-

works. To this end, we harmonize names (e.g., removing accents and diacritical marks), con-

struct the network of direct coauthorships, and build the connected components, i.e., groups of

profiles with at least one coauthor in common. Within each connected component, we identify

cliques of profiles with compatible names (e.g., by accounting for middle names and initials).

We then aggregate profiles within the same connected component that could be assigned to

a unique clique. In other words, we assume that profiles with a compatible name and one

coauthor in common belong to the same author. In line with prior literature, we drop profiles

with highly frequent names that remain intractable or that could not be unambiguously ag-

gregated.55 A total of 1,437,859 profiles are aggregated into 672,769 new profiles. However,

productive authors are more likely to have multiple profiles to be aggregated.56

We then build aggregate publication counts and further information (affiliations, research

fields, etc.) at the author-year level. At this stage, we drop authors with fewer than three pub-

lications over their career to exclude "accidental" authors.57 The resulting dataset comprises a

total of 14,991,240 authors, which forms the basis for our search for control authors.

53The JIF information corresponds to the average number of citations received in a given year by articles
published in the journal over the three preceding years. It extends back to the early 1990s; we extrapolate the
rankings for publications before this period.

54In most incorrect instances, multiple author identifiers are associated with a single scientist. The second type
of error—where one identifier is linked to more than one scientist—is rare. In other words, precision is high at
the expense of recall. Baas et al. (2020) estimate precision equal to 98.1% and recall equal to 94.4%. Note that,
for our purpose, even one missing publication can be problematic as it can change the scientist’s academic age.

55More precisely, we drop: i) all profiles in connected components larger than 1,500; ii) all profiles from cliques
where one or more profiles have common coauthors in more than one clique. These are all extremely common
names. A random draw is as follows: O’Connor, T; Guo, Y; Wang, C; Yoo, S; Gray, J; Tang, Y; Lam, K; Chen, C; Li,
H; Kim, J. The number of profiles dropped due to high ambiguity is 3,988,117, roughly 8% of the initial sample.

56Notably, in our final sample, about 13% of matched controls are linked to two or more aggregated profiles.
Manual inspection of a random sample did not reveal any wrong aggregation.

57All treated lab heads already have in the pre-treatment period three or more publications.
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C.2 Defining the pool of potential controls

We define the pool of potential controls as scientists from the respective lab head’s cohort who

are active in the same research area and at a research institution in a comparable country.

This brings us closer to contexts in previous studies, which start from a more homogeneous

population of scientists regarding research area and country of affiliation.

Specifically, we define the pool of potential controls relative to each lab head as all scientists

that exactly match the following two criteria:

• at least one publication in the last pre-treatment year in which the respective lab head

published (typically t−1, which we use for simplicity hereafter), with an affiliation in

the academic or public sector in a selected number of countries,58

• the same modal research area as the respective lab head, based on publications in the

pre-treatment period.59

Applying these criteria leaves, on average, 145,478 potential controls per lab head. This

pool of potential controls is used in the subsequent coarsened exact matching step.

C.3 Matching on productivity

Following prior research (e.g., Azoulay et al., 2010; Mohnen, 2022; Oettl, 2012), we use Coars-

ened Exact Matching (CEM) (Iacus et al., 2018) to match each lab head to a narrower set of

control candidates. This match is based on the following productivity indicators: i) the first

year of publication, to proxy for academic age; ii) the stock of JIF-weighted publications in t−1,

iii) the summed count of JIF-weighted publications in t−1 and t−2, and iv) the field-specific

SCImago rank of the scientist’s latest affiliation in t−1. The first three variables are commonly

used in previous studies. We add the last one to account for the heterogeneity in affiliations in

our sample of treated lab heads.

These variables are coarsened along pre-specified percentile cutoffs (see Table C-1). Note

that the percentile cutoffs can result in different cutoff values as the distribution of the matching

58The countries are: United States, Belgium, Germany, Australia, France, Sweden, Canada, United Kingdom,
Netherlands, Switzerland, Norway, Denmark, Luxembourg, Finland, Italy, Spain, Ireland, Austria, Portugal.

59We assign publications to research areas based on the ASJC classification linked to journals in Scopus. The
areas and associated ASJC codes are: Health (DENT, HEAL, MEDI, MULT, NURS, VETE), Life sciences (AGRI, BIOC,
IMMU, NEUR, PHAR), Physical sciences (CENG, COMP, ENER, ENGI, ENVI, MATE), Natural sciences (CHEM,
EART, MATH, PHYS), Social sciences (ARTS, BUSI, DECI, ECON, PSYC, SOCI). In several cases, more than one
ASJC code is assigned to a journal; we pick the code corresponding to the area where the authors of papers in
the journal publish the most.
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variables is specific to the lab head’s cohort and research area. This accommodates the variation

in publication counts across disciplines and the overall increase in publication numbers in

recent decades.

Table C-1: Coarsened exact matching variables and cutoffs

Variable Cutoffs

First year of publication Interval: ±2 years
JIF-weighted publication stock in t−1 Percentiles: 0, 5, 10, 25, 35, 50, 65, 75, 90, 95, 99, 100
JIF-weighted publication count for t−1 and t − 2 Percentiles: 0, 10, 35, 50, 75, 90, 95, 100
Affiliation rank (field-specific) in t−1 Percentiles: 0, 5, 10, 35, 50, 75, 90, 95, 100

Notes: The interval and percentile cutoffs follow those used by Azoulay et al. (2010). The mass of 0s in the
JIF-weighted summed publication count for t−1 and t−2 renders an additional cutoff at the 5th percentile mean-
ingless.

In using both the stock and the most recent count of publications in the pre-treatment pe-

riod, we follow the matching approach of Azoulay et al. (2010). The reason for considering

the scientist’s productivity right before the adverse event is twofold. First, it ensures a closer

match in the distribution of publications over the career life-cycle between treated lab heads

and control candidates. Second, it mitigates attrition issues, considering that academic tra-

jectories are susceptible to random negative shocks, including publication lags and funding

delays, that can significantly impact careers (Petersen et al., 2012).

To avoid contamination of the control group, we follow prior literature and exclude scien-

tists who may have been affected by the respective adverse event. First, we eliminate scientists

who coauthor with the lab head. Second, we exclude those with the same affiliation or city as

the lab head, as it cannot be ruled out that they were affected by the adverse event.

The results from the CEM are as follows: 424 out of the 427 lab heads have at least one

control candidate within their respective stratum. The median size of these strata is 89, with

the largest stratum containing 1,289 control candidates.

C.4 Accounting for career trajectories

After narrowing the pool of potential controls to a tractable sample, we conduct a more thor-

ough screening based on additional data to ensure treated and control scientists are similar

not only in productivity but also in their career trajectories.

Toward this goal, we consider further bibliographic information as indicators of career tra-

jectories akin to those of our lab heads. First, we discard scientists who are never corresponding
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authors and without a full first name.60 Notably, this also aligns with the data generation pro-

cess of our treated lab heads, where contact details and full names were crucial for inclusion in

the sample. Additionally, we exclude a small number of scientists who do not show any publi-

cation activity in the adverse event year or any year after, which we take as evidence that they

were no longer research active already at the time of the event.61 Finally, we remove scientists

with a different modal research field (at ASJC code level) and no publication in a journal where

also the respective lab head has published.62 This last indicator helps us identify researchers

with a different, such as a more applied, research orientation compared to the treated lab

heads, which likely indicates a different career trajectory.63 This additional screening based on

bibliographic information results in 418 lab heads with at least one control candidate, and a

median size of the strata of 49, with the largest stratum containing 811 control candidates.

We further draw on CV information to construct indicators that are difficult to ascertain

from bibliographic information alone. In particular, we seek to infer the control candidate’s

career position, empirical research involvement, and research activity in the adverse event

year. First, for a similar level of seniority and responsibility, control candidates should occupy

positions such as research professors, principal investigators, and senior researchers, excluding

technicians, consultants, or research assistants. Second, control candidates should engage

in empirical research, indicating a need for physical capital in their work. Finally, control

candidates should have been active researchers in the year of the adverse event. We detail in

the following how we collect CV information through internet search engine results and parse

the relevant information using a large language model (LLM).

Collecting CV information

We collect search engine results by querying the control candidate’s full name and affiliation

in t−1, retaining the first 50 results.64 The combination of full name and affiliation almost

always identifies one scientist unambiguously, guaranteeing that we collect correct information

for each scientist. We then repeat the search by adding "PhD" to the query, again keeping the

first 50 results. This increases the chances of capturing information about the scientist’s PhD

60Virtually all authors listed only with initials in the database have never been corresponding authors.
61Note that all our treated lab heads show publication activity in the year of the adverse event and/or thereafter.
62This is a stricter requirement than the previous selection of research areas, which involves data effort only

possible with the contained sample.
63To illustrate, biomedical scientists who publish in applied journals are more likely to turn to medical practice

and abandon their scientific careers than biomedical scientists who publish in less basic research journals.
64Note that we use a search engine that does not personalize search results; i.e., the same query leads to the

same search results for the same query.
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year. For approximately 5% of the control candidates, the number of results is less than 100,

yet always more than zero. All results were collected in early 2024.

The collected search results consist of four fields: the website’s host, web address, title,

and snippet (see Table C-2 for an example). The title and snippet, limited to 60 and 400

characters, respectively, hold the most relevant information. While many search results are

in English, there are also results in various foreign languages. To filter to results most likely

containing CV information about the control candidate, we remove results where the control

candidate’s first/last name is not mentioned in any of the four fields.

Processing CV information

To parse and classify the relevant information, we send the search engine results of each control

candidate via the openAI API to a GPT-3.5 LLM. The collected text typically contains information

sufficient to infer the control candidate’s career characteristics. However, the information is

too unstructured to permit parsing with standard Natural Language Processing tools and too

vast for a manual approach. In contrast, LLMs can effectively extract data from large amounts

of unstructured text (Korinek, 2023).

We design a prompt that allows the CV information to be parsed consistently and replicable.

Following specific instructions in the prompt, the LLM model processes the results to determine

the scientist’s career position, involvement in empirical research, and research activity in the

year of the adverse event. Figure C-1 details the prompt and parameters sent to the openAI API.

We advise the model to use only the data from the provided search engine results. Additionally,

we set the "temperature" parameter to zero, ensuring deterministic and consistent output.

The LLM responds with structured information as per our prompt instructions (see Table C-

3 for example output). These responses are typically in a standardized format and require little

further processing. Specifically, the model returns the scientist’s academic or research position,

yes/no answers regarding the scientist’s involvement in empirical research and research activity

in the adverse event year. Additionally, the model can list further information, including the

scientist’s birth year, PhD year, and the years the scientist held an assistant, associate, or full

professor position, along with retirement and death years.

The completeness of the processed CV information varies across control candidates and

depends mainly on the relevant search engine results. For instance, information on career po-

sitions is available for approximately 90% of control candidates, while indicators for empirical

research involvement and research activity in the year of the adverse event are available for

about 75% and 79% of control candidates, respectively.
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Table C-2: Internet search engine results (example)

Host Link Title Snippet

biology.ucdavis.edu https://biology.ucdavis.
edu/people/eric-sanford

Eric Sanford - UC Davis
College of Biological Sci-
ences

Home Faculty Eric Sanford Professor Evolution and Ecology
707-875-2040 edsanford@ucdavis.edu Lab website Google
Scholar ORCID (0000-0001-9053-6826) Bodega Marine
Lab, Box 247, Bodega Bay, CA 94923 Research Interests Ma-
rine community ecology. Climate change. Biogeography.
Local adaptation. Regulation of geographic range limits.

stories.ucdavis.edu https://stories.ucdavis.
edu/stories/faculty/
sanford.html

Eric Sanford | UC Davis
Stories

Location:Bodega Bay Impact:Preserving marine life Find
more One California stories The California coastline is Eric
Sanford’s classroom. The evolution and ecology professor
teaches students at the UC Davis Bodega Marine Labora-
tory, a world-class institution for research and education in
coastal and marine sciences located in Bodega Bay, Calif.

researchgate.net https://www.
researchgate.net/profile/
Eric-Sanford

Eric SANFORD | Profes-
sor | University of Califor-
nia, Davis, California ...

