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Abstract

This study examines how peer effects, as measured by productivity changes following a
shock to human capital, vary with the intellectual structure of scientific partnerships. We
measure this structure using a new index of “cognitive distance” between collaborators,
derived from their publication and citation patterns. To identify causal effects, we use a
difference-in-differences approach that exploits the unexpected deaths of eminent life sci-
entists as a natural experiment. Our analysis reveals two distinct patterns following the loss
of a key collaborator. The production of high-quality output declines significantly only for
cognitively close partners, consistent with a disruption of knowledge spillovers. In contrast,
the decline in research quantity is U-shaped in cognitive distance: significant for both cogni-
tively close and cognitively distant partnerships, and smallest at intermediate distance. The
distant-tail decline replicates across alternative bibliometric distance measures. Overall,
our findings show that the causal impact of losing a collaborator varies systematically with
cognitive distance: losing a cognitively close partner is most detrimental to research quality,
while moderate cognitive distance best balances the benefits of knowledge spillovers and
complementarities.
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1 Introduction

The creation of new knowledge is a fundamental driver of economic growth, fueled by
the positive externalities and knowledge spillovers generated by human capital (Lucas, 1988;
Romer, 1990). While the importance of knowledge is clear, the mechanisms of its production
are less well understood. In recent decades, scientific research has shifted from solo work to
collaborative teams (Adams et al., 2005; Ductor, 2015; Fortunato et al., 2018; Leahey, 2016; Lee
and Bozeman, 2005; Wuchty et al., 2007), a shift partly driven by the increasing “burden of
knowledge,” which forces researchers to specialize narrowly and to collaborate to combine
complementary expertise (Freeman et al., 2015; Jones, 2009). This raises a central question for
both the organization of science and innovation policy: how does the degree of dissimilarity
in expertise between collaborators affect the productivity of individual researchers?

This study uses a natural experiment to examine the causal effect of collaborators’ cogni-
tive distance on individual research productivity. We define cognitive distance as horizontal
differences in research expertise across fields, distinct from vertical differences in ability or
seniority. To measure cognitive distance, we construct a new, field-agnostic index based on
the distribution of researchers’ publications and citation links across academic journals. The
life sciences provide an ideal setting for this analysis: basic research in this field is widely
recognized as a driver of welfare and growth (Akcigit et al., 2021; Pinto and Teixeira, 2020),
and its strong tradition of collaboration, combined with comprehensive bibliometric coverage,
supports rich coauthorship analysis. Cognitive distance thus provides a tractable construct
for studying how knowledge spillovers from similarity and expertise complementarities from
diversity shape collaborative outcomes.

Because scientific collaborations are not formed at random, causal analysis faces challenges
from selection bias and endogeneity. To address these concerns, we exploit the unexpected
and premature deaths of researchers as a natural experiment, following prior studies that use
such events to generate exogenous variation (Aizenman and Kletzer, 2011; Azoulay et al., 2010,
2019; Jaravel et al., 2018; Khanna, 2021, 2023; Mohnen, 2022; Oettl, 2012). These deaths provide
an exogenous shock to the productivity of surviving coauthors that is plausibly unrelated to
the cognitive distance of their partnerships. We identify 63 eminent life scientists who were
actively engaged in research but died unexpectedly between 1995 and 2008. We construct a
panel dataset of 9,263 coauthor-deceased scientist pairs, using publication and citation records
from the Web of Science covering the period 1980 to 2013. This dataset allows us to track
changes in coauthors’ annual publication rates and citation impacts before and after the deaths
of their collaborators. We estimate effects using difference-in-differences, with heterogeneity-
robust diagnostics for staggered treatment.

The effect of collaborator loss depends strongly on cognitive distance. Following the death
of a star scientist, the quantity loss is U-shaped in cognitive distance: cognitively close and
cognitively distant coauthors both experience significant declines, while coauthors at interme-
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diate cognitive distance are relatively resilient. The effect on research quality, by contrast, is
concentrated among cognitively close collaborators and is persistent. Both patterns hold under
heterogeneity-robust estimators for staggered treatment, and the distant-tail quantity decline
further replicates across alternative bibliometric distance measures. Taken together, the pat-
terns suggest two distinct channels of collaborative production. A spillover channel, rooted
in shared expertise and tacit knowledge transfer, maps onto the exploitation side of organiza-
tional learning (March, 1991; Nooteboom et al., 2007; Wuyts et al., 2005) and is the dominant
input to high-quality output. A complementarity channel, rooted in distinct, hard-to-substitute
expertise, maps onto the exploration side and primarily sustains research quantity.

This study makes three primary contributions to the economics of science and the orga-
nization of scientific collaboration. First, we document that the productivity loss from a col-
laborator’s death follows two distinct patterns rather than one: the quantity loss is U-shaped
in cognitive distance, while the quality loss is monotonic and concentrated among cogni-
tively close coauthors. Three features of the design make this asymmetry detectable. Our
cognitive-distance measure is continuous, field-agnostic, and defined at the researcher-pair
level, the unit at which the death shock varies. Four outcomes separate quantity from quality.
A continuous-treatment specification and percentile-rank event studies trace the moderation
across the entire distance distribution, and the estimated pattern then guides the categorical
specification. The pooled post-death decline itself is common ground with the death-shock
literature. The moderation structure is new. Prior work has moderated the shock either by
coarse proximity groups applied to a single quality-adjusted outcome, within which quantity
and quality cannot diverge (Azoulay et al., 2010), or by network position and star characteris-
tics (Azoulay et al., 2019; Khanna, 2021; Mohnen, 2022; Oettl, 2012). We show that this dyadic
dimension, rather than network position or star characteristics alone, organizes the magnitude
of productivity losses.

Second, we propose a two-channel decomposition of the spillover-complementarity trade-
off at the dyadic level. The tradeoff originates in the organizational-learning literature on
exploration and exploitation (March, 1991), its canonical empirical tests use inter-firm al-
liances (Nooteboom et al., 2007; Wuyts et al., 2005), and subsequent work has operated at the
firm, team, or industry level (Bikard et al., 2015; Larivière et al., 2015; Leahey et al., 2017;
Mello and Rentsch, 2015; Teodoridis, 2018; Tzabbar and Kehoe, 2014; Wang et al., 2017), in each
case aggregating interpersonal spillovers and complementarities rather than identifying them.
Our decomposition expresses the tradeoff as a spillover term that decreases with cognitive
distance and a complementarity term that increases with it (Belkhouja and Yoon, 2018; Lee
et al., 2015; Uzzi et al., 2013), with channel weights that differ across outcomes. It yields two
testable predictions: a monotone quality loss under a spillover-dominated regime and a U-
shaped quantity loss under a spillover-leaning regime. The unexpected death of a collaborator
dissolves the partnership exogenously, allowing both predictions to be tested within a causal
design at the unit where interpersonal exchange occurs.
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Third, we introduce a continuous, field-agnostic, researcher-pair-level cognitive distance
index built from journal-citation flows over the entire Web of Science catalog. Prior measures of
intellectual proximity have used coarse field classifications (Borjas and Doran, 2012; Fafchamps
et al., 2010; Jaffe, 1986), biomedical-specific MeSH overlap (Azoulay et al., 2010), reference
overlap (Ahuja and Katila, 2001), or text-based distance (Blei et al., 2003; Kelly et al., 2021),
each constraining either cross-discipline portability or dyadic identification. Our construction
takes the other side of that tradeoff: it gives up article-level granularity in exchange for
cross-discipline portability and dyadic identification, as Table 1 in Section 3 makes explicit.
Three alternative cognitive-distance constructs (a Web of Science–restricted reference cosine,
a soft cosine over reference vectors, and a direct citation overlap) reproduce the distant-tail
productivity decline, supporting the robustness of the index to measurement choice. The index
is portable across disciplines and applicable to any setting where researcher-level publication
and citation data are available.

The remainder of this paper is organized as follows. Section 2 develops the conceptual
framework. Section 3 introduces our measure of cognitive distance and contrasts it with
alternative proximity measures. Section 4 presents the empirical strategy and specifications.
Section 5 introduces the data and sample construction. Section 6 reports the empirical results,
and Section 7 concludes.

2 Conceptual Framework

2.1 The Cognitive Similarity-Diversity Tradeoff

Cognitive distance is the dissimilarity in research expertise between collaborators. It cre-
ates a central tradeoff. Cognitive similarity promotes efficient communication and knowledge
transfer: a shared intellectual foundation enhances absorptive capacity and allows collabora-
tors to integrate complex ideas and benefit from knowledge spillovers (Kaplan and Vakili, 2015;
Nooteboom et al., 2007; O’Connor et al., 2021; Teodoridis et al., 2019; Wu et al., 2019). This
explains why many scientists form partnerships with peers whose research expertise overlaps
with their own (Leahey et al., 2017). Cognitive diversity, by contrast, supplies expertise com-
plementarity: partners with distinct skills broaden the problem-solving scope, enable novel
recombinations of ideas, and foster radical innovation (Belkhouja and Yoon, 2018; Bikard et al.,
2015; Freeman et al., 2015; Lee et al., 2015; Singh and Fleming, 2010).

Diversity also carries costs. Greater distance leads to communication frictions, higher
coordination costs, and difficulty integrating contributions (Boschma, 2005; van der Wouden
and Youn, 2023; Wu et al., 2019). Prior studies of the tradeoff typically work at the firm or
industry level; we study the same tension between individual collaborators, the smallest unit
at which spillovers and complementarities operate through direct interpersonal exchange.
This dyadic resolution allows us to isolate how cognitive distance shapes peer effects when a
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collaboration unexpectedly dissolves.

2.2 A Two-Channel Decomposition

The tradeoff above implies that the loss from a star’s death flows through two channels
whose mix differs across outcomes. We formalize this intuition with a stylized two-channel
decomposition that adapts the two-force structure of Wuyts et al. (2005) to a setting with
quality and quantity outcomes, combining the forces additively rather than multiplicatively.
The model is reduced-form: it yields sign and shape predictions for the cognitive-distance
gradient of productivity losses but does not pin down the values of its underlying parameters.

Consider a surviving coauthor 𝑖 and a deceased star 𝑗 at cognitive distance 𝑑 ≡ 𝑑𝑖 𝑗 ∈ [0, 1].
The pre-death contribution of 𝑗 to 𝑖’s output operates through two monotonic channels:

𝑆(𝑑) = (1 − 𝑑)𝛼 , 𝛼 > 0, (1)

𝐶(𝑑) = 𝑑𝛽 , 𝛽 > 0, (2)

where 𝑆(𝑑) is the spillover channel through which 𝑗 transmits tacit knowledge (Cohen and
Levinthal, 1990; Nooteboom et al., 2007) and is decreasing in 𝑑, and𝐶(𝑑) is the complementarity
channel through which 𝑗 bridges to distant expertise (Boschma, 2005; Singh and Fleming, 2010)
and is increasing in 𝑑. The curvature parameters 𝛼 and 𝛽 govern how steeply each channel
attenuates away from its peak. We maintain 𝛼 > 1 and 𝛽 > 1 throughout. This strict-curvature
condition makes each channel convex in 𝑑, so that each channel’s contribution is concentrated
near its own peak. Together with the loading assumptions introduced below, the condition is
sufficient for the comparative statics in Appendix C.1

When 𝑗 dies, 𝑖 loses the contribution from each channel. The total loss for outcome 𝑦

combines the two channels with outcome-specific weights:

𝐿𝑦(𝑑) = 𝑤𝑆
𝑦 𝑆(𝑑) + 𝑤𝐶

𝑦 𝐶(𝑑), (3)

where 𝑤𝑆
𝑦 and 𝑤𝐶

𝑦 are the spillover and complementarity loadings on outcome 𝑦 ∈ {𝑞, 𝑄}. For
research quality (𝑦 = 𝑄), the spillover channel strongly dominates, 𝑤𝑆

𝑄
≫ 𝑤𝐶

𝑄
(Assumption A1

in Appendix C), because high-impact research requires deep tacit understanding of the star’s
frontier expertise. For research quantity (𝑦 = 𝑞), the spillover channel modestly dominates,
𝑤𝑆

𝑞 > 𝑤𝐶
𝑞 > 0 (Assumption A2 in Appendix C): routine co-production draws on shared

expertise, while a smaller share requires complementary specialist input from distant expertise.

Under Assumption A1, quality loss reduces to 𝐿𝑄(𝑑) ≈ 𝑤𝑆
𝑄
𝑆(𝑑) and is monotonically

1The power-function parameterization is chosen for analytical convenience. Appendix C.6 shows that the
qualitative predictions hold under alternative functional forms (e.g., exponential), so the framework should be read
as a family of two-channel decompositions sharing the spillover-complementarity structure rather than as a single
specific model.
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decreasing in 𝑑: close coauthors had the most spillover-intensive partnerships and bear the
largest decline, while distant coauthors had only weak spillovers to begin with and bear the
smallest.

Quantity loss combines a spillover term𝑤𝑆
𝑞 𝑆(𝑑) that is largest at 𝑑 = 0 and vanishes at 𝑑 = 1,

with a complementarity term 𝑤𝐶
𝑞 𝐶(𝑑) that is zero at 𝑑 = 0 and largest at 𝑑 = 1. Under the

curvature condition 𝛼, 𝛽 > 1 and the strictly positive loadings in Assumption A2, 𝐿𝑞 is strictly
convex on (0, 1) with a unique interior minimum 𝑑∗, producing a U-shape: loss is highest at
both tails and lowest at 𝑑∗.

The theory pins down the location of the minimum only partially. In the symmetric
baseline 𝛼 = 𝛽 and 𝑤𝑆

𝑞 = 𝑤𝐶
𝑞 , it sits at 𝑑∗ = 1/2. Holding the curvatures equal, the spillover-

leaning regime 𝑤𝑆
𝑞 > 𝑤𝐶

𝑞 from Assumption A2 shifts 𝑑∗ rightward of 1/2, because balancing the
heavier spillover loss requires a larger 𝑑. Beyond this rightward shift, the position of 𝑑∗ relative
to the three empirical distance bands depends on all four parameters (𝛼, 𝛽, 𝑤𝑆

𝑞 , 𝑤
𝐶
𝑞 ) and is not

determined by the theory. The band-level implication is conditional on that position: the loss
is smallest in the band nearest 𝑑∗ and larger in the bands farther from it. Hypothesis 2 states
this pattern with the middle band as the resilient one, a location consistent with the rightward
shift implied by Assumption A2, and Section 6 estimates where 𝑑∗ falls. Appendix C reports
the sufficient conditions, derivations, and formal characterization of 𝑑∗.

The framework yields two testable predictions.

Hypothesis 1 (Quality, monotonic decline). Following the death of a star coauthor, the produc-
tivity loss in research quality decreases monotonically in cognitive distance; cognitively close coauthors
experience the largest decline.

Hypothesis 2 (Quantity, U-shape). Following the death of a star coauthor, the productivity loss in
research quantity is U-shaped in cognitive distance; cognitively close and cognitively distant coauthors
both experience significant declines, while coauthors at intermediate cognitive distance are relatively
resilient.

The additive structure in Equation (3) is not the only way to combine the two channels,
and the leading alternative makes the opposite prediction about the middle of the distance
distribution. In the multiplicative tradition of Nooteboom et al. (2007) and Wuyts et al. (2005),
partnership value is the product of novelty and absorbability and peaks at intermediate cogni-
tive distance; the loss from dissolution would then be largest for intermediate-distance pairs,
an inverted U, with close and distant pairs comparatively resilient. The data can therefore
discriminate between the two structures: the resilient middle band and the monotone quality
decline documented in Section 6 are consistent with the additive-convex decomposition and
inconsistent with the multiplicative benchmark in this setting.

The two channels parallel the exploitation-exploration distinction in organizational learn-
ing (March, 1991; Nooteboom et al., 2007; Wuyts et al., 2005): the spillover channel embodies
exploitation through deep refinement of shared knowledge, and the complementarity chan-
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nel embodies exploration through novel recombination across distant expertise. Spillover-
dominated quality loss reflects exploitation alone; the U-shape in quantity loss reflects both
modes, with the close tail tracing exploitation losses and the distant tail tracing exploration
losses. We treat the empirical patterns in Section 6 as consistent with the framework rather
than as a direct test of it.2

3 Measuring Cognitive Distance

3.1 Comparison with Alternative Proximity Measures

The typology of Boschma (2005) distinguishes five proximity dimensions: cognitive, organi-
zational, social, institutional, and geographical. We focus on the cognitive dimension, within
which four empirical implementations recur: idea-space overlap on shared MeSH terms in
biomedicine (Azoulay et al., 2010), reference-overlap measures over cited works (Ahuja and
Katila, 2001), text-based distance over abstracts or full text (Blei et al., 2003; Kelly et al., 2021),
and field-code overlap based on assigned classifications (Borjas and Doran, 2012; Fafchamps
et al., 2010; Jaffe, 1986). Table 1 contrasts our journal-citation construction with these four
alternatives, together with the geographical and social proximity dimensions that are common
in studies of scientific collaboration. The organizational and institutional dimensions do not
enter the comparison set: researcher pairs are not embedded in formal organizational hierar-
chies, and any time-invariant institutional differences within a pair are absorbed by the dyad
fixed effects in our identification strategy.3

[Table 1 about here]

Our index operationalizes the conceptual cognitive distance of Section 2. Table 1 shows
that no empirical implementation dominates the others: each occupies a different point on
the tradeoff between article-level granularity on one side and cross-discipline portability with
dyadic identification on the other. Our construction takes the side that the death-shock design
requires. We build the index from journal citation flows because journal positioning encodes
institutionalized knowledge structures that are stable across years and portable across fields.

2The framework is falsifiable within a defined domain. Its predictions concern how the losses at the three distance
bands compare with one another, the object that the pooled categorical specification (Equation (5)) estimates as
contrasts relative to the middle band. Two observable patterns would falsify it. First, a middle-worst quantity
pattern, in which the middle band loses strictly more than both the close and distant bands. No non-negative
loading combination of the two channels can generate this pattern under the maintained curvature condition,
because strict convexity of 𝐿𝑞 places the middle-band loss strictly below a weighted average of the two tail losses.
This is also precisely the pattern the multiplicative benchmark above predicts, so the condition doubles as the
discriminating test between the two structures. Second, a U-shaped quality loss in cognitive distance, which
would contradict (A1). The band-specific estimates in Table A.4 lie outside this domain: they measure each band’s
absolute within-band trajectory rather than the cross-band comparison, so their positive distant-band coefficient is
not a violation on its face. Section 6.3 shows in addition that the positive coefficient does not survive a count-data
specification (Table A.10), attributing it to the linear estimator.

3The institutional dimension instead enters the analysis as a binary moderator, through the same-institution
split of Section 6.3.
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3.2 Index Construction

The construction of the index involves three steps. First, we create a citation matrix [𝑐𝑎𝑏]
that records direct citation relationships between any two journals active from 1980 to 2013
in the Web of Science (WoS) database.4 For each citing journal (Journal 𝑎) and cited journal
(Journal 𝑏), 𝑐𝑎𝑏 denotes the total number of citations of Journal 𝑏 by Journal 𝑎 over the entire
period 1980–2013.

In the second step, we convert the journal citation matrix into a journal-by-journal distance
matrix [𝑑𝑎𝑏]. We calculate the similarity between every pair of journals by applying the cosine
similarity measure, a standard metric from computer science used to assess the relatedness of
documents (Salton and McGill, 1983), to their citation vectors from the previous step.5 This
yields a similarity matrix [𝑠𝑎𝑏], from which the distance matrix is derived. The similarity
between Journal 𝑎 and Journal 𝑏 is defined as

𝑠𝑎𝑏 =

∑
𝑘 𝑐𝑎𝑘𝑐𝑏𝑘√

(∑𝑘 𝑐
2
𝑎𝑘
)(∑𝑘 𝑐

2
𝑏𝑘
)
,

where 𝑘 indexes all journals included in the database. The distance between Journal 𝑎 and
Journal 𝑏 is then defined as

𝑑𝑎𝑏 = 1 − 𝑠𝑎𝑏 .

Each element 𝑑𝑎𝑏 of the distance matrix [𝑑𝑎𝑏] ranges between 0 and 1, with lower values
indicating greater similarity and higher values indicating greater distance.

The third step then computes the cognitive distance between a researcher 𝑖 and a deceased
collaborator 𝑗 as a weighted average of journal distances, based on their publication distribu-
tions prior to the year of 𝑗’s death. Let 𝑛𝑖 and 𝑛 𝑗 denote the total number of papers published
by 𝑖 and 𝑗; 𝑛𝑎

𝑖
and 𝑛𝑏

𝑗
the number of papers they published in journals 𝑎 and 𝑏, respectively;

and 𝑑𝑎𝑏 the journal distance from the second step. The index of cognitive distance between
researchers 𝑖 and 𝑗 is defined as

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖 𝑗 =

∑
𝑎

∑
𝑏 𝑛

𝑎
𝑖
𝑛𝑏
𝑗
𝑑𝑎𝑏

𝑛𝑖𝑛 𝑗
.

This formula computes the average journal distance across all pairwise combinations of
publications by 𝑖 and 𝑗, weighted by their respective publication distributions. The index

4Our dataset is limited to this period because complete WoS publication and citation records are available only
for 1980–2013.

5The cosine similarity measure is broadly employed in computer science and related fields and has also been
applied in bibliometric and economic research. For instance, some studies have used cosine similarity to quantify
the distance between journals (Leydesdorff and Rafols, 2011; Rafols et al., 2012), while others have applied it to
develop an index of research overlap among economists using JEL codes (Fafchamps et al., 2010).
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ranges from 0 (if every pairwise combination of their journals has perfectly similar citation
profiles, as when both researchers publish only in the same journal) to 1 (if they publish in
entirely unrelated journals whose citation profiles share no common cited journals). A potential
concern is that frequent co-publications could mechanically reduce the measured distance even
when collaborators have distinct research backgrounds. To address this concern, our primary
specification uses a “leave-out” version of the index, which excludes all joint publications when
calculating the distance for each dyad. The same logic appears in Azoulay et al. (2010), whose
keyword-overlap measure is computed on the pair’s nonjoint publications. The non-leave-out
version is reported in Table A.5 as a robustness check.