Eric SANFORD | Professor | University of California, Davis,
California | UCD | Bodega Marine Laboratory | Research
profile Home University of California, Davis Bodega Ma-
rine...

sanford-lab.com https://www.
sanford-lab.com/
eric-sanford

Eric Sanford Coastal
Ecology and Evolution

Professor, UC Davis (2014-present) Associate Professor,
UC Davis (2010-2014) Assistant Professor, UC Davis
(2005-2010) Research Associate, Brown University (2002-
2004) Post-doctoral Fellow, Stanford University (1999-
2002) Ph.D., Zoology, Oregon State University (1999) B.A.,
Biology, Brown University (1990)

sanford-lab.com https://www.
sanford-lab.com/

Coastal Ecology and Evo-
lution

Eric Sanford’s lab in Coastal Ecology and Evolution at the
University of California Davis, Bodega Marine Laboratory.

scholar.google.com https://scholar.google.
com/citations?user=
jj9GNyQAAAAJ

Eric Sanford - Google
Scholar

i10-index. 71. 63. Eric Sanford. Bodega Marine Labora-
tory, University of California Davis. Verified email at uc-
davis.edu - Homepage. Ecology Evolution Biogeography Cli-
mate Change. Title.

sanford-lab.com https://www.
sanford-lab.com/
current-lab

Current Lab Members
Coastal Ecology and
Evolution

ERIC SANFORD, PH.D. Professor of Evolution and Ecology
Bodega Marine Laboratory P.O. Box 247 Bodega Bay, CA
94923 Email: edsanford "at" ucdavis.edu Graduate Students
EMILY LONGMAN Ph.D. Student, Population Biology Grad-
uate Group

researchgate.net https://www.
researchgate.net/
scientific-contributions/
Eric-Sanford-2147871720

Eric Sanford’s research
works | University of Cal-
ifornia, Davis ...

Eric Sanford’s 4 research works with 163 citations and 3,334
reads, including: Supplementary Material ... Eric Sanford’s
research while affiliated with University of California, Davis
and other ...

cmsi.ucdavis.edu https://cmsi.ucdavis.
edu/blog/upwelling

What is Coastal Up-
welling and Why is it
Important?

This graphic from a 2011 publication by Eric Sanford
and Morgan W. Kelly shows how coastal upwelling plumes
(shown in purple) create a mosaic of variations in water tem-
perature, ... John Largier is a Professor of Coastal Oceanog-
raphy at the University of California Davis (UCD), resident
at Bodega Marine Laboratory. Prior to 2004, he was ...

... ... ... ...

Notes: This table lists a subset of internet search engine results for a queried control candidate.

Table C-3: CV output of large language model (example)

Academic
title

Research
title

Birth
year

PhD
year

Assistant
Prof. years

Associate
Prof. years

(Full) Profes-
sor years

Retirement
year

Death
year

Active re-
searcher

Empirical
researcher

Professor Professor 1999 2005-2010 2010-2014 2014-present – – YES YES

Notes: This table lists the prompted CV output of the large language model for the control candidate mentioned
in Table C-2.
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Using the obtained indicators, we discard control candidates who are evidently inadequate

matches according to four criteria: i) they were inactive researchers at the time of the relevant

event, ii) their academic age, calculated from PhD and birth year, significantly deviates from

expectations based on their publication record, iii) they passed away within four years after

the adverse event, and iv) they are not empirical researchers. Importantly, we do not exclude

control candidates simply because some of this information is unavailable.

Figure C-1: Prompt used to process internet search engine results via the openAI API

response = openai.ChatCompletion.create(
model="gpt-3.5-turbo-1106",
messages=[

{"role": "system",
"content": "You are a helpful, diligent, and precise data analyst with excellent background knowledge of

academia and the scientific community. Your task is to provide specific CV information for {
SCIENTIST_NAME} based on the provided text, which represents search engine results from 2024. These
results include truncated snippets instead of full sentences. YOU ONLY USE THE INFORMATION PROVIDED TO
YOU IN THE PROMPT; NO HALLUCINATION, NO UNREASONABLE SPECULATION. YOU PAY PARTICULAR ATTENTION TO
OBITUARIES! SCIENTISTS ARE WELL-KNOWN PEOPLE, AND THEIR PASSING IS OFTEN PUBLICLY REPORTED. YOU READ
THE ENTIRE TEXT AND THE INSTRUCTIONS TWICE AND THINK HARD WHAT YOU CAN INFER FROM COMBINING
INFORMATION. WRITE N/A IF YOU CANNOT ANSWER."},

{"role": "assistant",
"content": ’Based on the information provided by the user, please create a CV for {SCIENTIST_NAME} with

the following simple structure. Provide the following CV information of {SCIENTIST_NAME}:
academic_title: Provide the highest generic academic position or job title of {SCIENTIST_NAME}. Do not

specify the subject or department details. Examples: PhD, assistant professor, associate
professor, (full) professor, chair, director, dean,...

research_title: Provide the highest generic otherwise research-related position or job title of {
SCIENTIST_NAME}. Examples: scientist, senior scientist, research group leader, principal
investigator,...

birth_year: Provide the birth year (YYYY) of {SCIENTIST_NAME}.
phd_year: Provide the PhD year (YYYY) of {SCIENTIST_NAME}.
assist_prof_years: Provide the range of years (YYYY-YYYY) in which {SCIENTIST_NAME} was an assistant

professor.
assoc_prof_years: Provide the range of years (YYYY-YYYY) in which {SCIENTIST_NAME} was an associate

professor.
full_prof_years: Provide the range of years (YYYY-YYYY) in which {SCIENTIST_NAME} was a (full)

professor.
retirement_year: Provide the retirement year (YYYY) of {SCIENTIST_NAME} (if applicable).
death_year: Provide the death year (YYYY) of {SCIENTIST_NAME} (if applicable).
active_researcher: Confirm with YES or NO whether {SCIENTIST_NAME} was an active researcher in {

EVENT_YEAR}.
empirical_researcher: Confirm with YES or NO whether {SCIENTIST_NAME} conducts empirical research.’},

{"role": "user", "content": all_data},
],
temperature=0.0,
max_tokens=300,
top_p=0.5,
frequency_penalty=0,
presence_penalty=0,
n=1,
request_timeout=8,
seed=1234

)

Notes: This figure provides the Python code detailing the prompt and the parameters sent to the openAI API. Note
that {SCIENTIST_NAME} and {EVENT_YEAR} are global variables specific to the respective control candidate.
The variable all_data refers to the respective concatenated search engine results.
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Our approach to gathering and processing online CV information raises some potential

concerns. First, LLMs can hallucinate and generate incorrect information. However, setting

parameters to avoid any creativity taken by the model and precisely structuring the prompt

minimizes this risk. Second, stereotypical bias from the model’s training data may influence

how it interprets information (e.g., women are less likely to be associated with a senior career

position). However, providers of LLMs appear to mitigate such biases proactively. In fact, upon

manually reviewing a subset of responses against the search results, we find no evidence of hal-

lucination or bias. Finally, a recency bias might arise from using search engine results because

they tend to emphasize more current information and are more detailed for accomplished and

active scientists. However, by design, more comprehensive CV information results rather in a

control candidate’s exclusion than their inclusion. Notably, the manual reconstruction of the

treated lab heads’ careers followed a similar approach, relying on internet-based CV informa-

tion. Indeed, when applying the same method of processing CV information with the LLM for

the treated sample, we find very consistent results overall.

C.5 Ranking and selecting controls

To select the most similar control candidate for each lab head, we rank all remaining 32,440

control candidates in the respective strata based on bibliographic and CV information.

First, we prioritize control candidates who meet certain conditions, but we do not exclude

those who fail to satisfy them. In this way, we can consider important binary characteristics

without enforcing their strict fulfillment, which could eliminate all control candidates for lab

heads with small strata. These conditions are i) the same coarsened (general) rank of the

affiliation in t−1 and the same coarsened (field-specific) rank of the earliest affiliation (which

typically corresponds to the scientist’s PhD institution), ii) a senior academic or otherwise

research-related position, iii) empirical research engagement, and iv) research activity in the

year of the adverse event.

Second, in the frequent case where two or more control candidates fulfill the above con-

ditions, we determine their rank through nearest-neighbor matching (NNM). Specifically, we

calculate the Mahalanobis distance between the treated lab head and the control candidates.

The variables that enter the distance measure are as follows: i) the JIF-weighted and simple

publication summed counts for t−1 and t−2, ii) the share of last-author publication in t−1

and t−2, iii) the average JIF per publication in t−1 and t−2, iv) the average number of coau-

thors per publication. Taking into account the Mahalanobis distance, the resulting rank for

each control candidate becomes unique.
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Finally, we select the top-ranked control for the matched control group in each stratum.

We thereby impose that each matched control be assigned to only one lab head. If a control

candidate is the top-ranked candidate for multiple lab heads, we assign them to the earliest

treated lab head and select the next-ranked candidate for the other lab heads. Altogether, we

obtain a matched control for 418 out of 427 lab heads.

C.6 Robustness checks

In the following, we briefly discuss the robustness of our main results to the use of differently

constructed control groups. We construct five control group variants in total, each representing

an alternative approach to a key methodological decision made in our preferred matching

strategy. These variants are as follows:

1. Two instead of one top-ranked control candidate.

2. No nearest-neighbor matching (NNM).

3. No consideration of career position.

4. Random draw among control candidates.

5. CEM and NNM based on t−5 instead of t−1 productivity indicators.

We can replicate our main result, the persistent negative effect of adverse events on research

output, with all five control groups (see Appendix F.5 for the bivariate and multivariate results).

That said, the effect dynamics in the treatment period, vary with the chosen control group. For

instance, using the control group randomly drawn from the control candidates leads to visibly

smaller negative effects.

Notably, the common pre-trend condition is satisfied even for the control group based on

t−5 productivity characteristics. The research output of the affected lab heads only diverges

from the counterfactual after the event year.65 This suggests that our matching approach selects

valid controls that provide a counterfactual productivity path for the treated lab heads.

We can further assess the validity of our preferred control group and the alternative control

groups by drawing on the sample of spared lab heads. Under the assumption that the spared

lab heads have "placebo" status, i.e., they remained unaffected by the adverse event, any diver-

gence between their productivity and that of their respective controls after the adverse event

would signal a suboptimal control group construction. Indeed, we find no negative effect for

the spared lab heads with any of the control groups. Instead, the more we deviate from our

65Note that matching on t−5 productivity indicators results in the omission of lab heads who started their
career not long before the adverse event.
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preferred matching strategy, the more the spared lab heads’ productivity diverges positively

from their controls. This can be interpreted as a bias that renders the estimated effect on the

affected lab heads conservative.

Taken together, the results of these robustness checks suggest that the main findings of our

paper do not hinge on a particular methodological choice in our control group construction.

Alternative matching approach with manually curated information

The described control group construction approach is fully automatic, guaranteeing a high level

of objectivity and replicability. However, it is computationally demanding as it requires access-

ing and processing large-scale publications data and online information. Moreover, despite the

notable performance of LLM in parsing unstructured information, the resulting CV information

is unlikely to have the same level of precision and completeness attainable through manual ef-

forts. A major limitation is that the LLM only considers search engine results instead of full

CV documents, web pages, acknowledgments in scientific publications, PhD theses, and other

potential sources.

Our results are robust to a substantially different matching approach, which is less compu-

tationally demanding and entails manual steps.66 In this approach, we rely on an open-source

software (Rose and Baruffaldi, 2020) to scan the universe of authors in the online Scopus

database. For each lab head, we find control candidates in the same research field, with similar

scientific productivity and first year of publication, within a limited period before the treatment

(10 years). We then rank these candidates in ascending order based on their average difference

to the lab head in productivity indicators. Starting from the top-ranked candidate, we perform

the following steps manually: we disambiguate the candidate’s author profile, build the pro-

ductivity indicators for the entire pre-treatment period, and collect additional CV information.

We select the control candidate if deemed adequate in light of the additional information. Oth-

erwise, we move to the next-ranked candidate and repeat the manual steps until we find an

adequate control candidate.

66This matching approach is implemented and described in the working paper version (2021) of this article.
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D Lab Head and Damage Descriptives

D.1 Lab head descriptives

Table D-1: Pre-event characteristics of spared lab heads with matched controls

Spared Spared (N= 174) Controls (N= 174)

vs Control Mean Median Std. Err. Mean Median Std. Err. Diff. p-value

Seniority 20.23 20.00 9.64 20.12 19.50 9.62 −0.11 0.916
Male 0.83 1.00 0.37 0.82 1.00 0.39 −0.02 0.673
PhD affiliation rank 201.81 156.00 188.05 242.50 165.00 237.24 40.69 0.077∗
Affiliation rank 318.22 369.00 231.07 315.54 289.00 224.70 −2.68 0.913
Affiliation expenses ($ mio) 155.78 133.52 133.18 180.06 118.60 214.40 24.28 0.293
External funding ($ mio) 0.16 0.02 0.41 0.15 0.00 0.62 0.00 0.983
Laboratory age 12.55 10.50 9.04 12.92 10.00 9.45 0.37 0.719
Laboratory size 8.07 5.10 8.03 7.75 5.60 7.94 −0.32 0.709
Empirical publications (share) 0.41 0.39 0.20 0.43 0.44 0.21 0.03 0.245
Last author publications (share) 0.32 0.30 0.23 0.34 0.33 0.25 0.03 0.289
Publications 3.66 2.70 3.18 3.73 2.85 2.92 0.07 0.837
Publications (JIF weighted) 7.65 5.09 7.63 7.89 4.97 8.70 0.24 0.784
References 113.56 86.35 90.05 106.27 84.63 77.72 −7.30 0.419
Self-references (prior pubs) 6.74 4.53 7.43 7.39 4.67 8.55 0.64 0.454
Keywords 4.18 1.73 6.33 3.92 1.64 5.48 −0.27 0.673
New keywords 3.83 1.73 5.65 3.50 1.50 4.81 −0.33 0.555

Notes: This table presents summary statistics of pre-event characteristics of spared lab heads and their matched
control group. The unit of observation is at the scientist level. Reported p-values based on an unpaired t-test.
Significance levels: * p<0.1, ** p<0.05.
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Figure D-1: Distributions of pre-event characteristics of affected and control lab heads
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Notes: The graphs present the kernel densities of several pre-event characteristics of affected and control lab
heads. The unit of observation is at the scientist level.
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D.2 Laboratory damage descriptives

Table D-2: Pairwise correlations of affected lab head and adverse event characteristics

Affected
(1) (2) (3) (4) (5) (6)

(1) Affiliation rank 1.000

(2) Lab head seniority −0.112∗ 1.000

(3) Laboratory age 0.017 0.650∗∗∗ 1.000

(4) Laboratory size −0.146∗∗ 0.119∗ 0.021 1.000

(5) Damage extent (in USD) 0.000 −0.054 −0.023 0.093 1.000

(6) Loss of specialized capital −0.063 0.053 0.056 0.036 0.364∗∗∗ 1.000

Notes: This table presents pair-wise correlations of affected lab head and adverse event characteristics. The unit
of observation is at the scientist level. Significance levels: ** p<0.05, *** p<0.01.

Figure D-2: Relationship between laboratory age and lab head seniority
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Notes: The graph presents the distributions of laboratory age and lab head seniority in years. The unit of obser-
vation is at the scientist level. The sample consists of all affected lab heads.
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Figure D-3: Damage caused by adverse events
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(b) Lost capital by laboratory size
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(c) Damage extent by laboratory age
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(d) Damage extent by laboratory size
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(e) Lab access restriction by damage extent

0 0.2 0.4 0.6 0.8
Share

≥ 
$1

00
k 

da
m

ag
e

<
 $

10
0k

 d
am

ag
e

Permanent

≥ 3 months

< 3 months

None

Permanent

≥ 3 months

< 3 months

None

(f) Lab access restriction by laboratory age
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Notes: This figure illustrates the heterogeneity in laboratory damage due to adverse events. The unit of observa-
tion is at the laboratory (i.e., lab head) level.
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D.3 Panel descriptives

Figure D-4: Panel distributions by event cohort
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Notes: The two graphs present panel densities in terms of the number of observed lab heads and their publications
by event year. Window of observation censored at 20 years before the event. The sample consists of all affected
lab heads and their respective controls.
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E Further Results

E.1 Bivariate analysis

Figure E-1: Research output of affected and control lab heads over time
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Notes: The two graphs present the average annual research output of affected and control lab heads up to ten
years before and after the adverse event. Research output is measured by simple publication counts (Publications)
in Figure E-1a and by impact-weighted publication counts (Publications (JIF weighted)) in Figure E-1b. Both
variables are log-transformed to account for their right-skewed distribution. The sample consists of all affected
lab heads and their respective controls. Confidence intervals are at the 95% level.

Figure E-2: Research output of spared and control lab heads over time
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Notes: The two graphs present the average annual research output of affected and control lab heads up to ten
years before and after the adverse event. Research output is measured by simple publication counts (Publications)
in Figure E-2a and by impact-weighted publication counts (Publications (JIF weighted)) in Figure E-2b. The sample
consists of all spared lab heads and their respective controls. Confidence intervals are at the 95% level.
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E.2 Research output

Figure E-3: Impact of adverse events on research output - Event study and DiD estimates
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Notes: The graph presents point estimates of the interactions of the variable Affected with binned event year
dummies (Event study), and with a binary variable that takes a value of one from the adverse event year onward
(DiD). The dependent variable is the publication count weighted by the number of citations received within five
years after publication (Publications (Cit5y weighted)). The sample consists of all affected lab heads and their
respective controls. The coefficients correspond to the ones reported in Appendix Table E-1 (Event study) and
Appendix Table E-2 (DiD). Confidence intervals are at the 95% level.

Figure E-4: Impact of adverse events on share of last author publications
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Notes: The graph presents point estimates of the interactions of the variable Affected with binned event year
dummies (Event study), and with a binary variable that takes a value of one from the adverse event year onward
(DiD). The dependent variable is the share of publications that list the respective lab head as last author relative
to all publications (Share of last author publications). The sample consists of all affected lab heads and their
respective controls. Confidence intervals are at the 95% level.
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Figure E-5: Impact of adverse events on research output – Event study and DiD estimates –
dependent variable non-transformed
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Notes: The six graphs present OLS point estimates of the interactions of the variable Affected with binned event
year dummies (Event study), and with a binary variable that takes a value of one from the adverse event year
onward (DiD). The dependent variable is either the simple publication count (Publications) or the impact-weighted
publication count (Publications (JIF weighted)). The sample consists of all affected lab heads and their respective
controls. The coefficients correspond to those reported in Appendix Table E-1 (Event study) and Appendix Table
E-2 (DiD). Confidence intervals are at the 95% level.
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Figure E-6: Impact of adverse events on research output – Event study and DiD estimates
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Notes: The two graphs present point estimates of the interactions of the variable Affected with binned event year
dummies (Event study), and with a binary variable that takes a value of one from the adverse event year onward
(DiD). The dependent variable in Figure F-2c is the simple publication count (Publications), and in Figure F-2d
it is the impact-weighted publication count (Publications (JIF weighted)). The sample consists of all affected lab
heads and their respective controls. Confidence intervals are at the 95% level.
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Table E-1: Impact of adverse events on research output

Affected (1) (2) (3) (4) (5) (6)
vs Control Publications Publications (JIF weighted)Publications (Cit5y weighted)

Poisson OLS Poisson OLS Poisson OLS

Affected
× ≤ −10 0.019 0.029 0.007 −0.052 −0.058 −2.103

(0.051) (0.168) (0.069) (0.545) (0.099) (7.692)
× −8 −0.011 −0.045 −0.054 −0.475 −0.091 −5.387

(0.051) (0.180) (0.079) (0.660) (0.110) (8.266)
× −6 0.039 0.143 −0.041 −0.386 −0.122 −9.158

(0.044) (0.170) (0.075) (0.685) (0.105) (8.979)
× −4 −0.006 −0.027 0.035 0.336 −0.093 −8.422

(0.050) (0.212) (0.057) (0.561) (0.090) (8.182)
× −2 0.000 0.000 0.000 0.000 0.000 0.000

(.) (.) (.) (.) (.) (.)
× 0 −0.036 −0.162 −0.106 −1.020 −0.196∗∗ −18.627∗∗

(0.060) (0.270) (0.066) (0.641) (0.092) (8.939)
× 2 −0.144∗∗∗ −0.637∗∗ −0.221∗∗∗ −2.186∗∗∗ −0.260∗∗∗ −26.170∗∗∗

(0.053) (0.247) (0.074) (0.779) (0.095) (9.929)
× 4 −0.145∗∗ −0.645∗∗ −0.234∗∗∗ −2.249∗∗ −0.257∗∗∗ −25.912∗∗∗

(0.061) (0.291) (0.090) (0.900) (0.093) (9.685)
× 6 −0.169∗∗∗ −0.758∗∗∗ −0.204∗∗ −1.973∗∗ −0.333∗∗∗ −32.738∗∗∗

(0.065) (0.287) (0.081) (0.808) (0.094) (9.835)
× 8 −0.197∗∗∗ −0.803∗∗ −0.220∗∗ −1.958∗∗ −0.304∗∗ −28.738∗∗

(0.074) (0.321) (0.095) (0.865) (0.134) (13.249)
× 10 −0.204∗∗ −0.776∗∗ −0.221∗∗ −1.804∗∗ −0.288∗∗ −24.747∗∗

(0.081) (0.302) (0.100) (0.832) (0.123) (11.055)
× 12-15 −0.193∗∗ −0.664∗∗ −0.297∗∗∗ −2.089∗∗∗ −0.235∗∗ −16.286∗

(0.087) (0.286) (0.101) (0.738) (0.117) (8.672)
× 16-20 −0.213 −0.615 −0.204 −1.217 −0.253 −14.539

(0.129) (0.391) (0.164) (0.931) (0.195) (11.925)
Matched group × Event year FE Yes Yes Yes Yes Yes Yes

Observations 16770 18878 16548 18878 16472 18878
Scientists 488 488 488 488 488 488
Events 102 102 102 102 102 102
log likelihood −32914 −42098 −51210 −61154 −322958 −106780

Notes: Columns (1), (3), and (5) show the estimates of Poisson pseudo-maximum likelihood regressions with
high-dimensional fixed effects, the other columns show the estimates of linear regressions. All models in are
specified as in Equation E1. The dependent variable is the simple publication count (Publications) in columns
(1) and (2), the impact-weighted publication count (Publications (JIF weighted)) in columns (3) and (4), and the
5-year citation weighted publication count (Publications (Cit5y weighted)) in columns (5) and (6). The baseline
year is t−2. The sample consists of all affected lab heads and their respective controls. Robust standard errors
clustered at the adverse event level shown in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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Table E-2: Impact of adverse events on research output

Affected (1) (2) (3) (4) (5) (6)
vs Control Publications Publications (JIF weighted)Publications (Cit5y weighted)

Poisson OLS Poisson OLS Poisson OLS

Affected × post −0.177∗∗∗ −0.685∗∗∗ −0.204∗∗∗ −1.669∗∗∗ −0.195∗∗∗ −17.118∗∗∗
(0.060) (0.230) (0.059) (0.482) (0.074) (6.373)

Matched group × Event year FE Yes Yes Yes Yes Yes Yes

Observations 13180 13998 13084 13998 13026 13998
Scientists 488 488 488 488 488 488
Events 102 102 102 102 102 102
log likelihood −26875 −32461 −40821 −45621 −280531 −80763

Notes: Columns (1), (3), and (5) show the estimates of Poisson pseudo-maximum likelihood regressions with
high-dimensional fixed effects, the other columns show the estimates of linear regressions. All models are specified
as in Equation E2. The dependent variable is the simple publication count (Publications) in columns (1) and
(2), the impact-weighted publication count (Publications (JIF weighted)) in columns (3) and (4), and the 5-year
citation weighted publication count (Publications (Cit5y weighted)) in columns (5) and (6). The sample consists
of all affected lab heads and their respective controls. Robust standard errors clustered at the adverse event level
shown in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.

Table E-3: Impact of adverse events on research output – scientific impact

Affected (1) (2) (3) (4) (5)
vs Control Publications (by scientific impact)

Bottom 50% Top 50% Top 25% Top 10% Top 5%

Affected × post −0.157∗ −0.193∗∗∗ −0.243∗∗∗ −0.401∗∗∗ −0.334∗∗∗
(0.085) (0.067) (0.079) (0.107) (0.097)

Matched group × Event year FE Yes Yes Yes Yes Yes

Observations 11680 10482 7472 4286 2638
Scientists 488 488 456 400 336
Events 102 102 99 90 81
log likelihood −20235 −16652 −10329 −4994 −2769

Notes: Columns (1) to (5) show the estimates of Poisson pseudo-maximum likelihood regressions with high-
dimensional fixed effects. The models are specified as in Equation E2. The dependent variable (Publications
(by scientific impact)) is the publication count in the respective part of the scientific impact distribution (i.e., the
number of citations received within five years of publication). The quality distribution is stratified by decade. The
sample consists of all affected lab heads and their respective controls. Robust standard errors clustered at the
adverse event level are shown in parentheses. Significance levels: * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table E-4: Impact of adverse events on research output – damage heterogeneity

Affected/Spared (1) (2) (3) (4) (5)
vs Control Publications

Damage: None (spared) X<$100k $100k≤X<$1m $1m≤X<$10m $10m≤X

Affected × post 0.005 0.057 −0.273∗∗ −0.349∗∗∗ −0.140
(0.061) (0.115) (0.127) (0.080) (0.092)

Matched group × Event year FE Yes Yes Yes Yes Yes

Observations 9454 3878 4562 3338 1402
Scientists 348 142 168 124 54
Events 79 45 50 34 8
log likelihood −19482 −7470 −9285 −6621 −3351

Notes: Columns (1) to (5) show the estimates of Poisson pseudo-maximum likelihood regressions with high-
dimensional fixed effects. The models are specified as in Equation E2. The dependent variable is the simple
publication count (Publications). The baseline is the pretreatment period. The sample consists of: spared lab
heads and their respective controls (Column (1)); affected lab heads with monetary damage below $100k and
their respective controls (Column (2)); affected lab heads with monetary damage between $100k and $1m and
their respective controls (Column (3)); affected lab heads with monetary damage between $1m and $10m and
their respective controls (Column (4)); and affected lab heads with monetary damage of $10m or more and their
respective controls (Column (5)). Significance levels: * p < 0.1, ** p < 0.05, *** p < 0.01.