Figure 1 shows the distribution of the cognitive distance index for the analysis sample,
calculated between each deceased scientist and their coauthors using the procedure described
above. The distribution is unimodal, apart from a spike in the lowest bin, and slightly left-
skewed, with a mean of approximately 0.62 and a median of 0.64.6

[Figure 1 about here]

3.3 Properties

The index has three properties that make it well-suited to dyadic productivity analysis.
First, by aggregating journal-level citation patterns rather than article-level content, it cap-
tures institutionalized knowledge structures that persist across periods. In fast-moving fields
such as the life sciences, papers have relatively short citation half-lives (Bohannon, 2013; Davis
and Cochran, 2015), so researchers active in different periods may appear intellectually dis-
tant on article-level measures even when they share a common focus. A molecular biologist
publishing in Cell and a geneticist publishing in Nature Genetics decades later may rarely cite
one another directly, yet strong citation ties between their journals signal shared cognitive
foundations.7 Second, the broad multidisciplinary coverage of the WoS catalog makes the in-
dex portable across disciplines, applicable wherever researcher-level publication and citation
data are available. Third, the construction reduces to three reproducible steps (citation ma-
trix, cosine-similarity distance matrix, publication-weighted aggregation), making the index
straightforward to audit and to apply across studies of scientific collaboration.

6The bar corresponding to the lowest range of cognitive distances (0 to 0.2) shows a notably higher count than
adjacent bins. This anomaly is driven by data from one deceased scientist, but including or excluding this case does
not affect the results.

7A potential concern is that broad, highly central journals such as Science and Nature publish across many
disciplines (Larivière and Gingras, 2010), and that citations to and from such outlets may convey weaker disciplinary
signals than citations between specialized journals. We view this as unlikely to substantially distort our measure
for two reasons. First, publications in these multidisciplinary outlets represent a small share of a typical author’s
output in our sample: the majority of each author’s publications appear in more specialized, field-specific journals.
Second, in the cosine-similarity step each generalist outlet enters as one element of a high-dimensional citation
vector, so its influence on the resulting distance is bounded by its citation frequency rather than by its disciplinary
breadth.
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4 Empirical Strategy

4.1 Identification Strategy

Scientific collaboration is not random. Partnerships form and dissolve through deliberate
choices, so productivity comparisons across pairs, or before and after a chosen separation,
conflate the contribution of the collaboration with the selection that formed and ended it. We
address this selection problem by exploiting the unexpected and premature death of an active
life scientist as an exogenous shock to collaboration: the timing of such a death is plausibly
unrelated to the evolution of the pair’s research. This event allows us to estimate how the
resulting productivity changes vary with the surviving coauthor’s cognitive distance from the
deceased.

Our identification strategy directly extends Azoulay et al. (2010), who exploit the unex-
pected deaths of eminent life scientists and estimate a 5 to 8 percent decline in the citation-
weighted publication count of surviving collaborators. Two elements of that design are com-
mon ground: the shock construction (sudden, premature deaths of actively publishing stars)
and the use of publication-count and citation-impact outcomes. The moderation analysis is
where the designs part. Azoulay et al. (2010) interact the death indicator with a binary indicator
for the top quartile of MeSH keyword overlap and note that a four-quartile version lacked the
statistical power to distinguish the quartile coefficients. Our continuous pair-level moderator
and the event studies in Section 6 are built to trace the gradient that a binary contrast cannot.
Subsequent applications have largely preserved the original death-shock template (Aizenman
and Kletzer, 2011; Azoulay et al., 2019; Jaravel et al., 2018; Khanna, 2021, 2023; Mohnen, 2022;
Oettl, 2012). A broader literature documents peer-effect declines following the forced dismissal
of scientists in Nazi Germany (Waldinger, 2010, 2012) and the loss of international knowledge
networks during World War I (Iaria et al., 2018), as well as mixed peer effects from inflows
of immigrant scientists (Borjas and Doran, 2012, 2015; Moser et al., 2014). These mixed find-
ings suggest that peer effects depend on the relationship between the scientists involved, the
heterogeneity that our moderation analysis measures along the cognitive dimension.

We implement this approach using a generalized difference-in-differences framework in
which the “treatment intensity” for each coauthor is their cognitive distance from the deceased
scientist, treated as a continuous variable (Wooldridge, 2010). In practice, our model compares
changes in productivity before and after the death of a focal scientist across coauthors with
different levels of cognitive distance.

This design identifies the moderator effect within the treated dyads rather than the level
effect of “ever losing a coauthor.” We adopt the within-treated specification because cognitive
distance is defined relative to a deceased star coauthor. Adding a never-treated control arm
would therefore require an arbitrary modeling choice for the moderator (for instance, distance
to the closest treated dyad’s deceased star, or to a hypothetical reference profile) that the data
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cannot discipline. The closest precedent for this design choice comes from Azoulay et al.
(2010), who compare their estimates with and without a coarsened-exact-matching never-
treated control arm and report that “the magnitudes of the estimates presented below are very
similar whether or not control scientists are added to the estimation sample” (p. 558). That
comparison concerns the average level effect of losing a coauthor rather than a moderation
gradient. Identification of our moderator estimand instead rests on within-unit time variation:
the imputation diagnostic of Borusyak et al. (2024) in Table A.1 constructs counterfactual
trajectories from the not-yet-treated observations of the eventually treated dyads, sidestepping
the cross-unit comparison concern.

The validity of our causal interpretation rests on the key identification assumption of
parallel trends: absent the collaborator’s death, the productivity of coauthors with varying
cognitive distance would have evolved in parallel. We assess the plausibility of this assumption
in Section 6 by graphically examining the pre-event trends in our event study analysis. The
staggered timing of the deaths across 1995–2008 provides a further safeguard: the year fixed
effects absorb calendar-time shocks common to all scientists, and because the post-death
window differs across dyads, no such shock aligns systematically with the death event in a
way that could be mistaken for a moderated effect.

4.2 Empirical Models

Our baseline empirical model is as follows:

𝑌𝑖 𝑗𝑡 = exp[𝛽0 + 𝛽1𝐷𝑒𝑎𝑡ℎ 𝑗𝑡 + 𝛽2𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖 𝑗 × 𝐷𝑒𝑎𝑡ℎ 𝑗𝑡 + 𝑓 (𝐶𝑎𝑟𝑒𝑒𝑟_𝐴𝑔𝑒𝑖𝑡) + 𝛾𝑡 + 𝛿𝑖 𝑗] 𝜖𝑖 𝑗𝑡 , (4)

where the dependent variable 𝑌𝑖 𝑗𝑡 is a measure of research output in year 𝑡 of coauthor 𝑖, who
previously collaborated with the now deceased scientist 𝑗. The key variables of interest are
𝐷𝑒𝑎𝑡ℎ 𝑗𝑡 , an indicator equal to 1 for all years following the death of scientist 𝑗, and 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖 𝑗 ,
our index of cognitive distance. 𝛽1 captures the main effect of a collaborator’s death at the
baseline, where cognitive distance is zero, while the interaction coefficient 𝛽2 measures how
this effect varies with the level of cognitive distance. The main effect of 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖 𝑗 does
not enter separately because it is time-invariant and therefore absorbed by the dyad fixed
effects. The function 𝑓 (𝐶𝑎𝑟𝑒𝑒𝑟_𝐴𝑔𝑒𝑖𝑡) flexibly controls for the career age of scientist 𝑖, which
captures lifecycle factors such as tenure incentives and changes in productivity over the career
trajectory.8 Year fixed effects, 𝛾𝑡 , absorb time shocks common to all scientists. Dyad fixed
effects, 𝛿𝑖 𝑗 , absorb all time-invariant characteristics of the coauthor, the star, and the unique
coauthor–deceased scientist pair, holding constant any vertical differences between partners,
such as their respective levels of seniority or innate talent, and thereby isolating the moderating

8Since information on the year of PhD completion is not available, we define career age as the difference between
the publication year 𝑡 and the year of scientist 𝑖’s first publication. Career age cohort dummies are constructed in
three-year intervals.
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role of horizontal cognitive distance on peer effects. 𝜖𝑖 𝑗𝑡 is a multiplicative error term with
conditional mean one, so the exponential index specifies the conditional mean of 𝑌𝑖 𝑗𝑡 .

We measure research output along two dimensions: quantity and quality. Our primary
quantity measure is the annual number of journal articles published by scientist 𝑖. As a first
step toward capturing research quality, we also weight each publication by its journal’s impact
factor (JIF), thereby constructing a measure of JIF-weighted publications.9

Recognizing that JIF is a crude proxy for article-level quality, we supplement it with more
precise citation-based measures of research impact. Absolute citation counts, however, are
affected by truncation, since earlier publications have had more time to accumulate citations. To
correct for this bias, we normalize citations within each publication year and field. Specifically,
we compute the citation distribution for all life sciences papers in our dataset published
between 1980 and 2013, grouped by broad WoS subject categories. For each researcher and
year, we then count the number of publications that rank above the 50th percentile and above
the 85th percentile of these field-year distributions. These normalized indicators capture
different aspects of research impact. The number of publications above the 50th percentile
captures a researcher’s ability to produce consistently solid, above-average work, serving as a
broad measure of impactful quantity. In contrast, the number of publications above the 85th
percentile identifies “home runs” and provides a more stringent measure of research quality
and breakthrough impact.

The interaction term in Equation (4) restricts the moderation to be linear in cognitive
distance within the exponential index. To detect potential nonlinearity, we first inspect the
relationship visually in Figure 2. The figure plots post-death changes in four measures of
research output against the percentile rank of cognitive distance: the number of publications,
JIF-weighted publications, publications above the 50th citation percentile, and publications
above the 85th percentile. The patterns reveal clear nonlinearities. Guided by these plots,
we classify coauthors into three groups: cognitively close coauthors in the 0–40th percentiles,
middle-distance coauthors in the 40–85th percentiles, and cognitively distant coauthors in the
85–100th percentiles. Figure A.2 in the appendix presents the same coefficient estimates at a
finer 5-percentile resolution, where the 85th percentile cutoff coincides with a bin boundary;
the broad nonlinear pattern is consistent across both resolutions, providing additional support
for our chosen categorization.10

[Figure 2 about here]

Given this evidence of a nonlinear relationship, we also estimate the model in Equation (5)
9The impact factor of an academic journal measures the average number of citations received by articles published

in that journal over a specific period. We use the two-year JIF for each journal to calculate the number of JIF-weighted
publications.

10The results are robust to alternative cutoff choices. For instance, shifting the boundary for cognitively close
coauthors from the 40th percentile to the lower third, 45th, or 50th percentile, or redefining the cognitively distant
group as the upper third, 75th, or 90th percentile, does not alter the results.
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based on the three cognitive distance groups defined above.

𝑌𝑖 𝑗𝑡 = exp[𝜃0 + 𝜃1𝐷𝑒𝑎𝑡ℎ 𝑗𝑡 + 𝜃2𝐶𝑙𝑜𝑠𝑒𝑖 𝑗 × 𝐷𝑒𝑎𝑡ℎ 𝑗𝑡 + 𝜃3𝐷𝑖𝑠𝑡𝑎𝑛𝑡𝑖 𝑗 × 𝐷𝑒𝑎𝑡ℎ 𝑗𝑡 (5)

+ 𝑓 (𝐶𝑎𝑟𝑒𝑒𝑟_𝐴𝑔𝑒𝑖𝑡) + 𝛾𝑡 + 𝛿𝑖 𝑗] 𝜖𝑖 𝑗𝑡 .

The indicator variable𝐶𝑙𝑜𝑠𝑒𝑖 𝑗 equals one if coauthor 𝑖 is cognitively close to deceased scientist 𝑗,
and 𝐷𝑖𝑠𝑡𝑎𝑛𝑡𝑖 𝑗 equals one if 𝑖 is a cognitively distant coauthor of scientist 𝑗. The middle-distance
coauthor group is the omitted reference category. As with 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖 𝑗 , the group indicators
are time-invariant and therefore enter only through their interactions with 𝐷𝑒𝑎𝑡ℎ 𝑗𝑡 . The other
variables in Equation (5) retain the same definitions as in Equation (4). The coefficient 𝜃1

measures the post-death productivity change for middle-distance coauthors, while 𝜃2 and 𝜃3

capture the differential effects for close and distant coauthors, respectively, relative to their
middle-distance peers. This specification allows for a direct comparison of the shock’s impact
across the three cognitive distance groups.

Consistent with standard practice in studies of R&D and scientific productivity, and con-
sidering the nonnegative and highly skewed nature of our dependent variables, we estimate
the models using the fixed effects Poisson quasi-maximum likelihood estimator (QMLE) de-
veloped by Hausman et al. (1984). The estimator requires only that the conditional mean
in Equation (4) be correctly specified: it delivers consistent parameter estimates even when
the dependent variables are not true counts (Silva and Tenreyro, 2006), and inference based
on robust standard errors remains valid under departures from the Poisson distribution and
under arbitrary forms of serial correlation (Wooldridge, 1999). We cluster the standard errors
at the level of the deceased scientist.

Recent advances in the staggered difference-in-differences literature show that two-way
fixed effects event-study coefficients can be biased weighted averages of cohort-specific treat-
ment effects, with negative weights and forbidden comparisons of later-treated against earlier-
treated units when treatment effects are heterogeneous (Callaway et al., 2024; Roth et al., 2023).
Because the deaths in our sample occur at different dates and every dyad is eventually treated,
these concerns apply directly to our design. We address them with three heterogeneity-robust
event studies on the pooled sample and a within-band check.

The imputation estimator of Borusyak et al. (2024) (henceforth BJS) delivers a heterogeneity-
robust event study for the binary-event version of the design (Table A.1). The continuous-
treatment estimator of de Chaisemartin and D’Haultfœuille (2026) (henceforth dCDH) adapts
this logic to the continuous-intensity specification in Equation (4), using 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖 𝑗 ×𝐷𝑒𝑎𝑡ℎ 𝑗𝑡

as the treatment intensity (Table A.2). The interaction-weighted estimator of Sun and Abraham
(2021) is reported alongside a Poisson event-study sensitivity (Correia et al., 2020) (Table A.3);
the Poisson variant confirms that the post-event dynamics are not artifacts of the linear func-
tional form. BJS event studies estimated separately on the three cognitive-distance bands
(Table A.4) avoid the strong-parallel-trends assumption that any continuous-treatment speci-
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fication imposes across distance values (Callaway et al., 2024). The results of these checks are
reported in Section 6.2, and the band-specific pattern is taken up in Section 6.3.

5 Data and Sample Construction

5.1 Data

We collected the data for our empirical analysis from the Web of Science database, which
is one of the most comprehensive multidisciplinary research platforms. WoS provides access
to major citation databases and bibliometric information on scientific publications worldwide.
Our analysis focuses on the life sciences, broadly defined to encompass 30 WoS subject cat-
egories such as biology, biomedical sciences, microbiology, and medicine, and we restrict
the sample to publications in these categories.11 Our dataset covers the period from 1980
through 2013, which reflects the window of complete WoS records available to us. To focus
on original, peer-reviewed research, we include only articles published in academic journals;
we accordingly exclude non-article document types such as letters, meeting abstracts, and
editorial materials.

5.2 Sample of Deceased Scientists

A fundamental step in our analysis is identifying a sample of active life scientists who
passed away unexpectedly and prematurely. We limit the year of death to the period between
1995 and 2008 to observe changes in the productivity of their coauthors within a sufficient time
window before and after these events. Moreover, our goal is to identify star scientists who
had established distinguished research records. This approach is consistent with prior work,
which suggests that the impact on coauthors of losing a less prominent researcher may be less
detectable than that of losing a star (Azoulay et al., 2010, 2019; Khanna, 2021; Mohnen, 2022;
Oettl, 2012).

Our search for these scientists therefore began by examining trends in annual publication
counts. Our guiding assumption is that after the sudden death of a preeminent researcher,
their annual publication count will decrease sharply, eventually reaching zero. However,
this decline is not always instantaneous, as articles published posthumously likely represent
unfinished studies that were already in the pipeline at the time of death. To identify potential
star scientists fitting this pattern, we first selected researchers who had produced more than 50
total publications and then identified those whose annual publication trends exhibited a sharp
and permanent decline over a two-year period. We defined this decline as an annual count of
more than 20 publications at the start of the two-year window and fewer than three thereafter.
Figure B.1 illustrates an example of such a publication trend.

11See Table B.1 in Appendix B for the full list of subject categories included in the life sciences sample.
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Using these criteria, we identified an initial sample of 102 researchers in the life sciences.
However, we recognized that other factors could also lead to a similar publication decline, such
as retirement or departure from academia to practice medicine, an event that is not uncommon
among researchers with an M.D. degree. Therefore, to distinguish sudden, premature deaths
from other career exits, we manually verified each case in this initial sample. Our verifica-
tion process involved searching for obituaries, personnel information from their departments,
personal websites, and “In Memoriam” articles from journals in the WoS database. We then
excluded researchers who retired, left academia, or passed away at an advanced age or in a
manner that was not sudden, as well as those for whom definitive information was unavailable.
Our final sample consists of 63 active and preeminent life scientists who died unexpectedly
and prematurely, with an exact year of death between 1995 and 2008.

Table 2 reports summary statistics for this sample of deceased scientists: year of death,
years of first and last publication, career age (measured as the difference between the year of
death and the year of first publication), total publications, cumulative citations, citations per
career year, and the number of distinct coauthors.

[Table 2 about here]

5.3 Sample of Coauthors

Our primary focus is on the coauthors of the deceased scientists. We define these coauthors
by the following criteria. First, a coauthor must be part of the one-degree coauthorship
network of a deceased star, meaning that they published at least one paper with one of the 63
scientists from 1980 onward. Second, we include only researchers who also have publications
independent of the deceased scientist, either as a solo author or with other collaborators.
This criterion is intended to exclude individuals who may have been graduate students of the
deceased, which helps distinguish faculty peer effects from mentorship impacts, given that
authorship norms in the life sciences frequently include students on papers. Applying these
criteria yields a sample of 9,006 coauthors.

The fundamental unit of observation in our study is the coauthor-star dyad, which rep-
resents a unique collaborative relationship. Since some of the 9,006 coauthors in our sample
collaborated with more than one star scientist, we identify 9,263 unique coauthor-star dyads.
Our panel analysis tracks these dyads from 1980 to 2013, making the coauthor-star-year triad
the effective unit of analysis. The resulting estimation sample is an unbalanced panel with
155,294 coauthor-star-year observations. The Poisson estimation samples for the two citation-
percentile outcomes are slightly smaller, at 154,895 and 150,256, because the conditional fixed-
effects likelihood drops dyads that record no positive outcome in any year. Dyads enter the
panel in the coauthor’s first publication year and continue through the 2013 data cutoff irre-
spective of the star’s death year; we do not impose a fixed post-death window such as ten
years. Within these bounds, the panel is unbalanced because coauthors have heterogeneous
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entry years and because years in which a coauthor records no Web of Science publication do
not yield observations. The panel is therefore publication-driven: a year with no recorded
publication contributes no row rather than a zero-count row. To verify that this construction
does not drive the results, Table A.9 re-estimates the headline specifications on a rectangular
panel in which every interior zero-output year between a coauthor’s first and last observed
publication year is filled in explicitly. Section 6.2 reports the results.

Table 3 presents summary statistics for the full coauthor sample and for subsamples based
on cognitive distance. Unless otherwise noted, all covariates are measured in the year of the
star scientist’s death. The average cognitive distance is 0.62 for the full sample, with mean
values of 0.46, 0.69, and 0.86 for the close, middle, and distant coauthor groups, respectively.

[Table 3 about here]

Our measures of research outcomes include four indicators: raw and JIF-weighted pub-
lication counts, and the number of publications ranking above the 50th and 85th citation
percentiles for their publication year. We also report cumulative measures for each outcome.

We construct several variables to characterize the coauthors and their collaborative rela-
tionships. A coauthor’s career age is defined as the difference between the year of the star’s
death and the coauthor’s first year of publication. Based on this measure, we define a senior
coauthor as a researcher whose career age is greater than that of their deceased partner. To
capture a coauthor’s scientific standing, we calculate their cumulative citations up to the year
of the star’s death and define an elite coauthor as one whose cumulative citations are in the top
decile of the full coauthor sample. We also measure the intensity and recency of each partner-
ship. We count the number of collaborations for each dyad from 1980 to 2013; as a histogram of
these counts reveals a highly skewed distribution (Figure A.1), we create a categorical variable
to capture high-intensity ties. We define a regular coauthor as one who collaborated more
than five times, and a recent coauthor as one who published with the star within the three
years before the star’s death. Finally, we create indicators for the organizational and structural
context, identifying whether partners were affiliated with the same institution and whether
the deceased star was consistently the first or last author on their joint publications. As shown
in Table 3, these covariates are broadly comparable across the close, middle, and distant coau-
thor groups, suggesting the groups are well balanced and providing support for our research
design.

A comparison of the summary statistics in Table 2 (deceased scientists) and Table 3 (coau-
thors) confirms the preeminence of the former group, revealing substantial differences in
average total publications, cumulative citations, and citations per career year.
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6 Results

6.1 Main Results

This section presents the results from our main empirical models, specified in Equation
(4) and Equation (5). Table 4 presents the estimated effects of a star scientist’s death on coau-
thor productivity across four outcome variables: (i) raw publication counts, (ii) JIF-weighted
publications, (iii) publications above the 50th citation percentile, and (iv) publications above
the 85th citation percentile. For each outcome, we estimate models using both a continuous
measure of cognitive distance and categorical groups (close, middle, distant) to test for linear
and nonlinear effects.

[Table 4 about here]

Our findings reveal two distinct patterns. First, for outcomes that emphasize research
quality, the negative impact of a star’s death is concentrated among cognitively close coauthors
and is attenuated by distance. This is evident for JIF-weighted publications and publications
above the 85th citation percentile. The continuous interaction models for these outcomes
(columns (3) and (7)) show a negative main effect of death that is mitigated by increasing
cognitive distance, with both coefficients significant at the five percent level or better for the
JIF-weighted outcome and at the ten percent level for the top-85%ile outcome. The categorical
models corroborate this finding. For JIF-weighted publications (column (4)), only the close-
distance group experiences a statistically significant productivity decline of approximately
18.3%12 relative to the middle-distance group. Similarly, for publications above the 85th
percentile (column (8)), the close-distance group is the only one to show a significant decrease
(a drop of approximately 10.6%).