Table E-5: Impact of adverse events on research output – author position

Affected (1) (2) (3) (4)
vs Control Publications (by author position)

First Middle Last Last (share)

Affected × post 0.000 −0.246∗∗∗ −0.182∗∗ −0.026
(0.118) (0.079) (0.080) (0.022)

Matched group × Event year FE Yes Yes Yes Yes

Observations 6600 10596 11068 9466
Scientists 484 486 488 488
Events 102 102 102 102
log likelihood −10930 −27678 −27957 82

Notes: Columns (1) to (3) show the estimates of Poisson pseudo-maximum likelihood regressions with high-
dimensional fixed effects. Column (4) shows the estimate of a linear regression with high-dimensional fixed
effects. The models are specified as in Equation E2. The dependent variables in Columns (1) to (3) are the simple
publication count (Publications) restricted, respectively, to publications that list the lab head as first author, middle
author, or last author. The dependent variable in Column (4) is the proportion of last-author publications in all
publications. Robust standard errors clustered at the adverse event level are shown in parentheses. The event
study estimates for the respective dependent variables can be found in Appendix Figure F-1. Significance levels:
* p < 0.1, ** p < 0.05, *** p < 0.01.
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E.3 Alternative mechanisms

In the following, we explore whether alternative mechanisms can account for the permanent

reduction in research output. Specifically, we assess the relevance of three potential channels:

career changes, changes in human capital input, and reputational damage.

Career changes

Adverse events may compel the affected lab heads to leave academia, retire prematurely, or

move to institutions with less favorable research conditions. While official exits to the industry

are rare occurrences in our data, many lab heads cease to publish in the twenty years following

the adverse event, which we broadly categorize as retirement from research.

We find the share of affected lab heads who retire within twenty years after the adverse

event to be strictly larger than for the matched control group in each year (see Figure E-7). No-

tably, when examining spared lab heads and their matched control groups, we do not observe

this difference in shares, which suggests that the prior finding is not a result of how our control

group is constructed. At the same time, we find no significant difference in the cumulative

share of affected lab heads and control lab heads moving to another institution.

Examining the effect of adverse events on career events in our DiD setup, we can confirm the

positive effect on retirements (see Table E-6). Furthermore, we find that although the overall

probability of moving to another institution is comparable between affected and control lab

heads, affected lab heads are more likely to transition to an institution with a lower ranking

than their previous one.

Table E-6: Impact of adverse events on career events

Affected (1) (2) (3) (4)
vs Control Retirement Move

All Better ranked Worse ranked

Affected × post 0.035∗∗ 0.013 −0.010 0.031∗
(0.017) (0.024) (0.018) (0.018)

Matched group × Event year FE Yes Yes Yes Yes

Observations 13998 13998 13998 13998
Scientists 488 488 488 488
Events 102 102 102 102
log likelihood 6248 4745 8123 8259

Notes: Columns (1) to (4) show the estimates of linear regressions with high-dimensional fixed effects. The
models are specified as in Equation E2. Retirement is defined as the last year of publication activity within our
time frame. Move is defined as a change in affiliation. Both dependent variables are binary and remain 1 in the
years afterward. The sample consists of all affected lab heads and their respective controls. Robust standard
errors clustered at the adverse event level shown in parentheses. Significance levels: * p<0.1, ** p<0.05, ***
p<0.01.
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Figure E-7: Retirements and moves of affected/spared and control lab heads

Retirements
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(b) Spared lab heads
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Affiliation changes

(c) Affected lab heads
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(d) Spared lab heads

0.0

0.2

0.4

0.6

0.8

C
um

ul
at

iv
e 

sh
ar

e 
of

 la
b 

he
ad

s

0 5 10 15 20
Years relative to adverse event

Spared
Control

Notes: This figure plots the share of retirements and affiliation changes for affected/spared and control lab heads.
Retirement is defined as the last year of publication. Only the first affiliation change after the adverse event is
considered.
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To investigate whether the higher likelihood of career changes explains the permanent re-

duction in research output, we repeat our main analysis with subsamples that exclude lab

heads who experience career exit, affiliation change, or retirement. The dynamic treatment

effects resemble those of our main analysis (see Figure E-8). Furthermore, we estimate the

intensive margin effect on research output in the full sample by setting all scientist-year obser-

vations with zero publications missing. The resulting dynamic effects look practically identical

to the ones with the corresponding unmodified dependent variable (see Figure E-9). Together,

these results suggest that career moves alone do not fully account for the long-term effects on

research output.

Figure E-8: Impact of adverse events on research output – Event study estimates – career
outcome subsamples
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Notes: The graphs present point estimates of the variable Affected interacted with binned event year dummies.
Each graph plots the estimates of the full sample of affected lab heads and their respective controls, and three sub-
samples that exclude an increasing number of lab heads depending on their career outcome in the post-treatment
period: exits (e.g., an observed move to industry), moves (change in the primary affiliation) and retirements
(last year of publication before the end of the post-treatment time window). The coefficients correspond to those
reported in Appendix Table E-7. Confidence intervals are at the 95% level.
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Figure E-9: Impact of adverse events on research output (intensive margin) – Event study and
DiD estimates
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(b) Publications (JIF weighted)
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Notes: The two graphs present point estimates of the interactions of the variable Affected with binned event year
dummies (Event study), and with a binary variable that takes a value of one from the adverse event year onward
(DiD). The dependent variable in Figure E-9a is the simple publication count (Publications), and in Figure E-9b
the impact-weighted publication count (Publications (JIF weighted)). All scientist-year observations with zero
(impact-weighted) publications are set missing. The sample consists of all affected lab heads and their respective
controls. Confidence intervals are at the 95% level.
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Table E-7: Impact of adverse events on research output – career subsamples

Affected (1) (2) (3) (4) (5) (6)
vs Control Publications Publications (JIF weighted)

Sample: No exits No moves No retirements No exits No moves No retirements

Affected
× ≤ −10 0.021 0.028 0.043 −0.001 0.067 −0.042

(0.050) (0.055) (0.067) (0.067) (0.081) (0.101)
× −8 −0.003 0.017 −0.043 −0.039 0.000 −0.140

(0.052) (0.063) (0.069) (0.082) (0.066) (0.106)
× −6 0.036 0.086∗ 0.034 −0.060 0.115 −0.042

(0.043) (0.052) (0.062) (0.069) (0.083) (0.097)
× −4 −0.021 0.019 −0.062 0.023 0.045 0.008

(0.046) (0.052) (0.057) (0.054) (0.069) (0.076)
× −2 0.000 0.000 0.000 0.000 0.000 0.000

(.) (.) (.) (.) (.) (.)
× 0 −0.039 −0.007 0.034 −0.118∗ −0.047 −0.116

(0.063) (0.070) (0.080) (0.062) (0.079) (0.081)
× 2 −0.152∗∗∗ −0.081 −0.113 −0.230∗∗∗ −0.113 −0.283∗∗∗

(0.054) (0.060) (0.072) (0.076) (0.078) (0.098)
× 4 −0.141∗∗ −0.073 −0.086 −0.249∗∗∗ −0.070 −0.257∗∗

(0.059) (0.070) (0.070) (0.087) (0.103) (0.116)
× 6 −0.156∗∗ −0.136∗ −0.055 −0.221∗∗∗ −0.085 −0.136

(0.066) (0.080) (0.075) (0.075) (0.099) (0.099)
× 8 −0.176∗∗ −0.200∗∗ −0.127 −0.213∗∗ −0.087 −0.199

(0.075) (0.098) (0.093) (0.092) (0.126) (0.124)
× 10 −0.186∗∗ −0.281∗∗ −0.104 −0.240∗∗∗ −0.179 −0.129

(0.084) (0.111) (0.101) (0.091) (0.141) (0.118)
× 12-15 −0.168∗ −0.205 −0.142 −0.281∗∗∗ −0.216 −0.245∗∗

(0.092) (0.125) (0.107) (0.103) (0.143) (0.117)
× 16-20 −0.155 −0.246 −0.228∗ −0.194 −0.053 −0.244

(0.128) (0.183) (0.138) (0.154) (0.230) (0.169)
Matched group × Event year FE Yes Yes Yes Yes Yes Yes

Observations 16206 11874 9628 15992 11736 9496
Scientists 472 344 266 472 344 266
Events 100 80 71 100 80 71
log likelihood −31864 −23106 −19756 −49644 −35177 −32100

Notes: Columns (1) to (6) show the estimates of Poisson pseudo-maximum likelihood regressions with high-
dimensional fixed effects. All models are specified as in Equation E1. The dependent variable is the simple
publication count (Publications) in columns (1) to (3) and the impact-weighted publication count (Publications
(JIF weighted)) in columns (4) to (6). The baseline year is t−2. Each sample excludes an increasing number
of lab heads depending on their career outcome in the post-treatment period: exits (e.g., an observed move to
industry), moves (change in the primary affiliation) and retirements (last year of publication before the end of the
post-treatment time window). Robust standard errors clustered at the adverse event level shown in parentheses.
Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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Changes in human capital input

We further investigate whether the adverse events cause changes in the human capital input

related to the affected lab heads’ research output. To this end, we examine whether the average

number of internal and external coauthors per publication changes for the affected lab heads

after the adverse event (see Figure E-10). Overall, we find no evidence of such changes in

human capital input: the average number of internal or external coauthors per publication

remains fairly constant, exhibiting statistically insignificant effects of 0.03 for internal and 0.11

for external coauthors. While these findings speak against major changes in human capital

input, they are not entirely conclusive because they rely only on human capital input that

resulted in published research output. Furthermore, the findings do not rule out that coauthors’

quality may have been affected by the adverse event (e.g., the lab head cannot attract the same

talented PhD students as previously).

Figure E-10: Impact of adverse events on coauthors per publication – Event study and DiD
estimates
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(b) External coauthors
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Notes: The two graphs present OLS point estimates of the interactions of the variable Affected with binned event
year dummies (Event study), and with a binary variable that takes a value of one from the adverse event year
onward (DiD). The dependent variables are the average number of internal coauthors per publication and the
average number of external coauthors per publication. The sample consists of all affected lab heads and their
respective controls. Confidence intervals are at the 95% level.
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To account for possible changes in human capital input, we examine the effect on an ad-

justed measure of research output: fractional publications. We create this variable by dividing

each impact-weighted publication by its number of authors. Adverse events retain a signifi-

cant negative effect on research output, which is slightly smaller in magnitude (−0.16) but

equally stable over time (see Figure E-11). The average treatment effect is slightly smaller in

magnitude (−0.16) but equally stable over time. This implies that decreases in labor input

explain the effect’s size to some degree; however, they fall short when it comes to explaining

the effect’s persistence.

Figure E-11: Impact of adverse events on research output - Event study and DiD estimates
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Notes: The graph presents point estimates of the variable Affected interacted with binned event year dummies
(Event study) and of the variable Affected interacted with a binary variable that equals one from the adverse event
year onward (DiD). The dependent variable is the impact-weighted publication count weighted by the inverse of
the author count (Publications (JIF weighted, fraction)). The sample consists of all affected lab heads and their
respective controls. Confidence intervals are at the 95% level.

A related question concerns the general impact of adverse events on the productivity of

other researchers affiliated with the affected lab. Initially, it is unclear whether the research

output of these lab affiliates would be more or less affected in the long term. On the one

hand, being subordinate to the lab head might make their research careers more susceptible

to negative productivity shocks and financial distress. On the other hand, these lab affiliates

might depend less on the lab head’s physical capital stock and have greater mobility to move

to a different lab for their research activities.

While a comprehensive analysis of the impact on lab affiliates is beyond the scope of this

study, we provide an initial examination of how their productivity is affected by the adverse

event. To this end, we focus on 1,106 (1,059) scientists who have co-published with the re-
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spective affected (control) lab head and shared the same specific affiliation the year before

the adverse event. We deem that these scientists were still affiliated with the lab when the

adverse event occurred. To account for the different positions these lab affiliates likely held,

we distinguish between juniors (with an academic age of 4 or fewer years) and seniors (with

an academic age of 5 or more years). Mirroring our analysis for the lab heads, we examine the

research output of the affected and control lab affiliates in an event study design.

We find that lab affiliates are less affected by adverse events than their respective lab heads

(see Figure E-12). For junior as well as senior lab affiliates, we observe a statistically signifi-

cant negative effect on research output shortly after the adverse event. However, the annual

research output for both groups converges back to the counterfactual level, with seniors recov-

ering faster than juniors.

Figure E-12: Impact of adverse events on research output of lab affiliates - Event study and
DiD estimates
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Notes: The graph presents point estimates of the variable Affected interacted with binned event year dummies
(Event study) and of the variable Affected interacted with a binary variable that equals one from the adverse
event year onward (DiD). Junior (senior) lab affiliates are those with an academic age of 4 of fewer (5 or more)
years. The dependent variable is the impact-weighted publication count (Publications (JIF weighted)). The sample
consists of scientists affiliated with the affected lab heads or their respective controls in the year before the adverse
event. Observations are weighted by the inverse number of affiliates per lab head. Confidence intervals are at the
95% level.
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Reputational damage

The involvement in an adverse event may negatively affect the reputation of affected lab heads

in the scientific community, with implications for their (accredited) research output (cf. Merton,

1968). If an adverse event reduces a lab head’s reputation among their peers, we would expect

to observe a "citation penalty" on their research output—regardless of whether it relates to the

work published before or after the adverse event.

In line with prior literature (Azoulay et al., 2014), we focus on citations of publications from

the pre-event period to isolate reputational effects from quality-related ones. We distinguish

between two sets of publications: those published 10 to 6 years before the adverse event and

those published 5 to 1 years before the event. We focus on non-self citations; i.e., citations that

originate from publications not (co-)authored by the focal lab head. In this context, a decline

in the number of citations of such publications in the years following the adverse event would

indicate a negative reputational effect.

We find that the citation patterns of pre-event publications remain statistically indistin-

guishable between affected and control lab heads (see Figure E-13). This renders reputational

damage an unlikely driver of the long-term effect on research output. Indeed, quotes from our

primary sources suggest that affected lab heads experienced solidarity from colleagues and the

scientific community at large.

Figure E-13: Impact of adverse events on citation trends
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Notes: The graph presents point estimates of the variable Affected interacted with binned event year dummies
(Event study) and of the variable Affected interacted with a binary variable that equals one from the adverse event
year onward (DiD). The dependent variable is the annual count of citations that pre-event publications receive
(Citations to pre-event publications). Citations originating from the lab head’s own publications are excluded. The
sample consists of all affected lab heads and their respective controls. Confidence intervals are at the 95% level.
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E.4 Research direction

In this section, we examine the effect of adverse events on the lab heads’ research direction for

the full sample. In Figure E-14, we report linear regression estimates for the effect of adverse

events on Self-references (share), New keywords (share) and Abstract similarity, respectively. All

pre-event estimates are statistically insignificant and close to zero.

We find a large and significant effect of adverse events on research direction as measured by

the share of self-references. The coefficients turn all negative after the adverse event, with most

of them statistically significant (p-value < 0.05). Relative to the control lab heads, the share

of self-references of affected lab heads declines on average by −0.011 in the post-treatment

period. The effect is overall significant and seems persistent. Given a mean share of self-

references of about 0.04, this decrease is an economically sizable effect. The publications

of affected lab heads include fewer references to the own prior work, suggesting a change

in research direction after the physical capital loss. We further find a significant change in

direction when using abstract similarity as a measure of research direction changes. The effect

is strongest within the first 5 years period and sees some convergence in the later periods.

The decline in self-references and abstract similarity possibly conflates topic- and method-

related changes in research. The lab head may refer less to their prior work solely because the

new research output is based on different equipment and material than the research output

in prior publications. We therefore draw on an additional measure of research direction: the

share of new keywords. This measure should reflect actual changes in research topics.

The effect on the share of new keywords is positive, but becomes marginally significant

only 6 to 8 years after the adverse event. Relative to the control lab heads, the share of new

keywords of affected lab heads increases on average by 0.022 in the post-treatment period. This

effect is statistically insignificant and small in size given the average share of new keywords is

about 0.9.

We can exclude that the observed changes in research direction are driven by a shift from

empirical to more theoretical research: the share of empirical publications does not decrease

after the adverse event (Figure E-15). Lastly, we show the robustness of the results to alterna-

tive specifications with different sets of fixed effects (Appendix F.1).
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Table E-8: Impact of adverse events on research direction

Affected (1) (2) (3) (4) (5) (6)
vs Control New keywords (share) Abstract similarity Self-references (share)

Pre Pre-event Pre Pre-event Pre Pre-event

Affected × post 0.023 0.018 −0.022∗∗ −0.019∗∗ 0.001 0.000
(0.017) (0.016) (0.010) (0.008) (0.004) (0.004)

Matched group × Event year FE Yes Yes Yes Yes Yes Yes

Observations 3830 3830 8816 8774 9064 9064
Scientists 402 402 484 478 488 488
Events 92 92 102 101 102 102
log likelihood 2647 3946 6921 8698 15377 17790

Notes: Columns (1) to (6) show the estimates of linear regressions with high-dimensional fixed effects. The
models are specified as in Equation E2. The dependent variable is the share of keywords that do not show up in
the lab head’s prior (pre-event) publications relative to all of the keywords in their publications (New keywords
(share)) in columns (1) and (2), the abstract similarity in a given year to the abstracts of the respective lab head’s
prior (pre-event) publications (Abstract similarity) in columns (3) and (4), and the share of references to the
respective lab head’s own prior (pre-event) publications relative to all of their references (Self-references (share))
in columns (5) and (6). The sample consists of all affected lab heads and their respective controls. Robust standard
errors clustered at the adverse event level shown in parentheses. Significance levels: * p<0.1, ** p<0.05, ***
p<0.01.
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Figure E-14: Impact of adverse events on research direction – Event study and DiD estimates

(a) New keywords (share)
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(b) Abstract similarity
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(c) Self-references (share)
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Notes: The three graphs present point estimates of the variable Affected interacted with binned event year dum-
mies (Event study) and of the variable Affected interacted with a binary variable that equals one from the adverse
event year onward (DiD). The dependent variable is the share of keywords that do not show up in the lab head’s
prior publications relative to all of the keywords in their publications (New keywords (share)) in Figure E-14a,
the abstract similarity in a given year to the abstracts of the respective lab head’s prior publications (Abstract
similarity) in Figure E-14b, and the share of references to the respective lab head’s own prior publications relative
to all of their references (Self-references (share)) in Figure E-14c. The sample consists of all affected lab heads and
their respective controls. The coefficients correspond to those reported in Tables F-2 (Event study) and Tables E-8
(DiD). Confidence intervals are at the 95% level.
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Figure E-15: Impact of adverse events on research direction – Event study and DiD estimates

Empirical publications (share)
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Notes: The graph presents point estimates of the variable Affected interacted with binned event year dummies
(Event study) and of the variable Affected interacted with a binary variable that equals one from the adverse
event year onward (DiD). The dependent variable is the share of empirical publications relative to all publica-
tions (Empirical publications (share)). The sample consists of all affected lab heads and their respective controls.
Confidence intervals are at the 95% level.
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Table E-9: Impact of adverse events on research direction

Affected (1) (2) (3) (4) (5) (6)
vs Control New keywords (share) Abstract similarity Self-references (share)

Pre Pre-event Pre Pre-event Pre Pre-event

Affected
× ≤ −10 0.028 0.028 −0.012 −0.012 −0.003 −0.003

(0.032) (0.032) (0.013) (0.013) (0.006) (0.006)
× −8 −0.008 −0.008 −0.001 −0.001 0.002 0.002

(0.032) (0.032) (0.019) (0.019) (0.007) (0.007)
× −6 0.005 0.005 −0.005 −0.005 0.002 0.002

(0.028) (0.028) (0.017) (0.017) (0.006) (0.006)
× −4 −0.012 −0.012 −0.011 −0.011 −0.001 −0.001

(0.026) (0.026) (0.016) (0.016) (0.005) (0.005)
× −2 0.000 0.000 0.000 0.000 0.000 0.000

(.) (.) (.) (.) (.) (.)
× 0 −0.001 0.007 −0.020 −0.023∗ 0.006 0.006

(0.034) (0.031) (0.015) (0.013) (0.005) (0.005)
× 2 0.034 0.022 −0.027∗∗ −0.024∗ −0.001 0.000

(0.035) (0.033) (0.014) (0.013) (0.005) (0.005)
× 4 0.003 0.025 −0.027∗ −0.018 −0.001 0.002

(0.035) (0.030) (0.014) (0.013) (0.006) (0.005)
× 6 0.035 0.030 −0.009 −0.014 −0.006 −0.003

(0.027) (0.029) (0.015) (0.013) (0.007) (0.005)
× 8 0.043 0.024 −0.029 −0.026∗ 0.006 0.000

(0.039) (0.030) (0.019) (0.015) (0.006) (0.005)
× 10 0.023 0.022 −0.030∗ −0.019 −0.004 −0.005

(0.035) (0.027) (0.017) (0.013) (0.007) (0.005)
× 12-15 0.029 0.027 −0.025∗ −0.024∗∗ −0.006 −0.005

(0.028) (0.027) (0.014) (0.012) (0.007) (0.005)
× 16-20 0.048 0.025 −0.045∗∗ −0.036∗∗ 0.010 0.000

(0.033) (0.027) (0.022) (0.014) (0.008) (0.005)
Matched group × Event year FE Yes Yes Yes Yes Yes Yes

Observations 4092 4092 10578 10536 10734 10734
Scientists 408 408 484 478 488 488
Events 93 93 102 101 102 102
log likelihood 2857 4137 8409 10155 18316 20662

Notes: Columns (1) to (6) show the estimates of linear regressions with high-dimensional fixed effects. The
models are specified as in Equation E1. The dependent variable is the share of references to the respective lab
head’s own prior publications relative to all of their references (Self-references (share)) in columns (1) to (3) and
the share of keywords that do not show up in the lab head’s prior publications relative to all of the keywords in
their publications (New keywords (share)) in columns (4) to (6). The baseline year is t−2. The sample consists
of all affected lab heads and their respective controls. Robust standard errors clustered at the adverse event level
shown in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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E.5 Heterogeneity

Figure E-16: Impact of adverse events on research output and direction by capital specialization
– alternative threshold
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Notes: The two graphs present point estimates of the variable Affected interacted with binned event year dummies
(Event study) and of the variable Affected interacted with a binary variable that equals one from the adverse event
year onward (DiD). We introduce further interactions with a binary variable that indicates affected lab heads
(and their respective controls) who lost specialized physical capital (see Equation E3). Here, specialized capital
is more broadly defined: it also includes lost physical capital that is hard to acquire from external sources. The
dependent variable is the impact-weighted publication count (Publications (JIF weighted)) in Figure E-16a, and
the share of keywords that do not show up in the lab head’s prior publications relative to all of the keywords in
her publications (New keywords (share)) in Figure E-16b. The sample consists of all affected lab heads and their
respective controls. Confidence intervals are at the 95% level.
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Figure E-17: Impact of adverse events on research output and direction by laboratory age –
alternative threshold
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Notes: The two graphs present point estimates of the variable Affected interacted with binned event year dummies
(Event study) and of the variable Affected interacted with a binary variable that equals one from the adverse event
year onward (DiD). We introduce further interactions with a binary variable that indicates affected and control
lab heads who worked at the time of the adverse event in a laboratory that belongs to the upper tertile (66th
percentile) in terms of age (see Equation E3). The dependent variable is the impact-weighted publication count
(Publications (JIF weighted)) in Figure E-17a, and the share of keywords that do not show up in the lab head’s
prior publications relative to all of the keywords in her publications (New keywords (share)) in Figure E-17b. The
sample consists of all affected lab heads and their respective controls. Confidence intervals are at the 95% level.
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Figure E-18: Impact of adverse events on research output and direction by specialization or
laboratory age (DiD) – alternative measures of research output and direction
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Notes: The two graphs present point estimates of the total average treatment effect (DiD) from pooled regressions
that include full interactions with two binary variables. The first variable indicates affected lab heads (and their
respective controls) who lost specialized physical capital. The second one indicates affected and control lab heads
who worked at the time of the adverse event in a laboratory older than the median age. The dependent variable
in Figure E-19a is the citation-weighted publication count (Publications (Cit5y weighted)), and in Figure E-19b it
is the abstract similarity to the lab head’s prior publications (Abstract similarity). The coefficients correspond to
those reported in Appendix Table E-14. The sample consists of all affected lab heads and their respective controls.
Confidence intervals are at the 95% level. Significance levels: *p < 0.1, **p < 0.05, ***p < 0.01.
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Figure E-19: Impact of adverse events on research output and direction by specialization and
laboratory age (DiD) – alternative measures of research output and direction

(a) Publications (Cit5y weighted)
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Notes: The two graphs present point estimates of the total average treatment effect (DiD) from pooled regressions
that include full interactions with two binary variables. The first variable indicates affected lab heads (and their
respective controls) who lost specialized physical capital. The second one indicates affected and control lab heads
who worked at the time of the adverse event in a laboratory older than the median age. The dependent variable
in Figure E-19a is the citation-weighted publication count (Publications (Cit5y weighted)), and in Figure E-19b it
is the abstract similarity to the lab head’s prior publications (Abstract similarity). The coefficients correspond to
those reported in Appendix Table E-14. The sample consists of all affected lab heads and their respective controls.
Confidence intervals are at the 95% level. Significance levels: *p < 0.1, **p < 0.05, ***p < 0.01.