Second, a different, nonlinear pattern emerges for outcomes related to the overall quantity
of research. For these measures, we find a non-monotonic relationship in the pooled sample:
both the closest and most distant collaborators are adversely affected, while those at interme-
diate cognitive distance are not. The continuous models hint at this nonlinearity: when the
moderation is restricted to be linear, the interaction is statistically indistinguishable from zero
for raw publication counts (column (1)) and only weakly positive for the top-50%ile outcome
(column (5)), as opposing losses at the two tails largely cancel in a linear fit. For raw pub-
lication counts (column (2)), both the close-distance and distant-distance groups experience
significant declines of 11.1% and 13.5%, respectively, relative to the middle-distance group,
which shows no statistically significant change. A similar non-monotonic pattern appears for
publications above the 50th percentile (column (6)), where both the close and distant groups

12As the models are Poisson specifications, the percentage change is calculated as 1 − exp(𝜃). For instance, this
18.3% decline is derived from the coefficient in column (4): 1 − exp(−0.202) ≈ 0.183. This calculation applies to all
subsequent percentage changes reported.
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are hurt significantly more than their middle-distance peers, with declines of 13.3% and 9.8%,
respectively.

Overall, the results show that the consequences of losing a star collaborator vary system-
atically with cognitive distance, though the specific pattern depends on the type of research
output. For highly specialized, high-impact research (JIF-weighted publications and publica-
tions above the 85th percentile), the negative effects are concentrated among cognitively close
collaborators, consistent with a disruption of knowledge spillovers. For broader measures of
research output (raw publications and publications above the 50th percentile), the effect is
nonlinear, suggesting that both cognitively close (spillover-dependent) and cognitively distant
(complementarity-dependent) partnerships are vulnerable, while those at a medium distance
appear most resilient. Cognitive distance is a pre-determined feature of the partnership rather
than a randomly assigned treatment. Section 6.3 sets out what that implies for reading the
distance profile and applies the same qualification to the other dyadic moderators.

To further explore the timing and persistence of these effects, we conduct an event study
analysis, plotting the year-by-year coefficients in Figure 3. This specification interacts the
close- and distant-distance group indicators with a full set of time dummies, relative to the
middle-distance group and the year of the star’s death (𝑡 = 0).

[Figure 3 about here]

First, the plots support the validity of our research design. In the five years preceding the
event, the estimated coefficients for both the close- and distant-distance groups are statisti-
cally indistinguishable from zero for all four outcome variables, and the close-distance group
shows no significant lead at any horizon. The only exceptions among the eighty plotted lead
coefficients are three isolated distant-group leads for the top-85%ile outcome at long horizons
(six, seven, and ten years before the event), plus one borderline distant-group lead for the
JIF-weighted outcome at seven years (𝑝 = 0.050); none of these forms a trend running into
the event. This absence of differential pre-event trends in the window where anticipation or
divergence would surface supports the core assumption of our difference-in-differences model.

Second, after the star’s death, the plots reveal the evolution of the treatment effects, which
visually corroborates our main findings. For the quality-focused outcomes (JIF-weighted pub-
lications and publications above the 85th percentile), a sharp, significant, and persistent decline
in productivity emerges only for the close-distance coauthors, while the distant-distance group
shows no persistent statistically significant change. For the quantity-focused outcomes (raw
publications and publications above the 50th percentile), the close-distance group suffers a
lasting and significant drop in output relative to the middle group, and the distant-distance
group displays a gap that is negative in every post-event year but reaches conventional signifi-
cance only intermittently in the year-by-year estimates; the pooled contrasts in Table 4 provide
the sharper summary of the distant-band loss.

Together, these results are in line with the predictions of the two-channel decomposition
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introduced in Section 2.2. The quality results, summarized in columns (4) and (8) of Table 4 and
the corresponding panels of Figure 3, are consistent with Hypothesis 1: only cognitively close
coauthors experience a statistically significant decline in JIF-weighted publications and high-
impact publication counts, while distant coauthors are largely unaffected. The continuous
estimates in columns (3) and (7) corroborate this pattern in its most direct form: the negative
death effect attenuates significantly and approximately linearly with cognitive distance, and the
quadratic terms for these outcomes are statistically indistinguishable from zero.13 This mono-
tonic, distance-decreasing pattern is consistent with quality output being spillover-dominated,
sourced primarily through deep tacit knowledge transfer that is irreplaceable when the part-
nership ends (Azoulay et al., 2010; Cohen and Levinthal, 1990; Nooteboom et al., 2007; Wu
et al., 2019).

The quantity results, in columns (2) and (6) of Table 4 and the corresponding panels of
Figure 3, are consistent with Hypothesis 2: the loss is U-shaped in cognitive distance, with
significant declines at both close and distant pairs and resilience at intermediate distance. This
is the empirical counterpart of the U-shape in 𝐿𝑞 that Proposition 2 in Appendix C describes.
The middle-band null locates the interior minimum 𝑑∗ near 𝑑middle ≈ 0.69, with the close-band
loss sitting on the falling arm of the U and the distant-band loss on the rising arm. The null is
precisely estimated rather than merely underpowered: the middle-band post-death changes in
columns (2) and (6) are 0.037 and 0.030 (standard errors of 0.027), so the 95 percent confidence
intervals exclude middle-band declines larger than roughly two percent.

A quadratic specification of the continuous interaction provides a descriptive check on this
location, independent of the categorical cutoffs: the estimated turning point for unweighted
publications is 𝑑̂∗ = 0.70 (delta-method 95 percent confidence interval [0.48, 0.92]), interior
to the observed distance support of [0.12, 0.99] and coinciding with the middle band. The
individual quadratic terms are imprecisely estimated, however, and the formal intersection-
union test of an inverse-U effect profile (Sasabuchi, 1980; Lind and Mehlum, 2010) does not
reject monotonicity at conventional levels (𝑝 = 0.16). The non-rejection reflects the imprecision
of the quadratic terms rather than evidence against the U-shape.14 The categorical estimates of
Table 4 therefore remain the primary evidence on the shape, with the turning-point estimate
as corroborating description.

The band-specific BJS event studies in Table A.4 offer a complementary cut: estimated
separately within each band, the absolute post-death effects order monotonically in distance,
negative for the close band, null for the middle band on three of the four outcomes, and
positive for the distant band. Section 6.3 shows that the positive distant-band coefficient does
not survive a count-data specification (Table A.10) and attributes it to the linear estimator.
Both arms of the pattern also survive the further scrutiny of Section 6.2: the close and distant

13The estimates from the quadratic specification are available upon request.
14The test requires the effect profile to slope significantly upward at the lower end of the distance support and

significantly downward at the upper end. This joint requirement is demanding in our design, with standard errors
clustered on 63 deceased scientists and the distant arm containing fifteen percent of the dyads.
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quantity contrasts retain significance under wild-cluster bootstrap inference, and the distant-
band decline in unweighted publications, the empirically novel arm of the U, is directionally
preserved and statistically significant at the ten percent level or better under all three alternative
cognitive-distance measures (Table A.6).

The monotonic quality decline in columns (4) and (8) and the U-shaped quantity loss in
columns (2) and (6) together form the central asymmetry that the two-channel decomposition
organizes. In the language of organizational learning, the U-shape is the dyadic counterpart
of the firm-level exploitation-exploration tension (March, 1991; Nooteboom et al., 2007): cog-
nitively close partnerships are exploitation-intensive and are vulnerable to the loss of shared
tacit knowledge, cognitively distant partnerships are exploration-intensive and are vulnerable
to the loss of irreplaceable complementary expertise, and intermediate-distance partnerships
balance both modes.

The strength of these channel-specific losses, however, varies systematically across sub-
groups of coauthors. Section 6.3 examines how channel loadings shift with the surviving
coauthor’s absorptive capacity, the geography of the partnership, the intensity of past collab-
oration, and the deceased star’s authorship role; Appendix C.5 provides the channel-weight
reading of these patterns.

6.2 Robustness Checks

This section reports three groups of checks. We first re-estimate the headline specifications
on four subsamples, then subject the design to three heterogeneity-robust event-study estima-
tors, and finally report six further checks on variable measurement, functional form, pre-event
productivity dynamics, panel construction, and inference.

To check the robustness of our main findings, we re-estimate our primary specifications
on four different subsamples, with the results presented in Table 5 through Table 8. First,
to isolate the shock to a coauthor’s individual productivity from the mechanical loss of the
star’s contribution, we exclude all joint papers with the deceased scientist from the outcome
variables and consider only the coauthor’s publications with other researchers or solo work
(Table 5). Second, to ensure our results are not driven by individuals who experienced the loss
of more than one prominent collaborator, we restrict the sample to coauthors linked to only a
single star in our dataset (Table 6). Third, to ensure that the effects are not driven solely by the
most elite superstars, we exclude coauthors of stars in the top decile of cumulative citations
(Table 7). Finally, to ensure the results are not driven by network hub effects, we exclude
coauthors of stars in the top decile of total coauthor count (Table 8). In each subsample the
cognitive-distance bands are re-cut on that subsample’s own percentile distribution, so dyads
near a band boundary can be classified differently than in Table 4. This affects at most 2.4
percent of dyads in any of the four subsamples, and no dyad moves between the close and the
distant band: every reassignment is with the middle reference band.

20



[Table 5, Table 6, Table 7, and Table 8 about here]

Across all four subsamples, the results are highly consistent with our main findings, and
both patterns identified above persist. For outcomes related to research quantity, the U-shaped
pattern recurs in each subsample: the close contrast is significant in every table, the distant
contrast for raw publication counts is significant in all four (at the ten percent level in Table
8), and the distant contrast for the top-50%ile outcome is significant at the ten percent level
in Tables 5 and 7 while attenuating below conventional significance in Tables 6 and 8, with
the point estimates remaining negative throughout. For outcomes related to research quality,
the negative effect remains concentrated among cognitively close coauthors. These checks
provide strong evidence that our results are not artifacts of specific sample compositions or
the mechanical loss of a star’s contribution to joint papers.

We next report the results of the three heterogeneity-robust event studies introduced in
Section 4.2. Figure 4 overlays the three pooled estimators across the four outcomes. The three
estimators play different roles: the BJS imputation estimator is the primary heterogeneity-
robust diagnostic for the binary-event version of the design, the dCDH estimator probes the
continuous-treatment specification of Equation (4), and the Sun-Abraham estimator, reported
alongside a Poisson variant, isolates the role of the linear functional form. In each case
the validity check is the profile of pre-event placebo coefficients, the estimated leads for the
years before the death, which should be statistically indistinguishable from zero if surviving
coauthors were not already on differential trajectories before the event. All three estimators
reproduce the pooled-sample pattern in sign and rough magnitude. The primary diagnostic
passes without qualification, and the pre-event irregularities that arise in the two remaining
estimators trace to their linear specifications, as the following paragraphs document.

Imputation. The BJS estimator delivers significantly negative ten-year coefficients across all
four outcomes (𝜏10 = −1.49∗∗∗ for unweighted publications, −5.10∗∗∗ for JIF-weighted publica-
tions, −1.21∗∗∗ for publications above the 50th citation percentile, and −0.30∗∗∗ above the 85th),
with all twenty pretrend coefficients statistically insignificant (Table A.1). Because the estima-
tor imputes each dyad’s counterfactual from its own not-yet-treated observations, this check
addresses the heterogeneity and forbidden-comparison concerns of Section 4.2 directly, and
it passes in full: significant long-run declines on every outcome with no detectable pre-event
drift.

Continuous treatment. The dCDH estimator returns average total effects that are negative
and statistically significant on all four outcomes, with ten-year horizons that are similar in
magnitude to the BJS values for the two quantity-focused outcomes and larger for the two
quality-focused outcomes (Table A.2). Its placebo diagnostics are mixed: the placebo at 𝑡 = −1
is statistically significant for the unweighted and top-50%ile outcomes, with two further leads
marginal for the unweighted count, although the placebos are jointly insignificant in every
column. If these leads reflected genuinely different pre-death trajectories across the distance
bands, a specification that allows each band to follow its own nonparametric trend should
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absorb them. The sensitivity reported in the note to Table A.2 implements this specification,
and the leads persist: the average effects are essentially unchanged, the significant 𝑡 = −1
lead remains, and the 𝑡 = −3 lead strengthens to significance at the five percent level for the
same two outcomes. The leads are therefore structural to the linear continuous-treatment
specification rather than evidence of differential pre-death trends across bands, and we read
the dCDH results as corroborating the sign and rough magnitude of the BJS estimates rather
than as an independent heterogeneity-robust diagnostic.

Functional-form sensitivity. The Sun-Abraham linear specification displayed in Figure 4
returns positive pre-event coefficients that are statistically significant at 𝑡 = −2 for all four
outcomes and at additional leads for the unweighted and top-50%ile counts. Two explanations
are possible: the linear functional form applied to count outcomes, or the estimator’s reliance
on the latest-treated cohort as the comparison group. Two diagnostics point to the former.
First, the Poisson re-estimation in column (5) of Table A.3, available for the unweighted count,
returns statistically insignificant pretrends with the same event-time structure. The band-
specific estimates repeat the reversal for the JIF-weighted outcome: the positive, individually
significant leads that the linear estimator returns for the close band in Table A.4 turn negative
and become jointly insignificant in the Poisson event studies of Table A.10, with two leads
still individually significant under the reversed sign (Section 6.3). A genuine pre-death trend
is a feature of the data and cannot vanish when the link function changes; an artifact of the
functional form can. Second, if the leads reflected the comparison against the latest-treated
cohort, dropping that cohort should move the coefficients. A sensitivity that excludes the
year-of-death 2008 cohort and re-estimates the specification with the new latest-treated cohort
(year of death 2006, 𝑛 = 3,978 comparison-cohort observations) instead leaves the 𝑡 = −2 point
estimates essentially unchanged, and three of the four leads remain statistically significant. The
one exception, the unweighted count, loses significance through a wider standard error rather
than through coefficient attenuation.15 The lead pattern is therefore an artifact of fitting a linear
event study to skewed counts, not a feature of the design. Because the headline specifications
of Table 4 are Poisson rather than linear, this artifact cannot affect the main estimates.

[Figure 4 about here]

We now turn to the six remaining checks.

Non-leave-out cognitive distance. We use an alternative “non-leave-out” measure of cognitive
distance, which does not remove publications co-authored with the deceased star. The results
in Table A.5 remain consistent with our main findings, with three attenuations: the distant
top-50%ile contrast falls below conventional significance, and the two close contrasts on the
unweighted and top-85%ile outcomes weaken but remain statistically significant.

Alternative bibliometric measures. We replace the leave-out cognitive distance with three
methodologically distinct bibliometric similarity measures built from our available data: a Web

15The estimates excluding the 2008 cohort are available upon request.
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of Science–restricted reference cosine similarity, a soft cosine similarity over reference vectors,
and a direct citation overlap measure (Table A.6). The reference cosine treats two researchers as
similar when their publications draw on the same cited literature. The soft cosine additionally
credits citations to related rather than identical sources. The direct citation measure, the
coarsest of the three, records whether one researcher’s publications cite the other’s. The two
cosine-family measures share the vector-similarity logic of our preferred index, with dyad-level
Pearson correlations of 0.66 and 0.78 with the leave-out distance, whereas the direct-citation
measure is the least correlated, at 0.12. For each alternative, we reassign the close, middle,
and distant indicators using the same percentile cutoffs as the production specification and
re-estimate Equation (5) with the production estimator and controls.

These alternatives serve as robustness checks rather than as candidate replacements for
the production index, and the direction of their measurement error makes the check a con-
servative one. All three are built from the pair’s own citing behavior, so they inherit the two
limitations that Table 1 attributes to reference-overlap measures: the choice of references is
endogenous to publication strategy, and overlap between distant fields is mechanically near
zero, which limits resolution precisely in the distant tail where our design needs it. The direct
citation measure carries both limitations to their extreme, since whether one researcher cites
the other is a relational choice that reflects social as well as cognitive proximity. Both limita-
tions bias the reassigned contrasts toward zero, so patterns that survive under the alternatives
are informative. Our index instead positions each researcher in the aggregate journal citation
network (Section 3.1), which no single pair’s citing decisions can move, and it alone supports
the leave-out construction of Section 3.2 that prevents the collaboration itself from compressing
measured distance.

The distant-pair contrast is the robust feature of this check. The 𝐷𝑖𝑠𝑡𝑎𝑛𝑡×𝐷𝑒𝑎𝑡ℎ coefficient
remains negative in every panel and outcome. It is statistically significant at the ten percent level
or better for the unweighted publication count under all three measures and for the top-50%ile
outcome under the two cosine-family measures. The JIF-weighted and top-85%ile contrasts
are null throughout, as they are in the production specification. The distant-tail decline in
research quantity, the empirically novel arm of the U-shaped pattern, therefore appears under
every alternative measure, including the one least correlated with our preferred index.

The 𝐶𝑙𝑜𝑠𝑒 × 𝐷𝑒𝑎𝑡ℎ coefficient attenuates under the alternatives, and a misclassification
calibration shows that the attenuation is quantitatively what band reclassification implies.
Bands assigned under an imperfectly correlated measure mix dyads from different production
bands, pulling the estimated contrasts toward zero. Using only the Panel A coefficients as
the data-generating process and the observed dyad-level overlap between production and
alternative bands, the calibration predicts the close contrast that each alternative should deliver.
All twelve observed close contrasts lie within 1.3 standard errors of these predictions, and nine
lie within half a standard error. The distant contrasts, by comparison, exceed their predicted
magnitudes in every panel. The observed attenuation is therefore the pattern the production
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estimates themselves imply. The 𝐶𝑙𝑜𝑠𝑒 × 𝐷𝑒𝑎𝑡ℎ coefficient is statistically null under the WoS-
restricted reference cosine and direct-citation measures and marginally significant for one
outcome under the soft cosine, and even the small positive close estimates under the direct-
citation measure fit the calibration, since its near-uniform band overlap predicts contrasts
of approximately zero. Panels B–D therefore support rather than contradict the production
estimates: the close attenuation is what reclassification implies, and the distant decline is larger
than reclassification alone can explain.

OLS sensitivity. We re-estimate the models using ordinary least squares instead of the
Poisson specification. The OLS estimates in Table A.7 reproduce the categorical significance
pattern of Table 4: the same six contrasts are significant at the ten percent level or better, and
the two distant contrasts on the quality outcomes remain null. Our core conclusions do not
depend on the choice of estimation method.

Mean reversion. The close-band attenuation in publication outcomes could in principle
reflect regression to the mean rather than a substantive treatment effect. We re-estimate the
headline specification on two restricted samples: an Active-Pair sample, comprising dyads with
strictly positive pre-event total output for the relevant outcome, and a Top-Quartile sample,
comprising dyads in the top quartile of pre-event mean output for the relevant outcome,
computed among the active dyads. If mean reversion were driving the close-band effect,
restricting to high-pre-period-output pairs would attenuate the 𝐶𝑙𝑜𝑠𝑒 × 𝐷𝑒𝑎𝑡ℎ coefficient
toward zero. Instead, the coefficient is stable or strengthens under both restrictions (Table A.8),
alleviating the concern. Figure A.3 plots the corresponding event-study dynamics for the
Active-Pair sample.

Panel construction. As described in Section 5, the estimation panel is publication-driven:
coauthor-years with no recorded publication contribute no row, so the estimates condition on
publication-active years. Table A.9 re-estimates the headline specifications on a rectangular
panel in which every interior zero-output year between a coauthor’s first and last observed
publication year is filled in explicitly. All eight categorical contrasts of Table 4 retain their signs
with slightly larger magnitudes, the six contrasts significant in Table 4 remain significant at
least at the five percent level, and the two distant contrasts on the quality outcomes remain
statistically null. A full rectangle through 2013, which also fills the years after each coauthor’s
last observed publication, strengthens the estimates further.16 Precision falls only in the
continuous specification. The distance interactions for the two citation-percentile outcomes,
and the death main effect in the top-85%ile column, lose their ten percent significance in the
rectangular panel, with point estimates little changed and standard errors roughly twenty
percent wider. The share of filled zero years is balanced across the three distance bands (23,
20, and 25 percent for the close, middle, and distant bands) and slightly lower after the death
year in all three, consistent with the stability of the estimates.

Few-cluster inference and influence. Standard errors throughout are clustered on the 63
16The full-rectangle estimates are available upon request.
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deceased scientists, a cluster count at which conventional cluster-robust inference can over-
reject (Cameron et al., 2008). Two corrections address this concern. First, wild-cluster bootstrap
𝑝-values, computed on the linear analogue of Equation (5), reproduce the significance pattern
of Table 4 exactly. The close contrast remains significant on all four outcomes (𝑝 = 0.015, 0.015,
0.001, and 0.004 for the unweighted, JIF-weighted, top-50%ile, and top-85%ile outcomes), and
the distant contrast remains significant on the two quantity outcomes (𝑝 = 0.011 and 0.044) and
null on the two quality outcomes. Second, cluster-jackknife (CV3) standard errors (MacKinnon
et al., 2023), computed from 63 re-estimates of the Poisson specification that each exclude one
deceased scientist, confirm the same pattern with one exception: the distant top-50%ile contrast
is significant at the ten rather than the five percent level (𝑝 = 0.081). The same leave-one-out
estimates double as an influence check. All 63 re-estimates keep every focal contrast within a
narrow band around the full-sample value, and no single exclusion overturns the significance
of any close contrast (Figure A.5).

6.3 Heterogeneous Effects and the Underlying Mechanisms

This section proceeds in two parts. We first complete the band-level evidence, adjudicating
the one result that appears to conflict with the pooled U-shape, and then examine how the
losses vary across types of coauthors and collaborative relationships.

We begin with the band-specific event studies introduced in Section 4.2 and reported in
full in Table A.4. Applied separately to the dyads in each cognitive-distance band, the BJS
imputation estimator recovers ten-year coefficients that are strongly negative for cognitively
close coauthors on all four outcomes and essentially null for middle-distance coauthors on
three of the four. Both results are in line with the pooled evidence: the close-band decline is
consistent with the spillover-dependent interpretation of Hypothesis 1 and the joint spillover-
complementarity interpretation of Hypothesis 2, and the middle-band null is the direct coun-
terpart of the resilient middle-distance group in Table 4 and Figure 3. The one discordant
result is the distant band, where the linear estimator returns significantly positive long-run
coefficients. This positivity is an artifact of the linear functional form rather than a feature of
the data. Table A.10 re-estimates the band-specific event studies with a fixed-effects Poisson
specification, the same count-data sensitivity applied to the pooled Sun-Abraham estimates in
Table A.3. Under the count-data link, the distant-band ten-year coefficients are small, of mixed
sign, and uniformly insignificant (−0.19 for unweighted publications, +0.09 for JIF-weighted
publications, +0.09 above the 85th citation percentile, and −0.07 above the 50th), while the
close-band decline persists, most clearly for the JIF-weighted outcome (−0.40 at ten years,
significant at the five percent level). The Poisson specification also resolves the close-band
pretrend anomaly. For the close band’s JIF-weighted outcome, the linear estimator returns
pre-event coefficients that are positive, rising toward the event, and individually significant at
every lead. Under the count-data link they turn negative or vanish, and the joint pretrend test
does not reject (𝑝 = 0.19), although two of the leads remain individually significant with the
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sign now reversed. Anticipation cannot generate such a reversal, but functional form can.