Figure E-20: Impact of adverse events on research output by laboratory age (generic capital
renewal)
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Notes: The graph presents point estimates of the total average treatment effect (DiD) from pooled regressions
that include full interactions with two discrete variables. The first one indicates affected lab heads (and their
respective controls) who lost only off-the-shelf generic physical capital. The second one splits affected and control
lab heads into three tertiles by laboratory age at the time of the adverse event. The dependent variable is the
impact-weighted publication count (Publications (JIF weighted)). The coefficients correspond to those reported
in Appendix Table E-15. The sample consists of all affected lab heads and their respective controls. Confidence
intervals are at the 95% level. Significance levels: * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table E-10: Impact of adverse events on research output and direction by capital specialization
and laboratory age (event study)

Affected (1) (2) (3) (4)
vs Control Publications (JIF weighted) New keywords (share)

Laboratory age Lost capital Laboratory age Lost capital

Modern Old Generic Specific Modern Old Generic Specific

Affected
× ≤ −10 −0.023 0.039 −0.010 0.016 0.022 0.045 −0.025 0.062

(0.118) (0.091) (0.098) (0.092) (0.033) (0.047) (0.045) (0.046)
× −8 −0.218 0.041 −0.048 −0.057 −0.052 0.022 −0.055 0.022

(0.175) (0.063) (0.084) (0.113) (0.038) (0.044) (0.043) (0.046)
× −6 −0.222∗∗ 0.069 −0.195∗ 0.035 −0.013 0.021 0.015 0.002

(0.089) (0.097) (0.115) (0.089) (0.022) (0.042) (0.036) (0.040)
× −4 −0.029 0.080 0.017 0.045 −0.027 −0.006 −0.009 −0.009

(0.099) (0.072) (0.088) (0.076) (0.022) (0.042) (0.036) (0.039)
× −2 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

(.) (.) (.) (.) (.) (.) (.) (.)
× 0 −0.112 −0.105 −0.165 −0.077 −0.027 0.015 0.010 −0.006

(0.101) (0.093) (0.112) (0.076) (0.034) (0.050) (0.036) (0.051)
× 2 −0.296∗∗ −0.168∗ −0.170 −0.247∗∗∗ −0.030 0.078 −0.033 0.078

(0.118) (0.092) (0.137) (0.091) (0.029) (0.055) (0.047) (0.057)
× 4 −0.418∗∗∗ −0.105 −0.070 −0.316∗∗∗ −0.047 0.037 −0.065 0.046

(0.118) (0.124) (0.176) (0.108) (0.036) (0.051) (0.042) (0.054)
× 6 −0.348∗∗∗ −0.097 −0.056 −0.281∗∗∗ −0.027 0.077∗∗ −0.003 0.060

(0.110) (0.111) (0.128) (0.107) (0.031) (0.038) (0.044) (0.044)
× 8 −0.355∗∗∗ −0.119 −0.203 −0.228∗∗ −0.004 0.075 −0.010 0.078

(0.130) (0.126) (0.171) (0.110) (0.051) (0.052) (0.058) (0.054)
× 10 −0.395∗∗∗ −0.094 −0.175 −0.243∗∗ −0.038 0.067 −0.006 0.044

(0.138) (0.147) (0.177) (0.123) (0.037) (0.047) (0.054) (0.048)
× 12-15 −0.514∗∗∗ −0.134 −0.113 −0.397∗∗∗ −0.016 0.058 −0.008 0.054

(0.145) (0.150) (0.173) (0.136) (0.026) (0.042) (0.039) (0.043)
× 16-20 −0.477∗∗ 0.017 0.163 −0.427∗∗ −0.006 0.086 −0.032 0.097∗

(0.205) (0.230) (0.259) (0.214) (0.035) (0.056) (0.048) (0.052)
Matched group × Event year FE Yes Yes Yes Yes

Observations 16548 16548 4092 4092
Scientists 488 488 408 408
Events 102 102 93 93
Log-likelihood −51089 −51041 2870 2875

Notes: Columns (1) and (2) show the estimates of Poisson pseudo-maximum likelihood regressions and columns
(3) and (4) the estimates of linear regressions with high-dimensional fixed effects. All models are specified as
in Equation E3. The estimates in each right-hand sub-column (Old and Specialized) are the sum of the baseline
effect and the interaction effect. The dependent variable is the impact-weighted publication count (Publications
(JIF weighted)) in columns (1) and (2), and the share of keywords that do not show up in the lab head’s prior
publications relative to all of the keywords in her publications (New keywords (share)) in columns (4) to (6).
Coefficients of trend interactions omitted. The baseline year is t−2. The sample consists of all affected lab heads
and their respective controls. Robust standard errors clustered at the adverse event level shown in parentheses.
Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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Table E-11: Impact of adverse events on research output and direction by capital specialization
and laboratory age (DiD)

Affected (1) (2) (3) (4)
vs Control Publications (JIF weighted) New keywords (share)

Laboratory age Lost capital Laboratory age Lost capital

Modern Old Generic Specific Modern Old Generic Specific

Affected × post −0.295∗∗∗ −0.134 −0.060 −0.278∗∗∗ −0.010 0.045∗ −0.013 0.045∗
(0.090) (0.082) (0.109) (0.073) (0.020) (0.024) (0.024) (0.024)

Matched group
× Event year FE Yes Yes Yes Yes

Observations 13084 13084 3830 3830
Scientists 488 488 402 402
Events 102 102 92 92
Log-likelihood −40764 −40741 2654 2652

Notes: Columns (1) and (2) show the estimates of Poisson pseudo-maximum likelihood regressions and columns
(3) and (4) the estimates of linear regressions with high-dimensional fixed effects. The estimates in each right-
hand sub-column (Old and Specialized) are the sum of the baseline effect and the interaction effect. The dependent
variable is the impact-weighted publication count (Publications (JIF weighted)) in columns (1) and (2), and the
share of keywords that do not show up in the lab head’s prior publications relative to all of the keywords in
her publications (New keywords (share)) in columns (4) to (6). Coefficients of Old × post and Specialized × post
omitted. The sample consists of all affected lab heads and their respective controls. Robust standard errors
clustered at the adverse event level shown in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.

Table E-12: Impact of adverse events on research output and direction by capital specialization
and laboratory age (DiD) – alternative measures of research output and direction

Affected (1) (2) (3) (4)
vs Control Publications (Cit5y weighted) Abstract similarity

Laboratory age Lost capital Laboratory age Lost capital

Modern Old Generic Specific Modern Old Generic Specific

Affected × post −0.232∗ −0.164 −0.133 −0.226∗∗ −0.022 −0.019∗ −0.017 −0.023∗
(0.128) (0.102) (0.127) (0.091) (0.016) (0.012) (0.018) (0.012)

Matched group
× Event year FE Yes Yes Yes Yes

Observations 13026 13026 8816 8816
Scientists 488 488 484 484
Events 102 102 102 102
Log-likelihood −280028 −280343 6935 6926

Notes: Columns (1) and (2) show the estimates of Poisson pseudo-maximum likelihood regressions and columns
(3) and (4) the estimates of linear regressions with high-dimensional fixed effects. The estimates in each right-
hand sub-column (Old and Specialized) are the sum of the baseline effect and the interaction effect. The dependent
variable is the publication count weighted by the number of citations received within five years after publication
(Publications (Cit5y weighted)) in columns (1) and (2), and the abstract similarity in a given year to the abstracts
of the respective lab head’s prior publications (Abstract similarity) in columns (4) to (6). Coefficients of Old ×
post and Specialized × post omitted. The sample consists of all affected lab heads and their respective controls.
Robust standard errors clustered at the adverse event level shown in parentheses. Significance levels: * p<0.1,
** p<0.05, *** p<0.01. 73



Table E-13: Impact of adverse events on research output and direction by capital specialization
and laboratory age (DiD)

Affected (1) (2)
vs Control Publications (JIF weighted) New keywords (share)

Generic Specialized Generic Specialized

Modern lab Old lab Modern lab Old lab Modern lab Old lab Modern lab Old lab

Affected × post −0.028 −0.075 −0.397∗∗∗ −0.173∗ −0.071∗∗ 0.020 0.021 0.062∗
(0.169) (0.151) (0.112) (0.089) (0.036) (0.031) (0.018) (0.037)

Matched group
× Event year FE Yes Yes

Observations 13084 3830
Scientists 488 402
Events 102 92
Log-likelihood −40672 2661

Notes: Column (1) shows the estimates of a Poisson pseudo-maximum likelihood regression and column (2) the
estimates of a linear regression with high-dimensional fixed effects. The estimates in the sub-columns are the sum
of the baseline effect and the interaction effect(s). The dependent variable is the impact-weighted publication
count (Publications (JIF weighted)) in column (1), and the share of keywords that do not show up in the lab
head’s prior publications relative to all of the keywords in her publications (New keywords (share)) in column
(2). Coefficients of Old × post, Specialized × post, and Old × Specialized × post omitted. The sample consists of
all affected lab heads and their respective controls. Robust standard errors clustered at the adverse event level
shown in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.

Table E-14: Impact of adverse events on research output and direction by capital specialization
and laboratory age (DiD) – alternative measures of research output and direction

Affected (1) (2)
vs Control Publications (Cit5y weighted) Abstract similarity

Generic Specialized Generic Specialized

Modern lab Old lab Modern lab Old lab Modern lab Old lab Modern lab Old lab

Affected × post −0.056 −0.167 −0.299∗ −0.168 0.001 −0.026 −0.030 −0.014
(0.211) (0.170) (0.160) (0.126) (0.026) (0.021) (0.019) (0.013)

Matched group
× Event year FE Yes Yes

Observations 13026 8816
Scientists 488 484
Events 102 102
Log-likelihood −279084 6943

Notes: Column (1) shows the estimates of a Poisson pseudo-maximum likelihood regression and column (2) the
estimates of a linear regression with high-dimensional fixed effects. The estimates in the sub-columns are the sum
of the baseline effect and the interaction effect(s). The dependent variable is the publication count weighted by
the number of citations received within five years after publication (Publications (Cit5y weighted)) in column (1),
and the abstract similarity in a given year to the abstracts of the respective lab head’s prior publications (Abstract
similarity) in column (2). Coefficients of Old × post, Specialized × post, and Old × Specialized × post omitted.
The sample consists of all affected lab heads and their respective controls. Robust standard errors clustered at
the adverse event level shown in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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Table E-15: Impact of adverse events on research output and direction – heterogeneity by
off-she-shelf capital

Affected Publications (JIF weighted) New keywords (share)

vs Control (1) (2) (3) (4)
Tertiles by lab age Tertiles by lab age

All 1st 2nd 3rd All 1st 2nd 3rd

Affected × post 0.098 −0.238 0.312 0.490∗∗∗ 0.021 −0.022 0.115 0.041
(0.135) (0.196) (0.353) (0.136) (0.036) (0.042) (0.120) (0.059)

Matched group
× Event year FE Yes Yes Yes Yes

Observations 13084 13084 3830 3830
Scientists 488 488 402 402
Events 102 102 92 92
Log-likelihood −40514 −39764 2647 2691