The band-specific event studies and the pooled categorical specification estimate different
objects. Table 4 estimates each band’s average proportional moderation contrast relative to
the resilient middle group, which is the profile the two-channel framework speaks to, while
the event studies estimate each band’s absolute within-unit trajectory. Once the distant-band
positivity is attributed to the linear estimator, the band-specific evidence no longer conflicts
with the pooled U-shape: close coauthors decline, middle-distance coauthors are resilient,
and distant coauthors show no long-run gain. Appendix C.5 accordingly retains the within-
field competition-relief mechanism, the one channel a genuine distant-band gain would have
supported, only as a theoretical possibility that the evidence does not require.

With the role of cognitive distance itself established, we estimate our nonlinear model from
Equation (5) on subsamples split by professional standing, institutional proximity, collabora-
tion intensity, and the deceased’s authorship position, and plot the key interaction coefficients
for the cognitively close and distant groups in Figure 5. Each plotted coefficient is a con-
trast against middle-distance coauthors within the same subsample. A subgroup in which
no coefficient is significant is therefore one in which cognitive distance does not moderate
the response, not one in which the response is absent.17 In what follows, we call a subgroup
estimate statistically significant when its 95 percent confidence interval, plotted in Figure 5,
excludes zero. The death provides plausibly exogenous variation in collaborator loss, but the
dyadic moderators, cognitive distance included, are not randomly assigned. Subgroup differ-
ences in the estimated death effect therefore describe how the average response covaries with
observable dyadic characteristics rather than identify causal moderating effects in the strict
econometric sense reviewed by Roth et al. (2023). We treat the patterns below as descriptive
evidence about the mechanisms suggested by the channel-weight framework of Section 2.2.

[Figure 5 about here]

Professional standing. We define “elite” coauthors as those in the top decile of cumulative
citations at the time of the star’s death and “senior” coauthors as those with a greater career age
than the deceased scientist. The two splits show the same pattern in Figure 5. Every statistically
significant contrast occurs among non-elite or junior coauthors, and not one of the sixteen
estimates for their elite and senior counterparts is statistically significant on any outcome.
Cognitive distance therefore moderates the response among less established coauthors and
does not moderate it among their established counterparts.18 Two complementary mechanisms

17Prior work motivates each split. Superstar-extinction studies find that the loss from a star’s death varies with
professional standing, collaboration intensity, and authorship position (Azoulay et al., 2010, 2019; Oettl, 2012), and
the spatial-knowledge-flow literature shows that proximity shapes knowledge transmission between institutions
(Fernandez et al., 2016; Singh and Marx, 2013). We build on this evidence by examining each dimension jointly
with cognitive distance, testing the subgroup contrasts formally (Tables A.11 to A.13), and interpreting the same-
institution close-pair pattern through resource competition.

18Table A.13 reports a negative 𝐸𝑙𝑖𝑡𝑒 × 𝐷𝑒𝑎𝑡ℎ interaction, ranging from −0.118 to −0.189 in the fully joint
specification and significant at the one percent level on all four outcomes. That coefficient is a level shift in the
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can account for this asymmetry. First, knowledge spillovers and complementarities flow
predominantly from more established scientists to less established colleagues, with weaker
flows in the reverse direction (Azoulay et al., 2010; Borjas and Doran, 2015), so the two channels
that make the loss sensitive to cognitive distance carried comparatively little of an elite or senior
coauthor’s output. Second, established researchers possess extensive experience and diverse
professional networks (Khanna, 2021; Mohnen, 2022), so their capacity to replace a lost source
of expertise depends less on how cognitively close or distant that source was. In channel-
weight terms (Section 2.2), this pattern is consistent with elevated weights 𝑤𝑆 and 𝑤𝐶 among
junior and non-elite coauthors: lower own absorptive capacity (Cohen and Levinthal, 1990)
and narrower external networks imply that a larger share of pre-event output flowed through
the spillover and complementarity channels, which sharpens the distance profile that Figure 5
traces.

Institutional proximity. The institutional split shows the sharpest asymmetry in Figure 5.
Among same-institution pairs, the distant-band decline is larger than anywhere else in the
figure, ranging from −0.33 to −0.46 across the four outcomes and statistically significant on
three of them. The close-band estimates move in the opposite direction. All four shift toward
zero relative to the different-institution subsample, the estimate for publications above the
85th percentile turns positive, and none is statistically distinguishable from zero. Among
different-institution pairs, the pattern of Section 6.1 broadly reappears, with the close band
declining significantly on all four outcomes and the distant band on the unweighted count.
We interpret the asymmetry through substitution-set logic. Same-institution close-cognitive
coauthors share two scarce inputs, intellectual capital and institutional resources such as
laboratory space, students, and internal grants. When one partner dies, the institutional
resources are released to the survivor, and this relief can offset the spillover loss (Azoulay
et al., 2010, 2019; Borjas and Doran, 2012, 2015; Teodoridis et al., 2019). Same-institution
distant-cognitive coauthors face the opposite margin. Such matches are rare, and the search
frictions that make distant complementarity hard to assemble also make replacement within
the same campus difficult (Fernandez et al., 2016; Singh and Marx, 2013; Sosa and Maoret,
2023; van der Wouden and Youn, 2023), so the complementarity loss compounds. Different-
institution pairs sit on neither margin. Their substitution pool is wider in both the cognitive
and the geographic dimension, so neither force operates and the baseline contrast survives.
In framework terms, the two same-institution tails move in opposite directions relative to the
different-institution baseline, matching the resource-competition-relief mechanism formalized
in Appendix C.5. The relief channel activates for cognitively close pairs, where the released
resources were previously contested between the partners, while match rarity inflates the

average post-death response of elite relative to non-elite coauthors with the distance bands held fixed, a different
object from the within-subgroup band contrasts plotted in Figure 5. Its inclusion leaves the close and distant
contrasts essentially unchanged (columns 3 and 4 of each outcome block). Because the elite flag is defined by a
realized performance stock (cumulative citations at the time of the star’s death), the level shift is also consistent
with regression to the mean among coauthors selected on a high realization. The null 𝑆𝑒𝑛𝑖𝑜𝑟 ×𝐷𝑒𝑎𝑡ℎ interaction is
in line with this reading: the senior flag selects on career age, not on realized performance. The sample restrictions
of Table A.8 and Figure A.3 address such reversion for the band contrasts themselves.
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complementarity weight 𝑤𝐶 for cognitively distant pairs.

Collaboration intensity. This dimension has two margins: how recently and how often the
pair collaborated. On the recency margin, Figure 5 shows that the losses are largest among
“recent” collaborators, those who published with the star within the three years before the
death. Within this group the pattern of Table 4 reappears in amplified form: the close-band
decline is significant on all four outcomes, and the distant-band decline is confined to the
quantity outcomes. “Former” collaborators are affected as well, though less severely. Their
close-band declines are smaller but remain significant on three of the four outcomes, and their
distant contrasts do not reach the five percent level on any outcome. The recency pattern
is not a mechanical artifact of losing joint work in progress: excluding all joint publications
with the deceased from the outcomes, as in Table 5, leaves the recent-pair estimates essentially
unchanged.19 Active collaboration likely sustains the strongest dependency on the star’s in-
put, a dependency that attenuates but does not vanish once the collaboration lapses. On the
frequency margin, the split separates the losses on some margins but not others. “Regular”
collaborators, those with more than five joint publications, show no significant distant-band
contrast on any outcome and no significant close-band contrast on either citation-percentile
measure, consistent with established routines absorbing the shock. Their close-band declines
on the unweighted and JIF-weighted outcomes are the exception: −0.19 against −0.10 and
−0.24 against −0.19, measured against “infrequent” collaborators, with the latter the largest
close-band estimate in the split. Routinization therefore buffers the margins for which es-
tablished procedure can substitute, while the loss persists, and if anything deepens, where
joint output was most tightly coupled to shared tacit knowledge. In channel-weight terms,
active dependency sustains high contemporaneous values of both 𝑤𝑆 and 𝑤𝐶 for recent dyads,
whereas routinization and skill redundancy attenuate the effective weights for regular dyads
on the substitutable margins (Appendix C.5).

Authorship role. In the life sciences, authorship order typically signals a researcher’s contri-
bution: the first author is often the main executor of the project, while the last author is the
principal investigator who directs the laboratory and secures funding. We create indicators for
dyads in which the star was consistently the first or the last author on the joint publications.
In Figure 5, the significant declines concentrate in the complementary subsamples, those in
which the star did not consistently occupy the role. Dyads with the star consistently first
author show no significant contrast on any outcome, and dyads with the star consistently last
author are largely resilient, with significant contrasts confined to two of the eight coefficient
cells (the distant contrast for unweighted publications and the close contrast for JIF-weighted
publications). Consistent first or last authorship likely marks a partnership embedded in a
larger research program, in which organizational routines and skill redundancy buffer the
surviving coauthor against the loss. A middle-author role, by contrast, marks a peer-to-peer
relationship in which the coauthor depends on the star’s specific intellectual contributions. The

19The estimates excluding joint publications are available upon request.
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resilience of coauthors whose partners were consistently the last author is consistent with the
shock operating primarily through the loss of intellectual inputs rather than tangible resources
such as funding or laboratory access. However, consistent last authorship is also correlated
with the star’s seniority, and our categorical specification cannot separate leadership of a larger
research program from greater average seniority. Both readings are in line with the muted
response in this subsample, and we treat the distinction as a limit of the data rather than a
settled interpretation. In channel-weight terms (Appendix C.5), the surviving coauthor’s pre-
event dependency on the star’s specific intellectual input is plausibly smaller in first-author
and last-author dyads, attenuating both 𝑤𝑆 and 𝑤𝐶 relative to peer-to-peer dyads.

To corroborate the visual contrasts in Figure 5 with formal inference, we apply two sets
of Wald tests to the subgroup estimates. The first set tests the equality 𝐻0 : 𝛽close = 𝛽distant

within each subgroup; Table A.11 reports the results, and Figure A.4 plots the corresponding
95 percent confidence intervals. The test rejects the equality in two of the seven subgroups.
Among same-institution pairs, the close-versus-distant gap is statistically significant at the one
percent level for unweighted publications and at the five percent level for the two citation-
percentile outcomes, consistent with the asymmetric institutional pattern discussed above.
Among recent collaborators, the gap is significant at the five percent level on the JIF-weighted
outcome (𝑝 = 0.024), where a significant close-band decline coexists with a distant-band
null. The equality is not rejected even at the ten percent level in any other cell, although
the point estimates retain the interpretive direction outlined above. Within most subgroups,
then, the close and distant responses are statistically indistinguishable from each other. The
heterogeneity documented above lies in how each band’s contrast with the middle group
varies across subsamples, and institutional proximity is the one partition in which the two
bands diverge across multiple outcomes.

The second set of Wald tests approaches the same question from the opposite direction.
Rather than comparing the two bands within a subgroup, these tests ask whether a single
band’s coefficient differs between the two sides of a partition. Each is estimated from a fully
interacted specification in which every regressor is allowed to differ between the flagged
subgroup and its complement, with standard errors still clustered on the deceased scientist.
Table A.12 reports all fifty-six resulting gaps, seven partitions by four outcomes for each of the
two bands.

The institutional split is the only partition that rejects at the five percent level, and it
rejects with the sign pattern that the substitution-set reading predicts. The distant coefficient
is more negative among same-institution pairs on all four outcomes, the direction match
rarity predicts, significantly so at the five percent level for the unweighted and JIF-weighted
outcomes (𝑝 = 0.014 and 0.043) and at the ten percent level for the two citation-percentile
outcomes (𝑝 = 0.073 and 0.058). The close coefficient is less negative on the two citation-
percentile outcomes (𝑝 = 0.052 and 0.032), the direction the relief channel predicts. Of the
forty-eight gaps outside the institutional split, one falls below the ten percent threshold: the
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close coefficient in the deceased-last-author split on the unweighted outcome (𝑝 = 0.076).

On their own, three rejections at the five percent level out of fifty-six tests would be
unremarkable. What separates this pattern from noise is that the three do not scatter across
the seven partitions. All fall in the institutional split, and each carries the sign its mechanism
predicts. The differences in statistical significance across subsamples that are visible in Figure
5 for the standing and authorship-role splits, by contrast, do not correspond to coefficients that
are statistically distinguishable at the five percent level.

Finally, we address the concern that cognitive distance might proxy for the dyadic correlates
examined above rather than operate as an independent moderator. We re-estimate Equation
(5) with the seven moderator-by-Death interactions added in three nested layers: tie strength
(regular and recent collaboration), professional standing (elite and senior coauthors), and
roles (same-institution, deceased first author, deceased last author). Table A.13 reports the
results. Across all four outcomes, both contrast coefficients are stable between the baseline
(column 1) and the fully joint specification (column 4), the largest movement being 0.009.
The close-by-Death coefficient retains significance at the five percent level or better in every
cell. The distant-by-Death coefficient retains its negative sign throughout and preserves the
Table 4 profile in every specification: significant at the one percent level in every column for
the unweighted count, significant at the five or ten percent level in every column for the top-50-
percentile outcome, and statistically null throughout for the JIF-weighted and top-85-percentile
outcomes. The moderating role of cognitive distance is therefore not absorbed by the seven
correlated dyadic dimensions. It operates as an independent moderator of the death-shock
response, in line with the channel-weight framework of Section 2.2.

Taken together, the heterogeneity patterns fall under the two interpretive mappings formal-
ized in Appendix C.5. The absorptive-capacity, collaboration-intensity, and authorship-role
patterns map onto shifts in the channel weights 𝑤𝑆 and 𝑤𝐶 : professional standing appears to
determine the direction of knowledge flows, collaboration intensity reflects the need for active
engagement to sustain both channels, and authorship role tracks how much the coauthor de-
pended on the star’s specific intellectual input. The institutional split engages both mappings.
The disappearance of the same-institution close-pair decline, which turns into a positive point
estimate for the most stringent quality measure, is captured by the competition-relief activation
mode, while match rarity inflates the complementarity weight 𝑤𝐶 for same-institution distant
pairs. The framework is one parsimonious interpretation, not the only one. The same patterns
could also reflect variation in the deceased scientists’ attributes across subgroups, or selection
of coauthors into subgroups on dimensions correlated with absorptive capacity. The value
of the decomposition is to organize the heterogeneity dimensions under a unified framework
rather than to identify the underlying channel weights.
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7 Discussion and Conclusion

Star scientists’ unexpected deaths produce two distinct productivity patterns in surviving
coauthors, each tracing a different channel of collaborative production. First, the loss of a
cognitively close partner severely damages the production of high-impact research, a finding
that is both statistically and economically significant. This suggests that knowledge spillovers,
which depend on a shared intellectual foundation, are a central input for high-quality research.
Second, for broader measures of research quantity, we find a non-monotonic relationship in
the pooled sample in which both cognitively close and distant coauthors are adversely affected
while coauthors at intermediate cognitive distance are resilient. The distant-tail decline repli-
cates across alternative bibliometric distance measures. This pattern points to the importance
of complementary expertise from distant partners in broadening the scope of research and
enabling novel combinations of ideas.

The U-shaped quantity loss in cognitive distance is the dyadic counterpart of the firm-
level exploitation-exploration tension in organizational learning (March, 1991; Nooteboom
et al., 2007). Extreme cognitive closeness, which facilitates exploitation of existing knowledge,
creates a dependency on spillovers that is vulnerable to disruption. Extreme cognitive distance,
which facilitates exploration, creates a reliance on a single source of complementary knowledge
that is difficult to substitute. Collaborations at a moderate cognitive distance appear to strike
a balance, benefiting from both mechanisms while mitigating the vulnerabilities of either
extreme. This balance allows for effective knowledge exchange without excessive redundancy
and supports innovation without prohibitive communication barriers.

Our heterogeneity analyses further indicate how the professional and organizational con-
text of a partnership moderates these mechanisms. The sensitivity of the loss to cognitive
distance is confined to less established coauthors, consistent with knowledge spillovers and
complementarities flowing primarily from elite and senior researchers to their less established
colleagues. Physical proximity cuts in opposite directions at the two tails: the release of
contested institutional resources can offset the close pairs’ spillover loss, while the rarity of
cognitively distant matches within the same institution deepens the complementarity loss. The
recency of collaboration suggests that the benefits of both spillovers and complementarities
require active engagement to be sustained, while established routines buffer regular collabo-
rators only on the margins where procedure can substitute for the lost partner’s input. Finally,
the muted response in dyads where the star consistently held the first or the last author role
points to partnerships embedded in larger research programs, in which the surviving coauthor
depends less on the star’s specific intellectual input.

These findings have important implications for science policy and the management of
research organizations. They caution against a “one-size-fits-all” approach to partnership
formation. Assembling groups of cognitively similar researchers may be effective for producing
high-impact work within an established paradigm, but doing so creates fragile dependencies.
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Conversely, fostering highly diverse partnerships may increase the breadth of research but leave
these partnerships vulnerable to the loss of unique, complementary members. Our results
suggest that a portfolio approach to collaboration may be most effective, with a particular
emphasis on moderately distant partnerships as a source of organizational resilience.

Our study has several limitations that also suggest avenues for future research. First, its
focus is exclusively on the life sciences. While this field provides a rich context for studying
collaboration, its norms may not be representative of all research domains, limiting the external
validity of our findings. Future research should therefore examine whether these patterns
generalize to other contexts, such as less collaborative fields (for instance, the humanities)
or nonacademic settings (for instance, corporate R&D). Second, the unexpected death of a
collaborator is a particularly severe shock, and future work could explore responses to less
severe shocks, such as a collaborator moving to another institution. Finally, we deploy the
cognitive distance index only in the setting of team dissolution. The index is broadly applicable,
however, and could be used to study not only the dissolution of teams but also their formation,
the diffusion of knowledge across different fields, and the structure of collaboration within
and between industry and academia.

By introducing a new, generalizable measure of cognitive distance into a natural experiment
framework, this paper shows that the causal impact of losing a collaborator is not uniform: it
varies systematically with the intellectual architecture of the partnership. Accounting for this
intellectual dimension is therefore essential for researchers, organizations, and policymakers
who seek to build collaborations that remain productive after the loss of key members.
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Figure 1: Dyadic Cognitive Distance between a Coauthor and a Deceased Scientist

Note: Figure 1 presents a histogram of the cognitive distance calculated for each coauthor-deceased scientist dyad in the
sample.
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Figure 2: Impact of the Unexpected Deaths of Scientists on the Research Output of Coauthors

Note: Figure 2 plots the research output of coauthors after the unexpected death of a prominent scientist against the percentile rankings of the cognitive distance between coauthors and deceased
scientists in the sample. The blue dots correspond to the coefficient estimates obtained through a conditional fixed effects QML Poisson model controlling for year fixed effects, career age fixed effects,
and interaction terms between a dummy variable for the “death” of the collaborator and indicators of the different percentile ranks of the cognitive distance between a coauthor and their deceased
collaborator. The 95% confidence interval (which corresponds to robust standard errors, clustered at the level of the deceased scientist) is illustrated by the dark blue vertical bars and their caps.
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Figure 3: Dynamics Underlying the Impact of the Unexpected Deaths of Scientists on the Research Output of Coauthors

Note: Figure 3 illustrates the dynamics underlying the impact of the unexpected death of scientists on the research output of their coauthors who are at the close or distant cognitive distances in each
year before and after the year of death, as compared to coauthors at the middle cognitive distance. The horizontal axis measures the number of years since the scientist’s unexpected death. The
plots connected by each solid line correspond to coefficient estimates drawn from conditional fixed-effects quasi-maximum likelihood Poisson regressions, in which context each dependent variable
representing a coauthor’s research output is regressed onto year fixed effects, career age effects, and interaction terms between indicators for the year relative to the year of the scientist’s unexpected
death and each indicator of a coauthor being sorted into the close-distance group (red-circle line) or the distant-distance group (purple-square line), respectively. The specification includes ten leads,
ten lags, and two endpoint indicators binning the years beyond ten in each direction; the twenty non-binned coefficients are plotted. Coauthors at a middle level of cognitive distance from the deceased
scientist serve as the reference group. The interaction terms for the coauthor group indicators and the year of death are omitted. The 95% confidence intervals (which correspond to robust standard
errors clustered at the level of the deceased scientist) are illustrated by the vertical bars and their caps (in red for the close-distance group and in purple for the distant-distance group).
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Figure 4: Heterogeneity-Robust Event-Study Estimates: BJS, dCDH, and Sun-Abraham

Note: Figure 4 overlays year-by-year coefficient estimates from three heterogeneity-robust difference-in-differences estimators: the imputation estimator of Borusyak et al. (2024) (navy circles), the
continuous-treatment estimator of de Chaisemartin and D’Haultfœuille (2026) (teal diamonds), and the interaction-weighted estimator of Sun and Abraham (2021) (burnt-orange triangles). Each panel
reports estimates for one of the four research output measures. The horizontal axis measures event time relative to the year of the deceased scientist’s death; the Sun-Abraham estimator omits the
reference period at 𝑡 = −1 by construction. Vertical bars depict 95% confidence intervals from standard errors clustered at the level of the deceased scientist. Numerical estimates are reported in Tables
A.1, A.2, and A.3.
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Figure 5: Heterogeneous Effects of Collaborator Death on Coauthor Productivity, by Subgroup

Note: Figure 5 plots the coefficient estimates and 95% confidence intervals for the interaction terms 𝐶𝑙𝑜𝑠𝑒 × 𝐷𝑒𝑎𝑡ℎ (red circles) and 𝐷𝑖𝑠𝑡𝑎𝑛𝑡 × 𝐷𝑒𝑎𝑡ℎ (purple squares) from a series of conditional
quasi-maximum likelihood Poisson regressions. Each panel represents a different dependent variable measuring the annual productivity of a coauthor of a deceased star scientist. The subgroups are
defined as follows: “Elite” coauthors are in the top decile of cumulative citations at the time of the star’s death. “Senior” coauthors have a greater career age than the star. “Same Inst.” indicates
both authors were at the same institution. “Recent” coauthors published with the star within three years prior to the death. “Regular” coauthors had more than five joint publications. “Deceased
First/Last” indicates the star was always the first or last author on collaborations with that specific coauthor. All specifications include coauthor-dyad fixed effects, publication year fixed effects, and
flexible controls for the coauthor’s career age interacted with their cognitive distance group. The reference group for each estimate is the set of coauthors at a middle-level cognitive distance from the
deceased star. Robust standard errors are clustered at the level of the deceased scientist.
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Table 1: Cognitive Distance vs. Alternative Proximity Measures