Notes: Columns (1) and (2) show the estimates of a Poisson pseudo-maximum likelihood regression and columns
(3) and (4) the estimates of a linear regression with high-dimensional fixed effects. The tables reports the point
estimates of the total average treatment effect (DiD) from pooled regressions that include full interactions with
two discrete variables. The first one indicates affected lab heads (and their respective controls) who lost only
off-the-shelf generic physical capital. The second one splits affected and control lab heads into three tertiles by
laboratory age at the time of the adverse event. The estimates in the sub-columns are the sum of the baseline
effect and the interaction effect(s). The dependent variable is the impact-weighted publication count (Publications
(JIF weighted)) in columns (1) and (2), and the share of new keywords (New keywords (share)) in columns (3)
and (4). Other coefficients of the triple interaction were omitted. The sample consists of all affected lab heads
and their respective controls. Robust standard errors clustered at the adverse event level shown in parentheses.
Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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F Robustness Checks

F.1 Different model specifications

Figure F-1: Impact of adverse events on research output and direction – Event study estimates
– alternative specifications
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(c) Publications (Cit5y weighted)
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Notes: The graphs present point estimates of the variable Affected interacted with binned event year dummies.
Each graph plots the estimates of three separate models with different sets of fixed effects. The sample consists
of all affected lab heads and their respective controls. Confidence intervals are at the 95% level.
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Table F-1: Impact of adverse events on research output

Affected (1) (2) (3) (4) (5) (6)
vs Control Publications Publications (JIF weighted)

Affected
× ≤ −10 0.007 0.021 0.019 0.020 0.011 0.007

(0.051) (0.051) (0.051) (0.076) (0.070) (0.069)
× −8 −0.006 −0.011 −0.011 −0.015 −0.049 −0.054

(0.057) (0.051) (0.051) (0.087) (0.079) (0.079)
× −6 0.054 0.044 0.039 −0.010 −0.038 −0.041

(0.049) (0.044) (0.044) (0.074) (0.073) (0.075)
× −4 0.004 −0.001 −0.006 0.047 0.038 0.035

(0.053) (0.050) (0.050) (0.061) (0.056) (0.057)
× −2 0.000 0.000 0.000 0.000 0.000 0.000

(.) (.) (.) (.) (.) (.)
× 0 −0.014 −0.036 −0.036 −0.078 −0.107 −0.106

(0.059) (0.060) (0.060) (0.067) (0.067) (0.066)
× 2 −0.145∗∗ −0.143∗∗∗ −0.144∗∗∗ −0.213∗∗∗ −0.219∗∗∗ −0.221∗∗∗

(0.058) (0.053) (0.053) (0.080) (0.074) (0.074)
× 4 −0.125∗ −0.141∗∗ −0.145∗∗ −0.160 −0.225∗∗ −0.234∗∗∗

(0.068) (0.061) (0.061) (0.099) (0.091) (0.090)
× 6 −0.155∗∗ −0.167∗∗∗ −0.169∗∗∗ −0.148 −0.191∗∗ −0.204∗∗

(0.067) (0.064) (0.065) (0.094) (0.081) (0.081)
× 8 −0.195∗∗ −0.199∗∗∗ −0.197∗∗∗ −0.181∗ −0.212∗∗ −0.220∗∗

(0.079) (0.074) (0.074) (0.106) (0.096) (0.095)
× 10 −0.187∗∗ −0.205∗∗∗ −0.206∗∗ −0.119 −0.206∗∗ −0.212∗∗

(0.086) (0.079) (0.080) (0.109) (0.099) (0.098)
× 12-15 −0.149∗ −0.194∗∗ −0.199∗∗ −0.191∗ −0.278∗∗∗ −0.282∗∗∗

(0.089) (0.084) (0.084) (0.102) (0.095) (0.097)
× 16-20 −0.183∗ −0.211∗ −0.208∗ −0.143 −0.212 −0.207

(0.111) (0.116) (0.117) (0.160) (0.149) (0.151)
Matched group × Event year FE Yes No No Yes No No
Scientist FE Yes Yes Yes Yes Yes Yes
Calendar year FE No Yes No No Yes No

Observations 16770 18878 18878 16548 18878 18878
Scientists 488 488 488 488 488 488
Events 102 102 102 102 102 102
log likelihood −29449 −41383 −41586 −45329 −79840 −80813

Notes: Columns (1) to (6) show the estimates of Poisson pseudo-maximum likelihood regressions with high-
dimensional fixed effects. The models in columns (3) and (6) are specified as in Equation E1. The dependent
variable is the simple publication count (Publications) in columns (1) to (3) and the impact-weighted publication
count (Publications (JIF weighted)) in columns (4) to (6). The baseline year is t−2. The sample consists of all
affected lab heads and their respective controls. Robust standard errors clustered at the adverse event level shown
in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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Table F-2: Impact of adverse events on research direction

Affected (1) (2) (3) (4) (5) (6)
vs Control New keywords (share) Abstract similarity

Affected
× ≤ −10 −0.014 0.036 0.029 −0.022∗ −0.016 −0.017

(0.028) (0.029) (0.029) (0.013) (0.012) (0.012)
× −8 −0.030 −0.002 −0.008 −0.004 −0.003 −0.003

(0.028) (0.026) (0.026) (0.018) (0.017) (0.017)
× −6 −0.020 0.003 −0.008 −0.004 −0.004 −0.004

(0.024) (0.025) (0.026) (0.016) (0.014) (0.014)
× −4 −0.034 0.022 0.014 −0.005 −0.011 −0.011

(0.024) (0.025) (0.025) (0.016) (0.014) (0.014)
× −2 0.000 0.000 0.000 0.000 0.000 0.000

(.) (.) (.) (.) (.) (.)
× 0 −0.026 0.021 0.025 −0.015 −0.022 −0.021

(0.029) (0.027) (0.028) (0.014) (0.013) (0.013)
× 2 0.020 0.036 0.035 −0.027∗∗ −0.032∗∗ −0.032∗∗

(0.030) (0.027) (0.028) (0.014) (0.013) (0.013)
× 4 −0.026 −0.001 0.006 −0.025∗ −0.029∗∗ −0.029∗∗

(0.029) (0.026) (0.027) (0.014) (0.013) (0.013)
× 6 0.017 0.054∗∗ 0.051∗∗ −0.006 −0.007 −0.009

(0.025) (0.025) (0.025) (0.015) (0.015) (0.015)
× 8 0.025 0.067∗ 0.056 −0.032 −0.033∗ −0.034∗

(0.035) (0.037) (0.037) (0.019) (0.018) (0.018)
× 10 −0.009 0.034 0.038 −0.032∗ −0.035∗∗ −0.036∗∗

(0.035) (0.034) (0.035) (0.017) (0.015) (0.015)
× 12-15 −0.013 0.067∗∗ 0.066∗∗ −0.021 −0.030∗∗ −0.030∗∗

(0.027) (0.029) (0.029) (0.014) (0.013) (0.013)
× 16-20 0.010 0.060∗ 0.059∗ −0.038∗∗ −0.040∗∗ −0.042∗∗

(0.030) (0.032) (0.033) (0.019) (0.017) (0.017)
Matched group × Event year FE Yes No No Yes No No
Scientist FE Yes Yes Yes Yes Yes Yes
Calendar year FE No Yes No No Yes No

Observations 4056 6772 6774 10574 13351 13351
Scientists 372 452 452 480 485 485
Events 88 101 101 101 102 102
log likelihood 3424 2338 1872 10051 7445 7347

Notes: Columns (1) to (6) show the estimates of linear regressions with high-dimensional fixed effects. The
models in columns (1) and (4) are specified as in Equation E1. The dependent variable is the simple publication
count (Publications) in columns (1) to (3) and the impact-weighted publication count (Publications (JIF weighted))
in columns (4) to (6). The baseline year is t−2. The sample consists of all affected lab heads and their respective
controls. Robust standard errors clustered at the adverse event level shown in parentheses. Significance levels: *
p<0.1, ** p<0.05, *** p<0.01.
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F.2 Different operationalizations of dependent variable

Figure F-2: Impact of adverse events on research output – Event study and DiD estimates from
OLS regressions

Inverse hyperbolic sine transformation
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(d) Publications (JIF weighted)
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Notes: The six graphs present OLS point estimates of the interactions of the variable Affected with binned event
year dummies (Event study), and with a binary variable that takes a value of one from the adverse event year
onward (DiD). The dependent variable is either the simple publication count (Publications) or the impact-weighted
publication count (Publications (JIF weighted)). The sample consists of all affected lab heads and their respective
controls. The coefficients correspond to those reported in Appendix Table E-1 (Event study) and Appendix Table
E-2 (DiD). Confidence intervals are at the 95% level.
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F.3 Interaction-weighted estimator

Figure F-3: Impact of adverse events on research output – Event study (interaction-weighted
estimator)
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(b) log(1+Publications (JIF weighted))
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Notes: The two graphs present point estimates of the variable Affected interacted with binned event year dum-
mies (Event study). The results are based on the interaction-weighted (IW) estimator for estimating dynamic
treatment effects (Sun and Abraham, 2021). The dependent variable is the log-transformed simple publication
count (Publications) in Figure F-3a, and the log-transformed impact-weighted publication count (Publications (JIF
weighted)) in Figure F-3b. The sample consists of all affected lab heads and their respective controls. Confidence
intervals are at the 95% level.
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F.4 Spared lab heads as natural control group

Figure F-4: Impact of adverse events on research output – Event study and DiD estimates
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(b) Publications (JIF weighted)

-0.8

-0.6

-0.4

-0.2

0.0

0.2

0.4

Ef
fe

ct
 s

iz
e

≤-10 -8 -6 -4 -2 0 2 4 6 8 10 12-15 16-20
Years relative to adverse event

Full sample (Event study)
Full sample (DiD)

Notes: The two graphs present point estimates of the interactions of the variable Affected with binned event year
dummies (Event study), and with a binary variable that takes a value of one from the adverse event year onward
(DiD). The dependent variable in Figure F-4a is the simple publication count (Publications), and in Figure F-4b
it is the impact-weighted publication count (Publications (JIF weighted)). The sample consists of all affected and
spared lab heads. Confidence intervals are at the 95% level.
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F.5 Differently matched control groups

Comparison between affected and matched controls (match on t−5 characteristics)

Figure F-5: Research output of affected/spared lab heads and controls over time
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Notes: The two graphs present the average annual research output of affected (spared) and control lab heads
up to ten years before and after the adverse event. Research output is measured by impact-weighted publication
counts (Publications (JIF weighted)) in both figures. The sample consists of all affected (spared) lab heads and
their respective matched controls based on t−5 productivity characteristics. Confidence intervals are at the 95%
level.

Figure F-6: Impact of adverse events on research output – Event study and DiD estimates
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(b) Spared lab heads

-0.6

-0.4

-0.2

0.0

0.2

0.4

Ef
fe

ct
 s

iz
e

≤-10 -8 -6 -4 -2 0 2 4 6 8 10 12-15 16-20
Years relative to adverse event

Full sample (Event study)
Full sample (DiD)

Notes: The two graphs present point estimates of the interactions of the variable Affected with binned event
year dummies (Event study), and with a binary variable that takes a value of one from the adverse event year
onward (DiD). The dependent variable in both figures is the impact-weighted publication count (Publications (JIF
weighted)). The sample consists of all affected (spared) lab heads and their respective matched controls based on
t−5 productivity characteristics. Confidence intervals are at the 95% level.
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Comparison between affected and matched controls (1:2 matching)

Figure F-7: Research output of affected/spared lab heads and controls over time
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Notes: The two graphs present the average annual research output of affected (spared) and control lab heads
up to ten years before and after the adverse event. Research output is measured by impact-weighted publication
counts (Publications (JIF weighted)) in both figures. The sample consists of all affected (spared) lab heads and up
to two matched controls. Confidence intervals are at the 95% level.

Figure F-8: Impact of adverse events on research output – Event study and DiD estimates
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Notes: The two graphs present point estimates of the interactions of the variable Affected with binned event
year dummies (Event study), and with a binary variable that takes a value of one from the adverse event year
onward (DiD). The dependent variable in both figures is the impact-weighted publication count (Publications (JIF
weighted)). The sample consists of all affected (spared) lab heads and up to two matched controls. Confidence
intervals are at the 95% level.
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Comparison between affected and matched controls (no nearest-neighbor matching)

Figure F-9: Research output of affected/spared lab heads and controls over time
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Notes: The two graphs present the average annual research output of affected (spared) and control lab heads
up to ten years before and after the adverse event. Research output is measured by impact-weighted publication
counts (Publications (JIF weighted)) in both figures. The sample consists of all affected (spared) lab heads and
their respective matched controls randomly drawn among the prioritized control candidates. Confidence intervals
are at the 95% level.