Measure Built from Strengths Limitations

Cognitive distance
(this paper)

Journal-to-journal
citation flows over the
Web of Science (WoS)
catalog, aggregated to the
researcher pair

Field-agnostic across the
WoS catalog; researcher-pair
construct; stable over time
because journal positioning
shifts slowly; broad dyadic
coverage

Coarsens within-journal het-
erogeneity; generalist outlets
such as Nature and Science
are absorbed into the journal-
similarity matrix; not article-
level

Idea-space overlap
(MeSH) (Azoulay
et al., 2010)

Shared MeSH terms on
PubMed papers

Article-level granularity;
controlled vocabulary sup-
ports retrospective term
stability

Biomedical-only; the con-
trolled vocabulary is itself
curated and contested; not
portable to non-Medline dis-
ciplines

Reference overlap
(Ahuja and Katila,
2001)

Overlap in cited
references between
publication or patent
portfolios

Article-level inputs; theoreti-
cally grounded in the recom-
binant search tradition

Highly endogenous to pub-
lication strategy; overlap be-
tween distant fields is me-
chanically near zero, limiting
resolution at high distance

Text-based distance
(Blei et al., 2003;
Kelly et al., 2021)

Document-term matrices
over abstracts or full text,
via topic models or
weighted term-overlap
similarity

Continuous and data-driven;
no a priori category list

Requires text access; mod-
eling choices such as topic
count and term weighting are
researcher degrees of free-
dom; measures drift with
corpus updates

Field-code overlap
(Borjas and Doran,
2012; Fafchamps
et al., 2010; Jaffe,
1986)

Assigned classification
codes (JEL codes, patent
classes, WoS subject
categories)

Inexpensive; precomputed;
widely understood

Coarse; codes evolve; inter-
field comparability is weak

Geographical
proximity (Agrawal
et al., 2008; Singh
and Marx, 2013)

Affiliation distance
(kilometers or
co-location)

Straightforward to mea-
sure; well-supported in the
localized-spillovers litera-
ture

Orthogonal to cognitive con-
tent; co-location is an increas-
ingly imperfect proxy for in-
teraction as remote collabora-
tion expands

Social proximity
(Singh, 2005; Singh
and Fleming, 2010)

Coauthorship history
and shared collaborators

Behavioral, observable, gran-
ular

Endogenous to outcomes,
since collaborators are simi-
lar by selection; difficult to
separate from cognitive prox-
imity (Boschma, 2005)

Notes: Rows 2 through 5 are alternative empirical implementations of cognitive proximity. Rows 6 and 7 cover the geographical
and social proximity dimensions of the Boschma (2005) typology that feature most often in the scientific-collaboration literature.
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Table 2: Summary Statistics for Deceased Scientists

Mean Median Std. Dev. Min. Max. Observations

Year of death 2000 2000 2.84 1995 2008 63
Year of first publication 1981 1980 2.85 1971 1990 63
Year of last publication 2004 2004 4.06 1995 2013 63
Career age 19 19 3.63 10 31 63
Cum. no. of publications 122 99 91.96 5 570 63
No. of cum. citations at the time of death 5497 3759 5490.02 59 25692 63
No. of citations by career age 280 197 269.24 5 1352 63
No. of coauthors 147 115 119.67 5 460 63

Note: The sample of deceased scientists contains 63 life scientists who passed away unexpectedly and prematurely between 1995 and 2008.
The first and last year of publication refer to the publication years of a scientist’s first and last academic paper. Career age is defined as the
difference between a scientist’s year of death and the year of his/her first publication in years. Cumulative number of publications refers
to the journal articles produced by a deceased scientist from 1980 onward that are indexed in our analysis extract; other Web of Science
document types (editorials, letters, biographical items) are excluded. The screening thresholds of Section 5.2 were applied to candidates’
complete Web of Science publication records at the identification stage, before these restrictions, so individual values reported here can
fall below those thresholds. Number of cumulative citations represents the total number of citations of the papers published by the de-
ceased scientist as of the year of death. Number of citations by career age indicates the number of cumulative citations of the work of a
deceased scientist at the time of death divided by his/her career age. Number of coauthors is defined as the total number of researchers
with whom a deceased scientist has coauthored published academic papers.
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Table 3: Summary Statistics for Coauthors in the Year of Deceased Scientists’ Death

All Coauthors Close-distance Coauthors Middle-distance Coauthors Distant-distance Coauthors

Mean S.D. Mean S.D. Mean S.D. Mean S.D.

Cognitive distance 0.62 0.16 0.46 0.11 0.69 0.06 0.86 0.05
No. of pubs in each pub year 3.27 3.24 3.00 3.13 3.55 3.37 3.16 3.03
Cum. no. of pubs 54.69 120.55 45.77 116.38 62.87 125.01 54.23 116.09
No. of JIF-weighted pubs in each pub year 10.99 15.32 12.23 17.52 11.01 14.30 7.49 10.54
Cum. no. of JIF-weighted pubs 184.15 544.93 186.26 605.69 198.69 534.33 133.15 366.46
No. of pubs abv 50th citation %ile in each pub year 2.31 2.51 2.20 2.40 2.52 2.69 1.97 2.19
Cum. no. of pubs above 50th citation %ile 39.07 91.73 33.39 87.55 45.46 97.96 35.09 81.36
No. of pubs abv 85th citation %ile in each pub year 1.05 1.39 1.06 1.37 1.13 1.48 0.78 1.10
Cum. no. of pubs above 85th citation %ile 17.79 46.92 15.88 44.58 20.77 51.31 13.87 37.51
Career age 13.99 6.43 12.78 6.41 14.74 6.16 15.06 6.77
Senior coauthor 0.08 0.28 0.07 0.26 0.09 0.29 0.09 0.28
No. of cumulative citations 1982.40 4046.60 1865.64 4269.22 2198.86 4077.36 1636.58 3185.37
No. of citations by career age 118.86 216.74 117.38 238.43 127.26 208.87 96.92 170.74
Elite coauthor 0.10 0.30 0.09 0.29 0.12 0.32 0.07 0.26
No. of collaborations 3.16 5.95 3.21 5.31 3.29 6.96 2.60 3.76
Regular coauthor 0.13 0.33 0.14 0.34 0.13 0.34 0.10 0.30
Recent coauthor 0.45 0.50 0.45 0.50 0.45 0.50 0.43 0.49
Same institute 0.10 0.31 0.09 0.29 0.11 0.31 0.14 0.34
Deceased first author 0.03 0.17 0.02 0.15 0.03 0.16 0.04 0.21
Deceased last author 0.21 0.41 0.19 0.39 0.22 0.41 0.26 0.44

Observations 9263 3751 4169 1343

Note: The sample of coauthors includes scientists who served as coauthors with the 63 deceased life scientists included in this research on academic papers published between
1980 and 2013. All variables are measured as of the deceased scientists’ death. Percentiles for citations are calculated based on the total citations of articles published in a given
year in the life sciences. Career age is defined as the difference between the deceased scientist’s year of death and the author’s year of first publication, in years. Senior coauthors
include individuals whose career age is greater than that of the deceased scientist at the time of death. The number of cumulative citations is calculated as the total number of
citations of the scientist’s papers by the year of their deceased coauthor’s death. The number of citations by career age refers to the total number of cumulative citations divided
by the scientist’s career age. Elite coauthors are defined as those whose number of cumulative citations ranks above the top 10th percentile of the full sample of coauthors. The
number of collaborations indicates the number of coauthored articles published by a coauthor-deceased scientist dyad between 1980 and 2013. Regular coauthors are defined as
those who collaborated with their deceased coauthor more than five times. Recent coauthors refer to those who published at least one collaboration within the three years before
their coauthor’s death. Same institution indicates that a coauthor and a deceased scientist worked at the same institution. Deceased first author indicates that the deceased scientist
was consistently listed as the first author on all joint publications with a given coauthor. Deceased last author indicates that the deceased scientist was consistently listed as the last
author on all joint publications with a given coauthor.
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Table 4: Impact of the Unexpected Deaths of Scientists on Coauthors’ Research Productivity

No. of Publications Distribution of Citations
Dependent Variable: Unweighted JIF-weighted 50th %ile of Cits 85th %ile of Cits

(1) (2) (3) (4) (5) (6) (7) (8)
main

Death −0.122 0.037 −0.476∗∗∗ 0.030 −0.238∗∗ 0.030 −0.247∗ −0.005
(0.115) (0.027) (0.181) (0.043) (0.116) (0.027) (0.137) (0.031)

Distance × Death 0.152 0.669∗∗ 0.319∗ 0.308∗
(0.159) (0.261) (0.163) (0.185)

Close × Death −0.118∗∗∗ −0.202∗∗∗ −0.143∗∗∗ −0.112∗∗∗
(0.044) (0.068) (0.041) (0.040)

Distant × Death −0.145∗∗∗ −0.036 −0.103∗∗ −0.040
(0.047) (0.061) (0.051) (0.057)

Log pseudo-likelihood -333342.1 -333153.9 -861489 -861036.7 -296243.1 -296136.3 -204420.5 -204395.6
No. of Observations 155294 155294 155294 155294 154895 154895 150256 150256

Note: Robust standard errors (shown in parentheses) are clustered at the level of the deceased scientist. The estimates are drawn from condi-
tional quasi-maximum likelihood Poisson specifications. Observations are made at the coauthor𝑖 -deceased scientist𝑗 -year𝑡 level. The dependent
variable of the models in columns (1) and (2) is the raw number of publications authored by a coauthor (of a deceased scientist) in the year of
observation. The dependent variable of the models in columns (3) and (4) is the number of JIF-weighted publications authored by a coauthor (of
a deceased scientist) in the year of observation. The dependent variable of the models in columns (5) and (6) is the number of papers authored
by a coauthor (of a deceased scientist) in a given year that rank above the 50th percentile of papers published that year in terms of total citations.
The dependent variable of the models in columns (7) and (8) is the number of papers authored by a coauthor (of a deceased scientist) in a given
year that rank above the 85th percentile of papers published that year in terms of total citations. All columns control for publication year dummy
variables, indicator variables for career age (year of publication minus year of first publication; career age zero is the omitted category), and the
interaction terms between the career age indicators and each covariate of interest. In columns (2), (4), (6), and (8), the reference group contains
coauthors at the middle level of cognitive distance from the deceased scientist. *Significant at the 10 percent level, **significant at the 5 percent
level, ***significant at the 1 percent level.
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Table 5: Robustness Check: No Publications of Deceased Scientists

No. of Publications Distribution of Citations
Dependent Variable: Unweighted JIF-weighted 50th %ile of Cits 85th %ile of Cits

(1) (2) (3) (4) (5) (6) (7) (8)

Death −0.081 0.076∗∗ −0.397∗∗ 0.077 −0.194∗ 0.080∗∗ −0.248∗∗ 0.058
(0.110) (0.030) (0.174) (0.047) (0.110) (0.032) (0.117) (0.041)

Distance × Death 0.144 0.625∗∗ 0.322∗∗ 0.403∗∗
(0.156) (0.258) (0.162) (0.173)

Close × Death −0.121∗∗∗ −0.192∗∗∗ −0.147∗∗∗ −0.123∗∗∗
(0.044) (0.065) (0.042) (0.045)

Distant × Death −0.131∗∗∗ −0.011 −0.089∗ −0.012
(0.043) (0.051) (0.046) (0.043)

Log pseudo-likelihood -317718.7 -317512.7 -816839.8 -815951.7 -281488.3 -281353.7 -192649 -192614.6
No. of Observations 146808 146808 146808 146808 146413 146413 141677 141677

Note: Robust standard errors (shown in parentheses) are clustered at the level of the deceased scientist. The estimates are drawn from condi-
tional quasi-maximum likelihood Poisson specifications. Observations are made at the coauthor𝑖 -deceased scientist𝑗 -year𝑡 level. The dependent
variable in columns (1) and (2) is the raw number of publications authored by a coauthor (of a deceased scientist) in the year of observation. The
dependent variable in columns (3) and (4) is the number of JIF-weighted publications authored by a coauthor (of a deceased scientist) in the year
of observation. The dependent variable in columns (5) and (6) is the number of papers authored by a coauthor (of a deceased scientist) in a given
year that rank above the 50th percentile of papers published that year in terms of total citations. The dependent variable in columns (7) and (8) is
the number of papers authored by a coauthor (of a deceased scientist) in a given year that rank above the 85th percentile of papers published that
year in terms of total citations. All columns control for publication year dummy variables, indicator variables for career age (year of publication
minus year of first publication; career age zero is the omitted category), and the interaction terms between the career age indicators and each
covariate of interest. In columns (2), (4), (6), and (8), the reference group contains coauthors at the middle level of cognitive distance from the
deceased scientist. *Significant at the 10 percent level, **significant at the 5 percent level, ***significant at the 1 percent level.

46



Table 6: Robustness Check: No Multiple Losses

No. of Publications Distribution of Citations
Dependent Variable: Unweighted JIF-weighted 50th %ile of Cits 85th %ile of Cits

(1) (2) (3) (4) (5) (6) (7) (8)

Death −0.078 0.033 −0.392∗∗∗ 0.024 −0.200∗∗ 0.027 −0.211∗ 0.001
(0.096) (0.030) (0.147) (0.047) (0.095) (0.030) (0.112) (0.039)

Distance × Death 0.105 0.569∗∗∗ 0.281∗∗ 0.277∗
(0.132) (0.212) (0.133) (0.153)

Close × Death −0.078∗ −0.148∗∗ −0.106∗∗∗ −0.086∗∗
(0.040) (0.059) (0.038) (0.043)

Distant × Death −0.105∗∗ −0.006 −0.064 −0.029
(0.041) (0.044) (0.046) (0.062)

Log pseudo-likelihood -289371.1 -289286.8 -716194.1 -715416.9 -255751.5 -255694.2 -173324.4 -173277.7
No. of Observations 143584 143584 143584 143584 143185 143185 138592 138592

Note: Robust standard errors (shown in parentheses) are clustered at the level of the deceased scientist. The estimates are drawn from condi-
tional quasi-maximum likelihood Poisson specifications. Observations are made at the coauthor𝑖 -deceased scientist𝑗 -year𝑡 level. The dependent
variable in columns (1) and (2) is the raw number of publications authored by a coauthor (of a deceased scientist) in the year of observation. The
dependent variable in columns (3) and (4) is the number of JIF-weighted publications authored by a coauthor (of a deceased scientist) in the year
of observation. The dependent variable in columns (5) and (6) is the number of papers authored by a coauthor (of a deceased scientist) in a given
year that rank above the 50th percentile of papers published that year in terms of total citations. The dependent variable in columns (7) and (8) is
the number of papers authored by a coauthor (of a deceased scientist) in a given year that rank above the 85th percentile of papers published that
year in terms of total citations. All columns control for publication year dummy variables, indicator variables for career age (year of publication
minus year of first publication; career age zero is the omitted category), and the interaction terms between the career age indicators and each
covariate of interest. In columns (2), (4), (6), and (8), the reference group contains coauthors at the middle level of cognitive distance from the
deceased scientist. *Significant at the 10 percent level, **significant at the 5 percent level, ***significant at the 1 percent level.
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Table 7: Robustness Check: Exclusion of Highly Cited Deceased Scientists

No. of Publications Distribution of Citations
Dependent Variable: Unweighted JIF-weighted 50th %ile of Cits 85th %ile of Cits

(1) (2) (3) (4) (5) (6) (7) (8)

Death −0.144 0.033 −0.506∗∗ 0.038 −0.266∗ 0.032 −0.272 0.005
(0.142) (0.029) (0.217) (0.048) (0.145) (0.029) (0.175) (0.034)

Distance × Death 0.165 0.705∗∗ 0.345∗ 0.338
(0.197) (0.310) (0.203) (0.236)

Close × Death −0.137∗∗∗ −0.222∗∗∗ −0.167∗∗∗ −0.143∗∗∗
(0.049) (0.071) (0.045) (0.044)

Distant × Death −0.141∗∗∗ −0.034 −0.101∗ −0.041
(0.050) (0.066) (0.057) (0.062)

Log pseudo-likelihood -274144.7 -273979.2 -708180.6 -707615.5 -242744.4 -242643.1 -166069.8 -166046.3
No. of Observations 126867 126867 126867 126867 126497 126497 122418 122418

Note: Robust standard errors (shown in parentheses) are clustered at the level of the deceased scientist. The estimates are drawn from condi-
tional quasi-maximum likelihood Poisson specifications. Observations are made at the coauthor𝑖 -deceased scientist𝑗 -year𝑡 level. The dependent
variable in columns (1) and (2) is the raw number of publications authored by a coauthor of a deceased scientist in the year of observation. The
dependent variable in columns (3) and (4) is the number of JIF-weighted publications authored by a coauthor of a deceased scientist in the year of
observation. The dependent variable in columns (5) and (6) is the number of papers authored by a coauthor of a deceased scientist in a given year
that rank above the 50th percentile of papers published that year in terms of total citations. The dependent variable in columns (7) and (8) is the
number of papers authored by a coauthor of a deceased scientist in a given year that rank above the 85th percentile of papers published that year
in terms of total citations. All columns control for publication year dummy variables, indicator variables for career age (year of publication minus
year of first publication; career age zero is the omitted category), and the interaction terms between the career age indicators and each covariate
of interest. In columns (2), (4), (6), and (8), the reference group contains coauthors at the middle level of cognitive distance from the deceased
scientist. *Significant at the 10 percent level, **significant at the 5 percent level, ***significant at the 1 percent level.
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Table 8: Robustness Check: Exclusion of the Most Popular Deceased Scientists

No. of Publications Distribution of Citations
Dependent Variable: Unweighted JIF-weighted 50th %ile of Cits 85th %ile of Cits

(1) (2) (3) (4) (5) (6) (7) (8)

Death −0.165∗ 0.029 −0.418∗∗∗ 0.023 −0.273∗∗∗ 0.022 −0.320∗∗∗ −0.023
(0.100) (0.031) (0.126) (0.054) (0.082) (0.032) (0.084) (0.036)

Distance × Death 0.224∗ 0.615∗∗∗ 0.381∗∗∗ 0.431∗∗∗
(0.132) (0.188) (0.111) (0.116)

Close × Death −0.099∗∗ −0.146∗∗ −0.120∗∗∗ −0.085∗
(0.048) (0.063) (0.045) (0.047)

Distant × Death −0.093∗ 0.012 −0.049 0.057
(0.052) (0.074) (0.055) (0.058)

Log pseudo-likelihood -235385.6 -235227.6 -620438.7 -620388.4 -208854.7 -208746 -143649.9 -143604.9
No. of Observations 109028 109028 109028 109028 108703 108703 105033 105033

Note: Robust standard errors (shown in parentheses) are clustered at the level of the deceased scientist. The estimates are drawn from condi-
tional quasi-maximum likelihood Poisson specifications. Observations are made at the coauthor𝑖 -deceased scientist𝑗 -year𝑡 level. The dependent
variable in columns (1) and (2) is the raw number of publications authored by a coauthor of a deceased scientist in the year of observation. The
dependent variable in columns (3) and (4) is the number of JIF-weighted publications authored by a coauthor of a deceased scientist in the year of
observation. The dependent variable in columns (5) and (6) is the number of papers authored by a coauthor of a deceased scientist in a given year
that rank above the 50th percentile of papers published that year in terms of total citations. The dependent variable in columns (7) and (8) is the
number of papers authored by a coauthor of a deceased scientist in a given year that rank above the 85th percentile of papers published that year
in terms of total citations. All columns control for publication year dummy variables, indicator variables for career age (year of publication minus
year of first publication; career age zero is the omitted category), and the interaction terms between the career age indicators and each covariate
of interest. In columns (2), (4), (6), and (8), the reference group contains coauthors at the middle level of cognitive distance from the deceased
scientist. *Significant at the 10 percent level, **significant at the 5 percent level, ***significant at the 1 percent level.
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A Supplementary Figures and Tables

Figure A.1 Distribution of Coauthorship Intensity
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Note: Histogram of the number of collaborations for the 9,263 coauthor-deceased scientist dyads in the sample.
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Figure A.2 Impact of the Unexpected Deaths of Scientists on the Research Output of Coauthors
(5-Percentile Resolution)
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Note: This figure replicates Figure 2 at 5-percentile bin resolution (20 bins instead of 10). Vertical dashed lines
mark the analytical cutoffs at the 40th and 85th percentiles used to define the cognitively close (0–40), middle-
distance (40–85), and distant (85–100) groups; both cutoffs sit at bin boundaries. The empirical specification,
sample, and 95% confidence-interval construction are identical to those in Figure 2.
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Figure A.3 Mean-Reversion Robustness: Dynamic Event-Study Estimates under the Active-Pair
and Top-Quartile Restrictions
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Note: Dynamic event-study coefficients on 𝐶𝑙𝑜𝑠𝑒 × 𝐷𝑒𝑎𝑡ℎ and 𝐷𝑖𝑠𝑡𝑎𝑛𝑡 × 𝐷𝑒𝑎𝑡ℎ across the four research
output measures defined in Table A.1, estimated on the Active-Pair subsample (dyads with strictly positive
pre-event total output for the relevant outcome). The static estimates for all three sample definitions, includ-
ing the headline (Base) sample and the Top-Quartile restriction, are reported in Table A.8. Vertical bars denote
95 percent confidence intervals; standard errors are clustered at the level of the deceased scientist. Section 6.2
discusses the results.
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Figure A.4 Subgroup Forest Plot: 𝐶𝑙𝑜𝑠𝑒 × 𝐷𝑒𝑎𝑡ℎ and 𝐷𝑖𝑠𝑡𝑎𝑛𝑡 × 𝐷𝑒𝑎𝑡ℎ Coefficients with 95%
Confidence Intervals
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Note: Forest plot of the seven subgroup-specific 𝐶𝑙𝑜𝑠𝑒 × 𝐷𝑒𝑎𝑡ℎ (navy circles) and 𝐷𝑖𝑠𝑡𝑎𝑛𝑡 × 𝐷𝑒𝑎𝑡ℎ (maroon
squares) coefficients across the four research output measures defined in Table A.1, shown with their 95 per-
cent confidence intervals. Within each row, asterisks next to the subgroup label denote rejection of the within-
row Wald test of 𝐻0 : 𝛽close = 𝛽distant, not the significance of the individual coefficients. Numerical estimates
of the gap and the corresponding Wald-test p-values are reported in Table A.11. *Significant at the 10 percent
level, **significant at the 5 percent level, ***significant at the 1 percent level.
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Figure A.5 Leave-One-Out Sensitivity: Excluding Each Deceased Scientist in Turn
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Note: Each panel plots the 63 leave-one-out estimates of the 𝐶𝑙𝑜𝑠𝑒 ×𝐷𝑒𝑎𝑡ℎ (red circles) and 𝐷𝑖𝑠𝑡𝑎𝑛𝑡 ×𝐷𝑒𝑎𝑡ℎ
(purple diamonds) coefficients from the categorical specification of Equation (5), obtained by excluding each
deceased scientist in turn; estimates are sorted by coefficient value within each series. Dashed horizontal lines
mark the full-sample estimates. Section 6.2 discusses the influence check and the cluster-jackknife (CV3) stan-
dard errors computed from these estimates.
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Table A.1: BJS Imputation Event-Study Estimates, Pooled Sample

(1) (2) (3) (4)
Unweighted JIF-weighted Top-85%ile Top-50%ile

𝑡 = 0 0.0718 0.3872 0.0430 0.1169
(0.0893) (0.3897) (0.0371) (0.0716)

𝑡 = +1 -0.1148 -0.7854 -0.0802 -0.0980
(0.1504) (0.6845) (0.0737) (0.1152)

𝑡 = +2 -0.3497 -1.2314 -0.1435∗∗ -0.3519∗∗
(0.2285) (0.7992) (0.0694) (0.1786)

𝑡 = +3 -0.2383 -1.3779 -0.1418 -0.2739
(0.2933) (1.2931) (0.1276) (0.2381)

𝑡 = +4 -0.5162∗ -2.0675∗ -0.1358∗ -0.4525∗∗
(0.3081) (1.0684) (0.0767) (0.2294)

𝑡 = +5 -0.6011∗∗ -2.8679∗∗ -0.1505 -0.5089∗∗
(0.2999) (1.1796) (0.1071) (0.2385)

𝑡 = +6 -0.8944∗∗∗ -3.4478∗∗∗ -0.2935∗∗∗ -0.8054∗∗∗
(0.3265) (1.2927) (0.1016) (0.2467)

𝑡 = +7 -0.6865∗ -2.6318∗∗ -0.1470 -0.5772∗∗
(0.3530) (1.3340) (0.1128) (0.2616)

𝑡 = +8 -0.7205∗∗ -2.8122∗∗ -0.1613 -0.6468∗∗∗
(0.3038) (1.1534) (0.0996) (0.2374)

𝑡 = +9 -0.8217∗∗ -4.0884∗∗ -0.3805∗ -0.7939∗∗
(0.4131) (1.9598) (0.1981) (0.3369)

𝑡 = +10 -1.4920∗∗∗ -5.1002∗∗∗ -0.2968∗∗∗ -1.2147∗∗∗
(0.4124) (1.1978) (0.1055) (0.2913)

𝑡 = −1 0.1520 3.6531 0.1502 0.2625
(0.3990) (2.5877) (0.1736) (0.3396)

𝑡 = −2 0.2496 4.1476 0.2488 0.3614
(0.3437) (2.6818) (0.1628) (0.2958)

𝑡 = −3 0.1954 2.8940 0.1217 0.2486
(0.2775) (1.9393) (0.1176) (0.2425)

𝑡 = −4 0.1767 1.9555 0.1520 0.2057
(0.1860) (1.3947) (0.0942) (0.1691)

𝑡 = −5 0.1014 1.2691 0.0867 0.1314
(0.1365) (1.0433) (0.0804) (0.1329)

𝑁 130478 130478 130478 130478

Note: Borusyak et al. (2024) imputation estimator applied to the binary-event
specification. Cohort is defined as the deceased scientist’s year of death. Co-
efficients at 𝑡 = 0 through 𝑡 = +10 report dynamic ATTs, and coefficients at
𝑡 = −1 through 𝑡 = −5 report pretrend placebos used to assess parallel trends.
The four columns show, respectively, the unweighted publication count, JIF-
weighted publications, the count of papers above the 85th citation percentile,
and the count above the 50th citation percentile. Standard errors (in parenthe-
ses) are clustered at the level of the deceased scientist. *Significant at the 10 per-
cent level, **significant at the 5 percent level, ***significant at the 1 percent level.
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Table A.2: dCDH Continuous-Treatment Event-Study Estimates

(1) (2) (3) (4)
Unweighted JIF-weighted Top-85%ile Top-50%ile

𝑡 = +1 -0.2801∗∗ -1.3717∗∗ -0.1626∗∗ -0.3075∗∗∗
(0.1134) (0.6184) (0.0711) (0.1077)

𝑡 = +2 -0.3869∗∗∗ -1.6393∗∗ -0.2049∗∗ -0.4565∗∗∗
(0.1324) (0.6821) (0.0835) (0.1290)

𝑡 = +3 -0.4218∗ -2.6534∗ -0.2506∗∗ -0.5635∗∗
(0.2412) (1.4292) (0.1256) (0.2538)

𝑡 = +4 -0.6553∗∗ -3.4744∗∗∗ -0.2368∗∗ -0.7638∗∗∗
(0.2595) (1.1826) (0.0979) (0.2087)

𝑡 = +5 -0.6278∗ -3.6960∗∗ -0.3252∗∗∗ -0.7425∗∗∗
(0.3382) (1.6886) (0.0877) (0.2711)

𝑡 = +6 -1.0888 -5.3319∗∗ -0.4025 -1.0040∗
(0.6895) (2.7157) (0.3285) (0.6021)

𝑡 = +7 -0.7728∗∗ -5.1266∗∗ -0.3860 -0.8374∗
(0.3680) (2.4109) (0.3883) (0.4473)

𝑡 = +8 -0.8043∗∗ -4.9900∗∗∗ -0.4199 -0.8423∗∗∗
(0.3397) (1.9003) (0.3512) (0.3097)

𝑡 = +9 -1.0512∗∗ -6.4854∗∗∗ -0.6567∗∗ -0.8951∗∗
(0.4459) (2.4364) (0.2838) (0.3664)

𝑡 = +10 -1.4892∗∗∗ -8.6886∗∗∗ -0.7098∗∗∗ -1.4438∗∗∗
(0.5121) (2.6379) (0.2466) (0.3922)

𝑡 = −1 -0.2194∗∗ -0.1396 -0.1071 -0.2240∗∗
(0.1108) (0.4602) (0.0657) (0.0923)

𝑡 = −2 -0.2230∗ 1.2708 0.0207 -0.1077
(0.1299) (0.8383) (0.0738) (0.1162)

𝑡 = −3 -0.2141∗ -0.3786 -0.2078 -0.3040
(0.1248) (0.5880) (0.1403) (0.1868)

𝑡 = −4 0.0667 -0.6283 0.0075 -0.1947
(0.1715) (0.8440) (0.0792) (0.1348)

𝑡 = −5 0.2706 -0.3508 0.1055 0.1585
(0.4397) (1.2372) (0.2400) (0.2916)

Average Total Effect -1.0104∗∗∗ -5.6499∗∗∗ -0.4915∗∗ -1.0883∗∗∗
(0.3433) (1.8113) (0.1945) (0.2945)

Joint nullity of effects (𝑝-value) 0.006 0.057 0.003 <0.001
Joint nullity of placebos (𝑝-value) 0.297 0.595 0.221 0.124

𝑁 155294 155294 155294 155294

Note: de Chaisemartin and D’Haultfœuille (2026) heterogeneity-robust estimator with continuous treatment
intensity defined as 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖 𝑗 ×𝐷𝑒𝑎𝑡ℎ 𝑗𝑡 . The table reports 10 post-event horizons (𝑡 = +1 through 𝑡 = +10),
5 placebo periods (𝑡 = −1 through 𝑡 = −5), the average total effect across all post-event periods, and the 𝑝-
values from tests of the joint nullity of the ten dynamic effects and of the five placebos. Because the treatment
indicator switches on in the year following death, the estimator’s first dynamic effect corresponds to event
time 𝑡 = +1 and no death-year (𝑡 = 0) effect is estimated. The four columns correspond to the four research
output measures defined in Table A.1. Standard errors (in parentheses) are clustered at the level of the de-
ceased scientist. The estimator is linear; the headline TWFE specifications in the main text are Poisson, so
the reported coefficients serve as directional checks on sign and significance. A sensitivity allowing regime-
specific nonparametric trends (trends_nonparam over the three cognitive-distance bands of Table A.4) returns
average total effects of −0.84∗∗, −5.29∗∗∗, −0.50∗∗∗, and −0.99∗∗∗ across columns (1) to (4); the placebo pattern is
qualitatively similar, with the 𝑡 = −1 lead remaining significant for the unweighted and top-50%ile outcomes
and the 𝑡 = −3 lead strengthening to significance at the five percent level for the same two outcomes. *Sig-
nificant at the 10 percent level, **significant at the 5 percent level, ***significant at the 1 percent level.
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Table A.3: Sun-Abraham Interaction-Weighted Estimates and Poisson Sensitivity

(1) (2) (3) (4) (5)
Unweighted JIF-weighted Top-85%ile Top-50%ile Unweighted (Poisson)

𝑡 = −5 0.4422∗ -0.2775 0.0917 0.2864 -0.0482
(0.2445) (0.6753) (0.1431) (0.2202) (0.0457)

𝑡 = −4 0.3570∗∗ 0.0342 0.1383 0.2363∗ -0.0105
(0.1580) (0.4981) (0.1033) (0.1431) (0.0306)

𝑡 = −3 0.2358∗∗ 0.2398 0.0336 0.1621∗ -0.0022
(0.1032) (0.3560) (0.0545) (0.0860) (0.0188)

𝑡 = −2 0.1453∗∗ 1.0970∗∗∗ 0.1496∗∗∗ 0.1547∗∗∗ 0.0040
(0.0598) (0.3963) (0.0465) (0.0513) (0.0182)

𝑡 = 0 0.1251 0.1505 0.0669∗∗ 0.1788∗∗∗ 0.0210
(0.0865) (0.2598) (0.0327) (0.0592) (0.0146)

𝑡 = +1 -0.0383 -0.7685∗ -0.0280 -0.0044 0.0037
(0.1064) (0.4461) (0.0779) (0.0949) (0.0235)

𝑡 = +2 -0.1009 -0.6789 -0.0458 -0.0922 -0.0265
(0.1062) (0.4208) (0.0673) (0.1025) (0.0289)

𝑡 = +3 -0.0139 -0.4106 -0.0646 -0.0293 -0.0307
(0.1299) (0.5507) (0.0736) (0.1217) (0.0361)

𝑡 = +4 -0.1721 -1.1744 -0.0914 -0.1712 -0.0539
(0.1763) (0.7660) (0.1004) (0.1601) (0.0416)

𝑡 = +5 -0.1740 -1.1877 -0.1149 -0.1806 -0.0820∗
(0.2108) (0.9313) (0.1030) (0.1840) (0.0480)

𝑡 = +6 -0.1285 -0.9775 -0.1686 -0.1669 -0.0935∗
(0.2126) (1.1269) (0.1148) (0.2017) (0.0528)

𝑡 = +7 -0.1277 -1.4430 -0.1736 -0.2240 -0.0999
(0.2209) (1.0887) (0.1098) (0.1933) (0.0670)

𝑡 = +8 -0.2161 -1.9110 -0.2577∗∗ -0.3122 -0.1331∗
(0.2398) (1.2930) (0.1245) (0.2135) (0.0776)

𝑡 = +9 -0.1763 -2.5397∗ -0.3561∗∗∗ -0.2881 -0.1553∗
(0.2681) (1.3500) (0.1200) (0.2360) (0.0858)

𝑡 = +10 -0.7371∗∗∗ -4.4689∗∗∗ -0.4269∗∗∗ -0.7747∗∗∗ -0.2415∗∗
(0.1335) (0.9193) (0.0765) (0.1213) (0.1183)

𝑁 155294 155294 155294 155294 155294

Note: Columns (1)–(4) report the Sun and Abraham (2021) interaction-weighted estimator implemented
via eventstudyinteract, applied to the four research output measures defined in Table A.1. The latest-
treated cohort serves as the comparison group because the within-treated design contains no never-treated
dyads. Column (5) reports a Poisson event-study sensitivity check estimated via the ppmlhdfe routine of
Correia et al. (2020) on the unweighted publication count, included as a count-data confirmation that the
heterogeneity-robust dynamics survive the Poisson link function used in the headline tables. The reference
period is event time −1, which is omitted from the table by construction. Visual overlays of the Borusyak
et al. (2024), de Chaisemartin and D’Haultfœuille (2026), and Sun and Abraham (2021) estimators are re-
ported in Figure 4. Standard errors (in parentheses) are clustered at the level of the deceased scientist.
*Significant at the 10 percent level, **significant at the 5 percent level, ***significant at the 1 percent level.
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Table A.4: BJS Imputation Event Studies by Distance Subsample

Close [0,40] Middle (40,85] Distant (85,100]
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Unwt IPF T85 T50 Unwt IPF T85 T50 Unwt IPF T85 T50
𝑡 = 0 -0.0854 0.4472 0.0016 0.0068 0.1832 0.2848 0.0405 0.1403 0.2967 0.5635 0.1351∗ 0.2691∗

(0.1783) (0.7264) (0.0598) (0.1253) (0.1465) (0.4876) (0.0670) (0.1341) (0.2232) (0.5621) (0.0795) (0.1556)
𝑡 = +1 -0.1772 -0.8596 -0.1094 -0.2466∗ -0.0780 -1.3304 -0.1589 -0.0726 -0.0160 0.5978 0.0710 0.1071

(0.2391) (0.9581) (0.0820) (0.1265) (0.2698) (1.2036) (0.1599) (0.2517) (0.2603) (0.7238) (0.0736) (0.1762)
𝑡 = +2 -0.5422∗ -1.8169∗ -0.2558∗∗∗ -0.5979∗∗∗ -0.2492 -1.4831 -0.1342 -0.3811 -0.2785 0.1161 -0.0211 -0.1136

(0.3257) (0.9768) (0.0656) (0.1418) (0.4060) (1.3978) (0.1436) (0.3914) (0.3580) (0.8871) (0.0787) (0.2358)
𝑡 = +3 -0.4861 -1.7855∗∗ -0.1810∗∗∗ -0.5082∗∗∗ 0.0504 -1.6445 -0.2725 -0.2169 0.0479 1.0448 0.1103 0.0837

(0.3643) (0.7662) (0.0624) (0.1204) (0.5425) (2.4676) (0.2961) (0.5077) (0.3632) (1.0156) (0.0910) (0.2460)
𝑡 = +4 -1.0848∗∗∗ -4.1586∗∗∗ -0.3466∗∗∗ -0.9441∗∗∗ 0.0235 -0.8388 -0.1116 -0.2060 0.2832 1.8516∗ 0.2199∗∗∗ 0.2445

(0.3942) (0.7465) (0.0573) (0.1305) (0.5565) (2.1226) (0.1777) (0.5066) (0.3645) (0.9663) (0.0794) (0.2340)
𝑡 = +5 -1.6500∗∗∗ -6.5146∗∗∗ -0.4581∗∗∗ -1.2843∗∗∗ 0.3469 -0.6464 -0.0969 -0.0764 0.5699 2.9184∗∗∗ 0.2730∗∗∗ 0.3498

(0.3469) (0.8851) (0.0744) (0.1479) (0.5306) (2.0695) (0.2297) (0.4994) (0.3495) (1.0900) (0.1023) (0.2382)
𝑡 = +6 -1.8954∗∗∗ -7.1196∗∗∗ -0.5357∗∗∗ -1.4576∗∗∗ -0.0223 -2.2358 -0.4322 -0.4914 -0.1716 2.2802 0.2491∗∗ 0.1042

(0.3296) (0.8558) (0.0807) (0.1649) (0.6764) (2.9754) (0.3076) (0.6161) (0.4774) (1.4358) (0.1146) (0.3334)
𝑡 = +7 -2.1086∗∗∗ -7.6635∗∗∗ -0.3841∗∗∗ -1.4958∗∗∗ 0.3901 0.2432 -0.0663 -0.1169 0.7036 4.1245∗∗∗ 0.2733∗ 0.5723

(0.4222) (1.4213) (0.1330) (0.2495) (0.7159) (2.7499) (0.1934) (0.6283) (0.4986) (1.5327) (0.1509) (0.3496)
𝑡 = +8 -2.2745∗∗∗ -9.2851∗∗∗ -0.6338∗∗∗ -1.7805∗∗∗ 1.1957∗∗ 2.3585 0.0251 0.3620 0.6741 6.1238∗∗∗ 0.5091∗∗∗ 0.6413∗∗

(0.4622) (1.2056) (0.1578) (0.2334) (0.4905) (1.8535) (0.1706) (0.4430) (0.4440) (1.5947) (0.1484) (0.3146)
𝑡 = +9 -1.4117∗∗∗ -6.6676∗∗∗ -0.6369∗∗∗ -1.2712∗∗∗ 0.8276 0.2038 -0.2833 0.0880 0.9736∗∗∗ 4.9579∗∗∗ 0.1272 0.7153∗∗∗

(0.4619) (1.2731) (0.1716) (0.2602) (0.6078) (2.6257) (0.2680) (0.5197) (0.3474) (1.1468) (0.1120) (0.2296)
𝑡 = +10 -2.3276∗∗∗ -10.0344∗∗∗ -0.8055∗∗∗ -2.0044∗∗∗ -0.1539 -1.2208 -0.3306∗∗ -0.5560 0.9082∗∗ 8.6057∗∗∗ 1.1149∗∗∗ 0.8048∗∗∗

(0.7770) (1.2873) (0.1587) (0.4050) (0.6109) (2.2728) (0.1301) (0.5337) (0.3803) (0.8396) (0.0765) (0.2363)
𝑡 = −1 0.3549 8.9653∗∗ 0.3849 0.5544 0.1347 0.4724 -0.0170 0.1135 -0.3857 -1.5056 0.0145 -0.1616

(0.6898) (4.4253) (0.2539) (0.5500) (0.4758) (1.7797) (0.2310) (0.4128) (0.5512) (1.2377) (0.1490) (0.3079)
𝑡 = −2 0.4211 9.3796∗ 0.3888 0.6091 0.1713 0.8159 0.1598 0.2224 -0.0243 -0.3267 0.1284 0.0939

(0.6482) (4.8449) (0.2452) (0.5268) (0.3520) (1.4086) (0.1912) (0.3167) (0.3974) (0.8762) (0.1991) (0.2519)
𝑡 = −3 0.3825 7.2369∗∗ 0.2675 0.5093 0.1450 0.2085 -0.0040 0.0845 -0.2281 -1.0621 0.0039 -0.1361

(0.5039) (3.3921) (0.1731) (0.4039) (0.2900) (1.1809) (0.1490) (0.2648) (0.3141) (0.7847) (0.1044) (0.2020)
𝑡 = −4 0.4023 5.0064∗∗ 0.3389∗∗ 0.4692 0.1381 0.1375 0.0129 0.0863 -0.1767 -0.6087 0.0612 -0.1258

(0.3400) (2.4996) (0.1513) (0.2965) (0.1901) (0.7997) (0.1049) (0.1674) (0.2548) (0.6157) (0.1063) (0.1900)
𝑡 = −5 0.2813 3.4289∗ 0.1720 0.3033 0.0358 -0.3104 0.0277 0.0473 -0.0992 0.3737 0.0632 -0.0565

(0.2545) (1.9268) (0.1346) (0.2342) (0.1391) (0.6446) (0.0890) (0.1315) (0.1631) (0.6374) (0.0776) (0.1517)
𝑁 48106 48106 48106 48106 63847 63847 63847 63847 18525 18525 18525 18525

Note: BJS imputation estimator applied separately to dyads in each cognitive-distance band. Columns (1)–(4) cover the close band (0–40th percentiles), columns (5)–(8) the middle band
(40–85th percentiles), and columns (9)–(12) the distant band (85–100th percentiles). Within each band the four columns correspond to the unweighted publication count, JIF-weighted publi-
cations, the count of papers above the 85th citation percentile, and the count above the 50th citation percentile. Cohort, horizon, and clustering definitions are as in Table A.1. *Significant at
the 10 percent level, **significant at the 5 percent level, ***significant at the 1 percent level.
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Table A.5: Robustness Check: Non-Leave-Out Index of Cognitive Distance

No. of Publications Distribution of Citations
Dependent Variable: Unweighted JIF-weighted 50th %ile of Cits 85th %ile of Cits

(1) (2) (3) (4) (5) (6) (7) (8)

Death −0.096 0.027 −0.480∗∗∗ 0.027 −0.227∗ 0.014 −0.264∗ −0.018
(0.115) (0.028) (0.178) (0.048) (0.118) (0.029) (0.146) (0.035)

Distance × Death 0.113 0.680∗∗∗ 0.302∗ 0.335∗
(0.160) (0.260) (0.167) (0.200)

Close × Death −0.093∗∗ −0.197∗∗∗ −0.109∗∗∗ −0.089∗
(0.043) (0.071) (0.042) (0.051)

Distant × Death −0.111∗∗∗ −0.014 −0.061 −0.003
(0.040) (0.058) (0.047) (0.055)

Log pseudo-likelihood -335749.9 -335684 -865867.6 -866596.2 -298282.3 -298288.3 -205761.5 -205811.5
No. of Observations 157336 157336 157336 157336 156918 156918 152033 152033

Note: Robust standard errors (shown in parentheses) are clustered at the level of the deceased scientist. The estimates are drawn from condi-
tional quasi-maximum likelihood Poisson specifications. Observations are made at the coauthor𝑖 -deceased scientist𝑗 -year𝑡 level. The dependent
variable of the models in columns (1) and (2) is the raw number of publications authored by a coauthor (of a deceased scientist) in the year of
observation. The dependent variable of the models in columns (3) and (4) is the number of JIF-weighted publications authored by a coauthor (of
a deceased scientist) in the year of observation. The dependent variable of the models in columns (5) and (6) is the number of papers authored
by a coauthor (of a deceased scientist) in a given year that rank above the 50th percentile of papers published that year in terms of total citations.
The dependent variable of the models in columns (7) and (8) is the number of papers authored by a coauthor (of a deceased scientist) in a given
year that rank above the 85th percentile of papers published that year in terms of total citations. All columns control for publication year dummy
variables, indicator variables for career age (year of publication minus year of first publication; career age zero is the omitted category), and the
interaction terms between the career age indicators and each covariate of interest. In columns (2), (4), (6), and (8), the reference group contains
coauthors at the middle level of cognitive distance from the deceased scientist. *Significant at the 10 percent level, **significant at the 5 percent
level, ***significant at the 1 percent level.
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Table A.6: Robustness Check: Alternative Bibliometric Distance Measures