Figure F-10: Impact of adverse events on research output – Event study and DiD estimates
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Notes: The two graphs present point estimates of the interactions of the variable Affected with binned event
year dummies (Event study), and with a binary variable that takes a value of one from the adverse event year
onward (DiD). The dependent variable in both figures is the impact-weighted publication count (Publications (JIF
weighted)). The sample consists of all affected (spared) lab heads and their respective matched controls randomly
drawn among the prioritized control candidates. Confidence intervals are at the 95% level.
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Comparison between affected and matched controls (no match on "career position")

Figure F-11: Research output of affected/spared lab heads and controls over time
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Notes: The two graphs present the average annual research output of affected (spared) and control lab heads
up to ten years before and after the adverse event. Research output is measured by impact-weighted publication
counts (Publications (JIF weighted)) in both figures. The sample consists of all affected (spared) lab heads and their
respective matched controls without prioritizing candidates with a similar career position. Confidence intervals
are at the 95% level.

Figure F-12: Impact of adverse events on research output – Event study and DiD estimates
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Notes: The two graphs present point estimates of the interactions of the variable Affected with binned event
year dummies (Event study), and with a binary variable that takes a value of one from the adverse event year
onward (DiD). The dependent variable in both figures is the impact-weighted publication count (Publications (JIF
weighted)). The sample consists of all affected (spared) lab heads and their respective matched controls without
prioritizing candidates with a similar career position. Confidence intervals are at the 95% level.
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Comparison between affected and matched controls (random draw)

Figure F-13: Research output of affected/spared lab heads and controls over time
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Notes: The two graphs present the average annual research output of affected (spared) and control lab heads
up to ten years before and after the adverse event. Research output is measured by impact-weighted publication
counts (Publications (JIF weighted)) in both figures. The sample consists of all affected (spared) lab heads and
their respective matched controls randomly drawn from the control candidates. Confidence intervals are at the
95% level.

Figure F-14: Impact of adverse events on research output – Event study and DiD estimates
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Notes: The two graphs present point estimates of the interactions of the variable Affected with binned event
year dummies (Event study), and with a binary variable that takes a value of one from the adverse event year
onward (DiD). The dependent variable in both figures is the impact-weighted publication count (Publications (JIF
weighted)). The sample consists of all affected (spared) lab heads and their respective matched controls randomly
drawn from the control candidates. Confidence intervals are at the 95% level.
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F.6 Adverse event subsamples

Figure F-15: Impact of adverse events on research output – exclusion of particular adverse
events
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(e) Eco-terrorism/vandalism excluded
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(h) Adverse events at research institutes excluded
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Notes: The graphs present point estimates of the variable Affected interacted with binned event year dummies
(Event study) and of the variable Affected interacted with a binary variable that equals one from the adverse event
year onward (DiD). In Figure F-15e the sample excludes adverse events caused by eco-terrorism and vandalism, in
Figure F-15f the sample excludes natural disasters (e.g., Hurricane Katrina), in Figure F-15g the sample excludes
non-US adverse events, and in Figure F-15h the sample excludes focuses on adverse events at universities and
excludes research institutes. Confidence intervals are at the 95% level.
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F.7 Heterogeneity subsamples

Table F-3: Impact of adverse events on research output and direction by capital specialization
– heterogeneity within subsamples

Affected (1) (2)
vs Control Publications (JIF weighted) New keywords (share)

Agr/Hum/Med/Soc Engin/Sciences Agr/Hum/Med/Soc Engin/Sciences

Generic Specialized Generic Specialized Generic Specialized Generic Specialized

Affected × post −0.088 −0.281∗∗ −0.052 −0.292∗∗∗ 0.012 0.007 −0.020 0.053∗
(0.109) (0.114) (0.135) (0.091) (0.056) (0.054) (0.026) (0.028)

Matched group
× Event year FE Yes Yes

Observations 13084 3830
Scientists 488 402
Events 102 92
Log-likelihood −40689 2655

Affected (1) (2)
vs Control Publications (JIF weighted) New keywords (share)

Low USD damage High USD damage Low USD damage High USD damage

Generic Specialized Generic Specialized Generic Specialized Generic Specialized

Affected × post −0.147 0.002 0.029 −0.347∗∗∗ 0.019 0.006 −0.044 0.048∗
(0.158) (0.178) (0.152) (0.067) (0.026) (0.029) (0.036) (0.027)

Matched group
× Event year FE Yes Yes

Observations 13084 3830
Scientists 488 402
Events 102 92
Log-likelihood −40547 2657

Affected (1) (2)
vs Control Publications (JIF weighted) New keywords (share)

No data loss Data loss No data loss Data loss

Generic Specialized Generic Specialized Generic Specialized Generic Specialized

Affected × post −0.030 −0.178 −0.100 −0.379∗∗∗ 0.004 0.046∗ −0.033 0.044
(0.113) (0.111) (0.212) (0.082) (0.033) (0.026) (0.031) (0.034)

Matched group
× Event year FE Yes Yes

Observations 13084 3830
Scientists 488 402
Events 102 92
Log-likelihood −40682 2653

continued on next page
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Table F-3: Impact of adverse events on research output and direction by capital specialization
– heterogeneity within subsamples (continued)

Affected (1) (2)
vs Control Publications (JIF weighted) New keywords (share)

Small lab Large lab Small lab Large lab

Generic Specialized Generic Specialized Generic Specialized Generic Specialized

Affected × post −0.045 −0.266∗ −0.059 −0.297∗∗∗ 0.038 0.063∗ −0.041 0.036
(0.174) (0.149) (0.158) (0.109) (0.075) (0.036) (0.026) (0.035)

Matched group
× Event year FE Yes Yes

Observations 13084 3830
Scientists 488 402
Events 102 92
Log-likelihood −40453 2662

Affected (1) (2)
vs Control Publications (JIF weighted) New keywords (share)

Junior lab head Senior lab head Junior lab head Senior lab head

Generic Specialized Generic Specialized Generic Specialized Generic Specialized

Affected × post −0.020 −0.431∗∗∗ −0.054 −0.148 −0.044 0.020 0.021 0.062∗
(0.176) (0.102) (0.163) (0.108) (0.032) (0.024) (0.035) (0.032)

Matched group
× Event year FE Yes Yes

Observations 13084 3830
Scientists 488 402
Events 102 92
Log-likelihood −40361 2666

Affected (1) (2)
vs Control Publications (JIF weighted) New keywords (share)

Low-ranked High-ranked Low-ranked High-ranked

Generic Specialized Generic Specialized Generic Specialized Generic Specialized

Affected × post −0.017 −0.508∗∗∗ −0.051 −0.182∗∗ 0.027 0.055∗ −0.060∗∗∗ 0.042
(0.140) (0.151) (0.164) (0.085) (0.039) (0.030) (0.022) (0.036)

Matched group
× Event year FE Yes Yes

Observations 13084 3830
Scientists 488 402
Events 102 92
Log-likelihood −40417 2668

Notes: Columns (1), (3), (5), (7), (9) and (11) show the estimates of Poisson pseudo-maximum likelihood re-
gressions and columns (2), (4), (6), (8), (10) and (12) the estimates of linear regressions with high-dimensional
fixed effects. The estimates in each right-hand sub-column (Specialized) are the sum of the baseline effect and the
interaction effect. Likewise, the estimates in each right-hand part (e.g., Medicine/Science) are the sum of the base-
line effect and the respective interaction effect. The dependent variable is the impact-weighted publication count
(Publications (JIF weighted)), and the share of keywords that do not show up in the lab head’s prior publications
relative to all of the keywords in her publications (New keywords (share)). Other interaction coefficients omitted.
The sample consists of all affected lab heads and their respective controls. Robust standard errors clustered at
the adverse event level shown in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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Table F-4: Impact of adverse events on research output and direction by laboratory age –
heterogeneity within subsamples

Affected (1) (2)
vs Control Publications (JIF weighted) New keywords (share)

Agr/Hum/Med/Soc Engin/Sciences Agr/Hum/Med/Soc Engin/Sciences

Modern lab Old lab Modern lab Old lab Modern lab Old lab Modern lab Old lab

Affected × post −0.294∗∗ −0.208∗ −0.308∗∗ −0.090 −0.033 0.032 −0.006 0.045∗
(0.121) (0.120) (0.127) (0.113) (0.057) (0.053) (0.020) (0.027)

Matched group
× Event year FE Yes Yes

Observations 13084 3830
Scientists 488 402
Events 102 92
Log-likelihood −40685 2657

Affected (1) (2)
vs Control Publications (JIF weighted) New keywords (share)

Low USD damage High USD damage Low USD damage High USD damage

Modern lab Old lab Modern lab Old lab Modern lab Old lab Modern lab Old lab

Affected × post −0.082 −0.096 −0.355∗∗∗ −0.155 0.022 0.013 −0.021 0.058∗
(0.226) (0.147) (0.095) (0.097) (0.022) (0.030) (0.027) (0.032)

Matched group
× Event year FE Yes Yes

Observations 13084 3830
Scientists 488 402
Events 102 92
Log-likelihood −40585 2660

Affected (1) (2)
vs Control Publications (JIF weighted) New keywords (share)

No data loss Data loss No data loss Data loss

Modern lab Old lab Modern lab Old lab Modern lab Old lab Modern lab Old lab

Affected × post −0.218∗ −0.024 −0.405∗∗∗ −0.237∗ −0.012 0.043∗ −0.014 0.047
(0.130) (0.100) (0.111) (0.121) (0.036) (0.024) (0.023) (0.038)

Matched group
× Event year FE Yes Yes

Observations 13084 3830
Scientists 488 402
Events 102 92
Log-likelihood −40694 2656

continued on next page

90



Table F-4: Impact of adverse events on research output and direction by laboratory age –
heterogeneity within subsamples (continued)

Affected (1) (2)
vs Control Publications (JIF weighted) New keywords (share)

Small lab Large lab Small lab Large lab

Modern lab Old lab Modern lab Old lab Modern lab Old lab Modern lab Old lab

Affected × post −0.098 −0.250∗ −0.380∗∗∗ −0.105 0.022 0.079 −0.022 0.027
(0.188) (0.131) (0.126) (0.119) (0.048) (0.054) (0.020) (0.039)

Matched group
× Event year FE Yes Yes

Observations 13084 3830
Scientists 488 402
Events 102 92
Log-likelihood −40446 2662

Affected (1) (2)
vs Control Publications (JIF weighted) New keywords (share)

Junior lab head Senior lab head Junior lab head Senior lab head

Modern lab Old lab Modern lab Old lab Modern lab Old lab Modern lab Old lab

Affected × post −0.354∗∗∗ −0.092 −0.057 −0.128 −0.012 0.005 0.015 0.060∗∗
(0.099) (0.200) (0.180) (0.090) (0.021) (0.039) (0.048) (0.028)

Matched group
× Event year FE Yes Yes

Observations 13084 3830
Scientists 488 402
Events 102 92
Log-likelihood −40508 2669

Affected (1) (2)
vs Control Publications (JIF weighted) New keywords (share)

Low-ranked High-ranked Low-ranked High-ranked

Modern lab Old lab Modern lab Old lab Modern lab Old lab Modern lab Old lab

Affected × post −0.214 −0.360∗∗ −0.341∗∗∗ −0.035 −0.063 0.102∗∗∗ 0.009 0.013
(0.145) (0.144) (0.126) (0.097) (0.039) (0.031) (0.022) (0.034)

Matched group
× Event year FE Yes Yes

Observations 13084 3830
Scientists 488 402
Events 102 92
Log-likelihood −40515 2677

Notes: Columns (1), (3), (5), (7), (9) and (11) show the estimates of Poisson pseudo-maximum likelihood re-
gressions and columns (2), (4), (6), (8), (10) and (12) the estimates of linear regressions with high-dimensional
fixed effects. The estimates in each right-hand sub-column (Old) are the sum of the baseline effect and the inter-
action effect. Likewise, the estimates in each right-hand part (e.g., Medicine/Science) are the sum of the baseline
effect and the respective interaction effect. The dependent variable is the impact-weighted publication count
(Publications (JIF weighted)), and the share of keywords that do not show up in the lab head’s prior publications
relative to all of the keywords in her publications (New keywords (share)). Other interaction coefficients omitted.
The sample consists of all affected lab heads and their respective controls. Robust standard errors clustered at
the adverse event level shown in parentheses. Significance levels: * p<0.1, ** p<0.05, *** p<0.01.
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