No. of Publications Distribution of Citations
Dependent Variable: Unweighted JIF-weighted 50th %ile of Cits 85th %ile of Cits

Panel A: Production leave-out cognitive distance (baseline specification)

Death 0.037 0.030 0.030 −0.005
(0.027) (0.043) (0.027) (0.031)

Close × Death −0.118∗∗∗ −0.202∗∗∗ −0.143∗∗∗ −0.112∗∗∗
(0.044) (0.068) (0.041) (0.040)

Distant × Death −0.145∗∗∗ −0.036 −0.103∗∗ −0.040
(0.047) (0.061) (0.051) (0.057)

Log pseudo-likelihood -333153.9 -861036.7 -296136.3 -204395.6
No. of Observations 155294 155294 154895 150256

Panel B: WoS-restricted reference cosine similarity

Death 0.002 −0.007 0.004 −0.019
(0.028) (0.040) (0.029) (0.037)

Close × Death −0.032 −0.092 −0.061 −0.055
(0.038) (0.067) (0.042) (0.043)

Distant × Death −0.089∗ −0.058 −0.089∗ −0.071
(0.046) (0.054) (0.047) (0.050)

Log pseudo-likelihood -333423.1 -867473.9 -296369.3 -204520.7
No. of Observations 155287 155287 154888 150256

Panel C: Soft cosine similarity

Death 0.023 0.002 0.015 −0.027
(0.028) (0.037) (0.029) (0.035)

Close × Death −0.063 −0.107 −0.081∗ −0.040
(0.042) (0.066) (0.043) (0.047)

Distant × Death −0.154∗∗∗ −0.071 −0.114∗∗ −0.053
(0.041) (0.064) (0.046) (0.065)

Log pseudo-likelihood -333367.9 -866186.9 -296332.2 -204502
No. of Observations 155294 155294 154895 150256

Panel D: Direct citation overlap

Death −0.028 −0.041 −0.038 −0.037
(0.029) (0.038) (0.026) (0.035)

Close × Death 0.039 −0.028 0.034 −0.035
(0.033) (0.059) (0.034) (0.036)

Distant × Death −0.070∗ −0.025 −0.051 −0.024
(0.037) (0.044) (0.040) (0.052)

Log pseudo-likelihood -315328.5 -828308.8 -280981.4 -195397.8
No. of Observations 141599 141599 141515 139037

Note: Robustness of the headline categorical specification (Equation (5)) under four cognitive-distance measures: the production leave-out dis-
tance in Panel A and three alternatives in Panels B–D. Panel A reproduces the production specification using the leave-out journal-citation-flow
distance (matches Table 4 columns 2, 4, 6, 8). Panels B–D substitute the production distance with three bibliometric similarity measures con-
structed at the dyad level: a WoS-restricted reference cosine similarity, a soft cosine similarity over reference vectors, and a direct citation overlap
measure (Section 6.2 defines the measures). For each alternative, the dyad-level distance distribution is percentile-ranked separately, and the close,
middle, and distant indicators are assigned using the same percentile cutoffs as the production specification (close at or below the 40th percentile,
distant at or above the 85th percentile, middle in between). All columns retain the production estimator (conditional quasi-maximum likelihood
Poisson with pair fixed effects), the production controls (publication-year dummies, fourteen career-age indicators, and full distance-by-career-age
interactions), and standard errors clustered at the level of the deceased scientist. Pairwise dyad-level Pearson correlations between the leave-out
distance and the alternative measures are 0.66, 0.78, and 0.12 for Panels B, C, and D, respectively. Section 6.2 discusses the results, including
the misclassification calibration that interprets the cross-panel differences. *Significant at the 10 percent level, **significant at the 5 percent level,
***significant at the 1 percent level.
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Table A.7: Robustness Check: OLS

No. of Publications Distribution of Citations
Dependent Variable: Unweighted JIF-weighted 50th %ile of Cits 85th %ile of Cits

(1) (2) (3) (4) (5) (6) (7) (8)

Death −0.088 0.001 −0.318∗ −0.015 −0.166∗∗ 0.006 −0.110∗∗ −0.009
(0.098) (0.026) (0.190) (0.035) (0.072) (0.019) (0.054) (0.016)

Distance × Death 0.080 0.387 0.211∗∗ 0.121∗
(0.142) (0.279) (0.104) (0.071)

Close × Death −0.069∗ −0.144∗∗ −0.083∗∗∗ −0.051∗∗∗
(0.037) (0.058) (0.027) (0.017)

Distant × Death −0.095∗∗∗ −0.017 −0.050∗ −0.033
(0.033) (0.049) (0.030) (0.024)

R2 0.09 0.09 0.10 0.10 0.06 0.06 0.03 0.03
No. of Observations 155294 155294 155294 155294 155294 155294 155294 155294

Note: Robust standard errors (shown in parentheses) are clustered at the level of the deceased scientist. The estimates are drawn from coauthor-
deceased author pairwise fixed effect specifications. Observations are made at the coauthor𝑖 -deceased scientist𝑗 -year𝑡 level. The dependent
variable of the models in columns (1) and (2) is the raw number of publications authored by a coauthor (of a deceased scientist) in the year of
observation. The dependent variable of the models in columns (3) and (4) is the number of JIF-weighted publications authored by a coauthor (of
a deceased scientist) in the year of observation. The dependent variables in columns (1) to (4) are measured in logarithmic form. The dependent
variable of the models in columns (5) and (6) is the number of papers authored by a coauthor (of a deceased scientist) in a given year that rank
above the 50th percentile of papers published that year in terms of total citations. The dependent variable of the models in columns (7) and (8)
is the number of papers authored by a coauthor (of a deceased scientist) in a given year that rank above the 85th percentile of papers published
that year in terms of total citations. The dependent variables in columns (5) to (8) are measured in log(𝑥 + 1) form. All columns control for publi-
cation year dummy variables, indicator variables for career age (year of publication minus year of first publication; career age zero is the omitted
category), and the interaction terms between the career age indicators and each covariate of interest. In columns (2), (4), (6), and (8), the reference
group contains coauthors at the middle level of cognitive distance from the deceased scientist. *Significant at the 10 percent level, **significant at
the 5 percent level, ***significant at the 1 percent level.
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Table A.8: Mean-Reversion Robustness: Active-Pair and Top-Quartile Pre-Period Intensity Restrictions

Unweighted JIF-weighted Top-85%ile Top-50%ile
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Base Act. TopQ Base Act. TopQ Base Act. TopQ Base Act. TopQ
Death 0.0370 0.0378 0.0153 0.0298 0.0308 -0.0045 -0.0052 -0.0109 -0.0529 0.0302 0.0313 -0.0072

(0.0272) (0.0272) (0.0303) (0.0432) (0.0432) (0.0472) (0.0306) (0.0309) (0.0366) (0.0268) (0.0266) (0.0340)
Close × Death -0.1184∗∗∗ -0.1193∗∗∗ -0.1580∗∗∗ -0.2022∗∗∗ -0.2032∗∗∗ -0.2265∗∗∗ -0.1115∗∗∗ -0.1080∗∗∗ -0.1707∗∗∗ -0.1434∗∗∗ -0.1444∗∗∗ -0.1820∗∗∗

(0.0438) (0.0438) (0.0568) (0.0675) (0.0676) (0.0812) (0.0402) (0.0413) (0.0612) (0.0409) (0.0410) (0.0538)
Distant × Death -0.1451∗∗∗ -0.1451∗∗∗ -0.1575∗∗ -0.0361 -0.0360 -0.0500 -0.0404 -0.0495 -0.0442 -0.1029∗∗ -0.1049∗∗ -0.1022

(0.0474) (0.0475) (0.0637) (0.0613) (0.0612) (0.1185) (0.0565) (0.0566) (0.0741) (0.0510) (0.0508) (0.0665)
𝑁 155294 154936 62055 155294 154936 56211 150256 145056 47690 154895 153936 59954

Note: Mean-reversion robustness check applied to the headline Equation (5) specification across four research output measures: the unweighted publication count, JIF-weighted publica-
tions, the count of papers above the 85th citation percentile, and the count above the 50th citation percentile. Within each three-column outcome block, the columns labeled Base, Act., and
TopQ correspond, respectively, to the full sample (which reproduces the corresponding columns of Table 4), the Active-Pair restriction (dyads with strictly positive pre-event total output
for the relevant outcome), and the Top-Quartile restriction (dyads in the top quartile of pre-event mean output for the relevant outcome, computed among the active dyads). Section 6.2
describes the mean-reversion logic and discusses the results. Estimates are drawn from conditional quasi-maximum likelihood Poisson specifications. Standard errors (in parentheses) are
clustered at the level of the deceased scientist. *Significant at the 10 percent level, **significant at the 5 percent level, ***significant at the 1 percent level.
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Table A.9: Robustness Check: Rectangular Panel with Zero-Output Years Filled

No. of Publications Distribution of Citations
Dependent Variable: Unweighted JIF-weighted 50th %ile of Cits 85th %ile of Cits

(1) (2) (3) (4) (5) (6) (7) (8)

Death −0.134 0.023 −0.494∗∗ 0.020 −0.243∗ 0.015 −0.242 −0.020
(0.134) (0.032) (0.199) (0.046) (0.137) (0.032) (0.163) (0.034)

Distance × Death 0.141 0.671∗∗ 0.294 0.268
(0.191) (0.290) (0.199) (0.227)

Close × Death −0.127∗∗ −0.214∗∗∗ −0.151∗∗∗ −0.117∗∗
(0.051) (0.075) (0.049) (0.049)

Distant × Death −0.165∗∗∗ −0.055 −0.124∗∗ −0.065
(0.057) (0.065) (0.061) (0.067)

Log pseudo-likelihood -413494.7 -413279 -1104561 -1104043 -351003.5 -350877.7 -228343.3 -228305
No. of Observations 199118 199118 199118 199118 198270 198270 189561 189561

Note: Re-estimation of the Table 4 specifications on a rectangular panel in which every interior zero-output year between a coauthor’s first and last
observed publication year enters as an explicit zero-count row (43,824 filled zeros, 22 percent of the resulting panel). Years after the last observed
publication are excluded because exit from the Web of Science sample cannot be distinguished from exit from research. The share of filled zero
years is 23, 20, and 25 percent in the close, middle, and distant bands, respectively, and is slightly lower after the death year in all three bands.
Column structure, controls, and clustering follow Table 4: odd columns report the continuous specification of Equation (4) and even columns
the categorical specification of Equation (5), with the middle-distance group as the reference category; all columns control for publication year
dummies and career-age indicators interacted with the covariates of interest. Robust standard errors (in parentheses) are clustered at the level of
the deceased scientist. *Significant at the 10 percent level, **significant at the 5 percent level, ***significant at the 1 percent level.
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Table A.10: Poisson Event Studies by Distance Subsample

Close [0,40] Middle (40,85] Distant (85,100]
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Unwt IPF T85 T50 Unwt IPF T85 T50 Unwt IPF T85 T50
𝑡 ≤ −6 -0.1121 -0.2066∗∗ -0.1536∗ -0.1457 -0.0223 0.0075 0.0306 -0.0271 0.0350 0.0265 -0.0539 0.0076

(0.0901) (0.1037) (0.0889) (0.0962) (0.0623) (0.0946) (0.1152) (0.0771) (0.0894) (0.1210) (0.1270) (0.0791)
𝑡 = −5 -0.0581 -0.1232∗∗ -0.0610 -0.0685 -0.0136 -0.0185 0.0482 -0.0107 0.0395 0.1087 0.0236 0.0114

(0.0614) (0.0581) (0.0722) (0.0670) (0.0491) (0.0687) (0.0939) (0.0620) (0.0728) (0.1240) (0.1148) (0.0764)
𝑡 = −4 -0.0307 -0.0950∗ 0.0095 -0.0379 0.0027 0.0106 0.0436 0.0016 0.0255 0.0560 0.0561 -0.0024

(0.0455) (0.0513) (0.0816) (0.0513) (0.0440) (0.0601) (0.0775) (0.0525) (0.0571) (0.0864) (0.0671) (0.0584)
𝑡 = −3 -0.0261 -0.0221 -0.0502 -0.0218 0.0052 -0.0004 0.0194 0.0020 0.0360 0.0194 -0.0298 0.0059

(0.0285) (0.0365) (0.0489) (0.0316) (0.0306) (0.0431) (0.0558) (0.0373) (0.0453) (0.0604) (0.0777) (0.0470)
𝑡 = −2 -0.0145 0.0247 0.0050 -0.0070 0.0002 0.0311 0.1257∗∗ 0.0286 0.0523 0.0925∗∗ 0.0849 0.0722

(0.0215) (0.0489) (0.0371) (0.0249) (0.0272) (0.0351) (0.0637) (0.0324) (0.0438) (0.0447) (0.0801) (0.0489)
𝑡 = 0 0.0021 -0.0262 -0.0290 -0.0002 0.0267 0.0027 0.0417 0.0420∗∗ 0.0290 0.0529 0.0961 0.0606

(0.0288) (0.0306) (0.0340) (0.0302) (0.0179) (0.0234) (0.0312) (0.0206) (0.0324) (0.0435) (0.0725) (0.0392)
𝑡 = +1 0.0004 -0.0718 -0.0236 -0.0330 0.0024 -0.0416 0.0067 0.0206 -0.0153 0.0588 0.0458 0.0232

(0.0443) (0.0508) (0.0762) (0.0399) (0.0303) (0.0373) (0.0390) (0.0325) (0.0425) (0.0511) (0.0684) (0.0399)
𝑡 = +2 -0.0740 -0.1263∗ -0.1247∗ -0.1260∗∗ 0.0121 -0.0594 -0.0314 0.0038 -0.0753 0.0226 -0.0334 -0.0502

(0.0606) (0.0668) (0.0651) (0.0537) (0.0352) (0.0427) (0.0398) (0.0361) (0.0668) (0.0845) (0.0868) (0.0634)
𝑡 = +3 -0.0403 -0.1113 -0.0742 -0.0807 -0.0201 -0.0981 -0.0660 -0.0315 -0.0925 0.0233 0.0140 -0.0413

(0.0744) (0.0842) (0.0755) (0.0675) (0.0536) (0.0606) (0.0580) (0.0598) (0.0808) (0.1067) (0.0966) (0.0871)
𝑡 = +4 -0.1035 -0.1863∗ -0.1281 -0.1311 -0.0259 -0.1215∗ -0.0943 -0.0325 -0.0852 0.0215 0.0736 -0.0128

(0.0888) (0.1009) (0.0913) (0.0863) (0.0637) (0.0727) (0.0733) (0.0712) (0.0948) (0.1494) (0.1221) (0.0880)
𝑡 = +5 -0.1756∗ -0.2648∗∗ -0.2042∗ -0.2168∗∗ -0.0440 -0.1395 -0.1127 -0.0578 -0.0729 0.0813 0.0850 -0.0117

(0.0965) (0.1100) (0.1097) (0.0946) (0.0820) (0.0890) (0.0925) (0.0889) (0.1115) (0.1487) (0.1224) (0.0985)
𝑡 = +6 -0.1535 -0.2463∗∗ -0.2254∗ -0.1863∗ -0.0711 -0.1796∗ -0.1778 -0.0953 -0.1128 0.1051 0.1120 -0.0108

(0.1054) (0.1245) (0.1311) (0.1068) (0.0937) (0.1019) (0.1198) (0.1037) (0.1365) (0.1930) (0.1661) (0.1273)
𝑡 = +7 -0.1600 -0.2746∗∗ -0.1901 -0.2034 -0.0754 -0.2115 -0.1871 -0.1096 -0.1321 0.0333 0.0425 -0.0362

(0.1181) (0.1385) (0.1489) (0.1241) (0.1223) (0.1373) (0.1349) (0.1358) (0.1586) (0.2133) (0.2041) (0.1477)
𝑡 = +8 -0.1763 -0.3256∗∗ -0.2905∗ -0.2399∗ -0.1148 -0.2681∗ -0.2230 -0.1483 -0.1950 0.0317 0.0093 -0.0903

(0.1259) (0.1510) (0.1640) (0.1371) (0.1416) (0.1627) (0.1528) (0.1539) (0.1757) (0.2352) (0.2079) (0.1679)
𝑡 = +9 -0.1851 -0.3662∗∗ -0.3188∗ -0.2542∗ -0.1644 -0.3655∗ -0.3106∗ -0.2020 -0.1827 0.0290 -0.0493 -0.0823

(0.1326) (0.1560) (0.1802) (0.1484) (0.1645) (0.1973) (0.1847) (0.1803) (0.1830) (0.2495) (0.2112) (0.1662)
𝑡 = +10 -0.2238 -0.3970∗∗ -0.3137 -0.2966∗ -0.2258 -0.4537∗ -0.3629∗ -0.2747 -0.1851 0.0885 0.0924 -0.0723

(0.1436) (0.1693) (0.1939) (0.1627) (0.1918) (0.2437) (0.2179) (0.2112) (0.1971) (0.2825) (0.2626) (0.1826)
𝑡 ≥ +11 -0.3036 -0.4947∗∗ -0.4429 -0.4164∗ -0.2705 -0.5058∗ -0.3944 -0.3231 -0.2657 0.0220 -0.0766 -0.1753

(0.1863) (0.2206) (0.2718) (0.2196) (0.2360) (0.3073) (0.2673) (0.2615) (0.2328) (0.3311) (0.2886) (0.2211)
Joint pretrend 𝑝 (leads -5 to -2) 0.888 0.191 0.228 0.872 0.846 0.720 0.036 0.802 0.774 0.104 0.625 0.366
No. of Observations 57639 57639 56076 57531 75798 75798 73679 75622 21857 21857 20501 21742

Note: Fixed-effects Poisson event studies estimated separately on each cognitive-distance band via ppmlhdfe, with dyad and publication-year fixed effects: the count-data counterpart of the linear BJS estimates
in Table A.4 and the band-level analogue of the pooled Poisson sensitivity in Table A.3. Event-time dummies are binned at 𝑡 ≤ −6 and 𝑡 ≥ +11, with 𝑡 = −1 as the reference period. Columns (1)–(4) cover
the close band (0–40th percentiles), columns (5)–(8) the middle band (40–85th percentiles), and columns (9)–(12) the distant band (85–100th percentiles); within each band the four columns correspond to the
unweighted publication count, JIF-weighted publications, the count of papers above the 85th citation percentile, and the count above the 50th citation percentile. The joint pretrend row reports the p-value of
the Wald test that the four non-binned leads are jointly zero; the middle-band top-85%ile cell rejects at the five percent level (p = 0.036), the only rejection among the twelve cells, within the expected false-
rejection rate at this significance level. Section 6.3 discusses the results. Standard errors (in parentheses) are clustered at the level of the deceased scientist. *Significant at the 10 percent level, **significant at
the 5 percent level, ***significant at the 1 percent level.
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Table A.11: Within-Subgroup Tests of Equality Between Close and Distant Coefficients

Unweighted JIF-weighted Top-85%ile Top-50%ile

Elite vs Non-elite -0.0543 -0.1417 -0.0923 -0.0689
(0.1595) (0.2201) (0.1347) (0.1382)
[0.734] [0.520] [0.493] [0.618]

Senior vs Junior -0.1549 -0.2322 -0.1648 -0.1664
(0.2011) (0.2340) (0.1920) (0.2016)
[0.441] [0.321] [0.391] [0.409]

Same vs Different Inst. 0.3786∗∗∗ 0.3329 0.4070∗∗ 0.3889∗∗
(0.1269) (0.2299) (0.1669) (0.1595)
[0.003] [0.148] [0.015] [0.015]

Recent vs Former 0.0121 -0.2319∗∗ -0.1126 -0.0701
(0.0764) (0.1029) (0.1036) (0.0774)
[0.874] [0.024] [0.277] [0.365]

Regular vs Infrequent -0.0559 -0.2142 0.0536 -0.0217
(0.1074) (0.1538) (0.1276) (0.1037)
[0.603] [0.164] [0.674] [0.834]

Deceased First vs Non-first -0.1239 0.0847 0.1351 -0.1277
(0.1648) (0.2045) (0.2435) (0.1837)
[0.452] [0.679] [0.579] [0.487]

Deceased Last vs Non-last 0.1347 -0.0824 -0.0243 -0.0009
(0.0964) (0.1015) (0.1142) (0.0958)
[0.162] [0.417] [0.831] [0.992]

Note: Each cell reports the gap 𝛽̂close − 𝛽̂distant obtained from a single regression on the first-named
subgroup of each row label (elite, senior, same-institution, recent, regular, deceased-first-author, and
deceased-last-author dyads, respectively), with the standard error of the gap in parentheses and the
p-value of the within-row Wald test of 𝐻0 : 𝛽close = 𝛽distant in brackets. The seven subgroup defi-
nitions partition the 9,263 dyads along, respectively, coauthor scientific standing (elite vs. non-elite,
defined as top-decile cumulative citations at the time of the star’s death), career stage measured at
the time of the star’s death (senior vs. junior coauthor), institutional proximity (same vs. different
institution), recency of the most recent pre-event collaboration (recent vs. former), collaboration in-
tensity (regular vs. infrequent), the deceased scientist’s first-author position (first vs. non-first), and
the deceased scientist’s last-author position (last vs. non-last). The four columns correspond to the
four research output measures defined in Table A.1. Estimates are drawn from conditional quasi-
maximum likelihood Poisson specifications matching Equation (5); standard errors are clustered at
the level of the deceased scientist. Stars apply to the within-row Wald test of equality, not to the
individual 𝐶𝑙𝑜𝑠𝑒 × 𝐷𝑒𝑎𝑡ℎ and 𝐷𝑖𝑠𝑡𝑎𝑛𝑡 × 𝐷𝑒𝑎𝑡ℎ coefficients; see Figure A.4 for the corresponding
95 percent confidence intervals and Section 6.3 for the discussion. *Significant at the 10 percent level,
**significant at the 5 percent level, ***significant at the 1 percent level.
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Table A.12: Cross-Subgroup Tests of Equality Within Each Cognitive-Distance Band

Unweighted JIF-weighted Top-85%ile Top-50%ile
Panel A: Close × Death, cross-subgroup gap (flagged minus complement)
Elite vs Non-elite -0.0676 -0.0078 -0.0144 -0.0246

(0.0834) (0.0931) (0.0818) (0.0646)
[0.418] [0.933] [0.860] [0.703]

Senior vs Junior -0.0540 0.0314 -0.0333 -0.0120
(0.1175) (0.1296) (0.1521) (0.1340)
[0.646] [0.809] [0.827] [0.928]

Same vs Different Inst. 0.0444 0.0847 0.2115∗ 0.1563∗∗
(0.0785) (0.1017) (0.1089) (0.0731)
[0.572] [0.405] [0.052] [0.032]

Recent vs Former -0.0679 -0.0501 -0.0541 -0.1143
(0.0779) (0.0836) (0.0938) (0.0836)
[0.384] [0.549] [0.565] [0.172]

Regular vs Infrequent -0.0858 -0.0502 0.0933 0.0135
(0.0865) (0.0880) (0.1079) (0.0852)
[0.321] [0.568] [0.387] [0.874]

Deceased First vs Non-first -0.1252 0.1624 0.2182 -0.1258
(0.1620) (0.1636) (0.2773) (0.1929)
[0.440] [0.321] [0.431] [0.514]

Deceased Last vs Non-last 0.1659∗ 0.0445 0.0965 0.1028
(0.0934) (0.0860) (0.0891) (0.0625)
[0.076] [0.605] [0.279] [0.100]

Panel B: Distant × Death, cross-subgroup gap (flagged minus complement)
Elite vs Non-elite 0.0782 0.0198 0.0783 0.0519

(0.1373) (0.1926) (0.1433) (0.1297)
[0.569] [0.918] [0.585] [0.689]

Senior vs Junior 0.1910 0.1673 0.1130 0.1722
(0.1892) (0.2628) (0.2266) (0.2046)
[0.313] [0.524] [0.618] [0.400]

Same vs Different Inst. -0.3532∗∗ -0.4884∗∗ -0.3313∗ -0.3289∗
(0.1435) (0.2407) (0.1851) (0.1736)
[0.014] [0.043] [0.073] [0.058]

Recent vs Former -0.0330 0.0913 0.0560 -0.0374
(0.0750) (0.0979) (0.1224) (0.0851)
[0.660] [0.351] [0.647] [0.661]

Regular vs Infrequent 0.0152 0.0061 -0.0453 -0.0073
(0.0714) (0.1098) (0.1070) (0.0720)
[0.832] [0.956] [0.672] [0.920]

Deceased First vs Non-first 0.0433 -0.0819 0.0246 -0.0247
(0.1792) (0.2302) (0.2141) (0.2076)
[0.809] [0.722] [0.909] [0.905]

Deceased Last vs Non-last 0.0451 -0.0435 0.0436 0.0639
(0.0824) (0.1242) (0.1404) (0.1071)
[0.585] [0.726] [0.756] [0.551]

Note: Each cell reports the difference in one band’s interaction coefficient between the two sides of a
partition, 𝛽̂(flagged) − 𝛽̂(complement), with the standard error of the difference in parentheses and
the p-value of the Wald test that the difference is zero in brackets. Panel A reports the difference in
the 𝐶𝑙𝑜𝑠𝑒 × 𝐷𝑒𝑎𝑡ℎ coefficient and Panel B the difference in the 𝐷𝑖𝑠𝑡𝑎𝑛𝑡 × 𝐷𝑒𝑎𝑡ℎ coefficient; within a
given row and column, the two panels come from the same regression. Each regression is a fully inter-
acted specification in which every regressor is allowed to differ between the flagged subgroup and its
complement. The seven partitions are those of Table A.11. The four columns run unweighted publica-
tions, JIF-weighted publications, the count of papers above the 85th citation percentile, and the count
above the 50th citation percentile, following the ordering of Table A.1 rather than that of Table 4. Esti-
mates are drawn from conditional quasi-maximum likelihood Poisson specifications; standard errors
are clustered at the level of the deceased scientist. Stars apply to the cross-subgroup test of equal-
ity, not to the underlying band coefficients, which are plotted in Figure 5. Section 6.3 discusses the
results. *Significant at the 10 percent level, **significant at the 5 percent level, ***significant at the 1
percent level.
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Table A.13: Joint Moderation of the Cognitive-Distance Effect by Tie Strength, Standing, and Roles

Unweighted JIF-weighted Top-85%ile Top-50%ile
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16)
(1) (2) (3) (4) (1) (2) (3) (4) (1) (2) (3) (4) (1) (2) (3) (4)

Death 0.0370 -0.0367 0.0150 0.0336 0.0298 -0.0433 0.0507 0.0729 -0.0052 -0.1104∗∗ -0.0282 0.0029 0.0302 -0.0534 0.0050 0.0270
(0.0272) (0.0339) (0.0331) (0.0329) (0.0432) (0.0499) (0.0462) (0.0468) (0.0306) (0.0459) (0.0441) (0.0433) (0.0268) (0.0355) (0.0339) (0.0322)

Close × Death -0.1184∗∗∗ -0.1177∗∗∗ -0.1190∗∗∗ -0.1203∗∗∗ -0.2022∗∗∗ -0.1966∗∗∗ -0.1982∗∗∗ -0.1972∗∗∗ -0.1115∗∗∗ -0.1051∗∗ -0.1097∗∗ -0.1087∗∗ -0.1434∗∗∗ -0.1409∗∗∗ -0.1438∗∗∗ -0.1443∗∗∗
(0.0438) (0.0445) (0.0432) (0.0437) (0.0675) (0.0689) (0.0657) (0.0664) (0.0402) (0.0437) (0.0433) (0.0431) (0.0409) (0.0427) (0.0417) (0.0421)

Distant × Death -0.1451∗∗∗ -0.1377∗∗∗ -0.1464∗∗∗ -0.1415∗∗∗ -0.0361 -0.0263 -0.0372 -0.0310 -0.0404 -0.0302 -0.0383 -0.0318 -0.1029∗∗ -0.0945∗ -0.1030∗∗ -0.0979∗
(0.0474) (0.0475) (0.0482) (0.0485) (0.0613) (0.0603) (0.0617) (0.0602) (0.0565) (0.0570) (0.0591) (0.0597) (0.0510) (0.0511) (0.0522) (0.0532)

Regular × Death 0.0859∗∗ 0.0939∗∗ 0.1058∗∗∗ 0.1172∗∗ 0.1265∗∗ 0.1324∗∗ 0.0747 0.0831 0.0817 0.0896∗∗ 0.0984∗∗ 0.1057∗∗
(0.0367) (0.0368) (0.0367) (0.0579) (0.0573) (0.0588) (0.0557) (0.0566) (0.0580) (0.0418) (0.0423) (0.0428)

Recent × Death 0.1072∗∗∗ 0.1024∗∗∗ 0.0976∗∗∗ 0.0925∗ 0.0871∗ 0.0811 0.1628∗∗∗ 0.1555∗∗∗ 0.1463∗∗∗ 0.1225∗∗∗ 0.1169∗∗∗ 0.1104∗∗∗
(0.0349) (0.0360) (0.0344) (0.0511) (0.0520) (0.0502) (0.0530) (0.0538) (0.0503) (0.0408) (0.0418) (0.0393)

Elite × Death -0.1166∗∗∗ -0.1178∗∗∗ -0.1900∗∗∗ -0.1892∗∗∗ -0.1683∗∗∗ -0.1695∗∗∗ -0.1331∗∗∗ -0.1342∗∗∗
(0.0353) (0.0345) (0.0373) (0.0358) (0.0384) (0.0371) (0.0358) (0.0349)

Senior × Death -0.0524 -0.0532 -0.0712 -0.0725 -0.0289 -0.0273 -0.0265 -0.0266
(0.0584) (0.0573) (0.0714) (0.0705) (0.0721) (0.0698) (0.0614) (0.0598)

Same Inst. × Death -0.1279∗∗ -0.1124∗ -0.1163∗ -0.1184∗∗
(0.0531) (0.0640) (0.0615) (0.0586)

First Author × Death -0.0135 0.0006 -0.0524 -0.0329
(0.0843) (0.1001) (0.1325) (0.0935)

Last Author × Death -0.0282 -0.0550 -0.0873∗ -0.0438
(0.0305) (0.0490) (0.0483) (0.0371)

𝑁 155294 155294 155294 155294 155294 155294 155294 155294 150256 150256 150256 150256 154895 154895 154895 154895
Note: Joint-moderation robustness check applied to the headline Equation (5) specification across four research output measures: the unweighted publication count, JIF-weighted publications, the count of papers above the
85th citation percentile, and the count above the 50th citation percentile. Within each four-column block, columns (1) through (4) progressively add seven moderator-by-Death interactions in three nested layers. Column (1)
reproduces Equation (5) and matches the corresponding column of Table 4. Column (2) adds tie-strength interactions (𝑅𝑒𝑔𝑢𝑙𝑎𝑟 ×𝐷𝑒𝑎𝑡ℎ and 𝑅𝑒𝑐𝑒𝑛𝑡 ×𝐷𝑒𝑎𝑡ℎ). Column (3) further adds standing interactions (𝐸𝑙𝑖𝑡𝑒 ×𝐷𝑒𝑎𝑡ℎ
and 𝑆𝑒𝑛𝑖𝑜𝑟 ×𝐷𝑒𝑎𝑡ℎ). Column (4) further adds role interactions (𝑆𝑎𝑚𝑒 𝐼𝑛𝑠𝑡. ×𝐷𝑒𝑎𝑡ℎ, 𝐹𝑖𝑟𝑠𝑡 𝐴𝑢𝑡ℎ𝑜𝑟 ×𝐷𝑒𝑎𝑡ℎ, 𝐿𝑎𝑠𝑡 𝐴𝑢𝑡ℎ𝑜𝑟 ×𝐷𝑒𝑎𝑡ℎ) to yield the fully joint specification. The build-up tests whether the focal 𝐶𝑙𝑜𝑠𝑒 ×𝐷𝑒𝑎𝑡ℎ
and 𝐷𝑖𝑠𝑡𝑎𝑛𝑡 × 𝐷𝑒𝑎𝑡ℎ coefficients are absorbed by the seven correlated dyadic moderators discussed in Section 6.3. Estimates are drawn from conditional quasi-maximum likelihood Poisson specifications. Standard errors
(in parentheses) are clustered at the level of the deceased scientist. *Significant at the 10 percent level, **significant at the 5 percent level, ***significant at the 1 percent level.
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B Supplementary Details Regarding Sample Collection

Figure B.1 Example Trend in the Annual Number of Publications of a Deceased Scientist
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Note: Figure B.1 displays the trend in the annual number of publications for one example deceased sci-
entist in the sample, illustrating the sharp and permanent decline used to identify candidate scientists.
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Table B.1: Multidisciplinary Scope of the Life Sciences

BIODIVERSITY CONSERVATION
PSYCHOLOGY, BIOLOGICAL
BIOCHEMICAL RESEARCH METHODS
BIOCHEMISTRY & MOLECULAR BIOLOGY
BIOLOGY
BIOPHYSICS
BIOTECHNOLOGY & APPLIED MICROBIOLOGY
CELL BIOLOGY
CHEMISTRY, MEDICINAL
EMERGENCY MEDICINE
DENTISTRY/ORAL SURGERY & MEDICINE
EVOLUTIONARY BIOLOGY
DEVELOPMENTAL BIOLOGY
ENGINEERING, BIOMEDICAL
MEDICINE, LEGAL
MARINE & FRESHWATER BIOLOGY
MEDICAL INFORMATICS
MEDICAL LABORATORY TECHNOLOGY
MEDICINE, GENERAL & INTERNAL
MEDICINE, RESEARCH & EXPERIMENTAL
MATERIALS SCIENCE, BIOMATERIALS
MICROBIOLOGY
RADIOLOGY, NUCLEAR MEDICINE & MEDICAL IMAGING
REPRODUCTIVE BIOLOGY
SOCIAL SCIENCES, BIOMEDICAL
TROPICAL MEDICINE
CRITICAL CARE MEDICINE
MATHEMATICAL & COMPUTATIONAL BIOLOGY
INTEGRATIVE & COMPLEMENTARY MEDICINE
MEDICAL ETHICS

Note: Table B.1 lists the 30 WoS subject categories that define the life
sciences sample, broadly defined.
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C Derivation of the Two-Channel Decomposition

This appendix formalizes the framework of Section 2.2. It states the sufficient conditions
on the curvature parameters and channel weights, derives the comparative statics underlying
Hypotheses 1 and 2, develops the channel-weight reading and an auxiliary competition-relief
channel that jointly organize the subgroup patterns in Section 6.3, and verifies that the qualita-
tive predictions hold under alternative functional forms.

C.1 Setup

Consider a surviving coauthor 𝑖 and a deceased star 𝑗 at cognitive distance 𝑑 ≡ 𝑑𝑖 𝑗 ∈ [0, 1].
Let

𝑆(𝑑) = (1 − 𝑑)𝛼 , 𝛼 > 0, (6)
𝐶(𝑑) = 𝑑𝛽 , 𝛽 > 0, (7)

denote the spillover and complementarity channels through which 𝑗 contributed to 𝑖’s pro-
ductivity prior to 𝑗’s death. 𝑆 is strictly decreasing and 𝐶 is strictly increasing on (0, 1). The
curvature parameters 𝛼 and 𝛽 govern how steeply each channel attenuates away from its peak
(𝑑 = 0 for 𝑆, 𝑑 = 1 for 𝐶); larger values of 𝛼 or 𝛽 correspond to faster decay.

For outcome 𝑦 ∈ {𝑞, 𝑄} (quantity and quality, respectively), the productivity loss following
𝑗’s death is the linear combination

𝐿𝑦(𝑑) = 𝑤𝑆
𝑦 𝑆(𝑑) + 𝑤𝐶

𝑦 𝐶(𝑑), (8)

where 𝑤𝑆
𝑦 , 𝑤

𝐶
𝑦 ≥ 0 are outcome-specific channel loadings. Two assumptions govern the load-

ings:

(A1) Quality is spillover-dominated: 𝑤𝑆
𝑄
> 0 and 𝑤𝑆

𝑄
≫ 𝑤𝐶

𝑄
≥ 0.

(A2) Quantity is spillover-leaning: 𝑤𝑆
𝑞 > 𝑤𝐶

𝑞 > 0.

Quality requires deep tacit understanding, sourced primarily through close partnerships.
Quantity benefits from both routine co-production (spillover) and rare specialist input (com-
plementarity). The non-monotone relationship between cognitive distance and innovation
outcomes documented by Nooteboom et al. (2007) grounds the two-channel structure itself.
Assumption (A1) rests on two findings. Absorptive capacity is bounded by prior related
knowledge (Cohen and Levinthal, 1990), so high-impact innovation requires depth of tacit
transfer between cognitively close partners more than breadth from distant expertise. In our
setting, Azoulay et al. (2010) report that quality declines following star-coauthor death are
concentrated among collaborators who were close to the deceased along multiple proximity
dimensions. The rationale for Assumption (A2) is compositional: the spillover channel medi-
ates the bulk of routine joint output, which constitutes the dominant share of a researcher’s
pre-event quantity (Boschma, 2005), while a smaller share draws on complementary specialist
input, leaving 𝑤𝐶

𝑞 > 0. We treat (A1) and (A2) as maintained assumptions rather than as
derivations from deeper primitives. The empirical patterns in Section 6 are consistent with
them but do not separately identify the loadings from the curvature parameters.

C.2 Quality: monotonic decline

Proposition 1 (Quality, spillover-dominated regime). Suppose 𝛼 > 0, 𝛽 ≥ 1, and 𝑤𝑆
𝑄

> 0.
Then for any 𝜖 > 0, there exists 𝑟 > 0 such that 𝐿𝑄(𝑑) is strictly decreasing on (0, 1 − 𝜖) whenever
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𝑤𝐶
𝑄
/𝑤𝑆

𝑄
< 𝑟.

Derivation. In the limit 𝑤𝐶
𝑄

→ 0, Equation (8) reduces to 𝐿𝑄(𝑑) = 𝑤𝑆
𝑄
(1 − 𝑑)𝛼, which is

strictly decreasing on (0, 1) for any 𝛼 > 0. For 𝑤𝐶
𝑄
> 0, differentiation yields

𝐿′𝑄(𝑑) = −𝛼𝑤𝑆
𝑄 (1 − 𝑑)𝛼−1 + 𝛽𝑤𝐶

𝑄 𝑑𝛽−1.

The first term dominates whenever 𝑤𝐶
𝑄
/𝑤𝑆

𝑄
< 𝛼 (1 − 𝑑)𝛼−1/[𝛽 𝑑𝛽−1]. For 𝛽 ≥ 1, the right-hand

side has a strictly positive infimum on (0, 1 − 𝜖), so the inequality is satisfied uniformly when
the loading ratio is sufficiently small, and 𝐿𝑄 is strictly decreasing on (0, 1 − 𝜖). ■

Remark. The conditions 𝛼 > 0 and 𝛽 ≥ 1 in Proposition 1 are strictly weaker than the
working assumption 𝛼 > 1, 𝛽 > 1 maintained in Section 2.2. The quality-monotonicity result
therefore holds a fortiori once the strict-curvature condition required by Proposition 2 is im-
posed. Assumption (A1) is the economic content of the threshold condition: quality loadings
are spillover-dominated in the sense that the ratio 𝑤𝐶

𝑄
/𝑤𝑆

𝑄
lies below 𝑟.

Empirical anchoring. The empirically relevant evaluation points 𝑑close ≈ 0.46, 𝑑middle ≈ 0.69,
𝑑distant ≈ 0.86 from Table 3 all lie in the interior, so the theoretical prediction 𝐿𝑄(𝑑close) >
𝐿𝑄(𝑑middle) > 𝐿𝑄(𝑑distant) obtains. Empirically, the close-middle drop is large while the
middle-distant drop is small enough to be statistically indistinguishable from zero, match-
ing columns (4) and (8) of Table 4: only the close-distance group experiences a statistically
significant quality decline (−18.3% in JIF-weighted publications, −10.6% in publications above
the 85th citation percentile).

C.3 Quantity: U-shaped loss with interior minimum

Proposition 2 (Quantity). Suppose 𝛼 > 1, 𝛽 > 1, and 𝑤𝑆
𝑞 , 𝑤

𝐶
𝑞 > 0. Then 𝐿𝑞(𝑑) is strictly convex on

(0, 1) and has a unique interior minimum 𝑑∗ ∈ (0, 1), with 𝐿𝑞 strictly decreasing on (0, 𝑑∗) and strictly
increasing on (𝑑∗ , 1).

Derivation. Differentiating Equation (8) once and twice in 𝑑 yields

𝐿′𝑞(𝑑) = −𝛼𝑤𝑆
𝑞 (1 − 𝑑)𝛼−1 + 𝛽𝑤𝐶

𝑞 𝑑𝛽−1 , (9)

𝐿′′𝑞 (𝑑) = 𝛼 (𝛼 − 1)𝑤𝑆
𝑞 (1 − 𝑑)𝛼−2 + 𝛽 (𝛽 − 1)𝑤𝐶

𝑞 𝑑𝛽−2. (10)

At the boundaries: 𝐿′𝑞(0) = −𝛼𝑤𝑆
𝑞 < 0 (using 𝛽 > 1, which makes 𝑑𝛽−1|𝑑=0 = 0); and 𝐿′𝑞(1) =

𝛽𝑤𝐶
𝑞 > 0 (using 𝛼 > 1, which makes (1 − 𝑑)𝛼−1|𝑑=1 = 0). Equation (10) is strictly positive on

(0, 1) when 𝛼 > 1 and 𝛽 > 1, so 𝐿𝑞 is strictly convex. By the intermediate value theorem applied
to the continuous and strictly increasing 𝐿′𝑞 , there exists a unique 𝑑∗ ∈ (0, 1) at which 𝐿′𝑞(𝑑∗) = 0,
and by strict convexity 𝑑∗ is a strict global minimum on [0, 1].

Setting (9) to zero and rearranging:

(𝑑∗)𝛽−1

(1 − 𝑑∗)𝛼−1 =
𝛼𝑤𝑆

𝑞

𝛽𝑤𝐶
𝑞

. (11)

In the symmetric case 𝛼 = 𝛽 and 𝑤𝑆
𝑞 = 𝑤𝐶

𝑞 , Equation (11) becomes [𝑑∗/(1 − 𝑑∗)]𝛽−1 = 1. Since
𝛽 > 1 by hypothesis, this reduces to 𝑑∗/(1 − 𝑑∗) = 1, giving 𝑑∗ = 1/2. More generally, a
larger 𝑤𝑆

𝑞 moves 𝑑∗ rightward and a larger 𝑤𝐶
𝑞 moves 𝑑∗ leftward. These comparative statics

on the channel loadings hold unconditionally (the direction of 𝜕𝑑∗/𝜕𝛼 and 𝜕𝑑∗/𝜕𝛽 depends on
the location of 𝑑∗ and is not used below). Holding curvatures at the symmetric case 𝛼 = 𝛽,
the spillover-leaning regime 𝑤𝑆

𝑞 > 𝑤𝐶
𝑞 posited in (A2) therefore shifts 𝑑∗ rightward of 1/2 via
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Equation (11). For general 𝛼 ≠ 𝛽, the absolute location of 𝑑∗ depends on the relative magnitudes
of all four parameters. ■

Empirical anchoring. The pooled coefficients in columns (2) and (6) of Table 4 are consistent
with 𝑑∗ ∈ [0.69, 0.86). The close-band loss (−11.1% in raw publications, −13.3% in publications
above the 50th percentile) sits well to the left of 𝑑∗ on the falling arm of the U. The middle-band
coefficient is statistically null, locating 𝑑∗ at or just above the middle regime. The distant-
band loss (−13.5%, −9.8%) sits past 𝑑∗ on the rising arm. The inverted-U pattern in observed
productivity changes is the mirror of the U-shape in 𝐿𝑞 predicted by Proposition 2. The
same coefficients anchor the empirical location of 𝑑∗ and verify the U-shape prediction. We
view this dual role as consistent with the appendix’s interpretive purpose rather than as an
independent test. The band-specific BJS estimates in Table A.4 provide a complementary cut:
the close-negative, middle-null, distant-positive gradient is monotone in cognitive distance,
with the middle-band ten-year coefficient statistically null on three of the four outcomes, but
the positive sign in the distant band does not survive the count-data link (Table A.10) and
is attributable to the linear estimator rather than to a band-specific treatment effect. The
within-field competition-relief mechanism formalized in Subsection C.5 below is therefore
retained as a theoretical possibility that the evidence does not require. The location of 𝑑∗ is
not point-identified by the categorical specification (5). Identification would require either a
continuous-treatment specification with sufficient curvature or a structural restriction on at
least one of the four parameters.

C.4 The boundary case 𝛼 = 𝛽 = 1

When 𝛼 = 1 and 𝛽 = 1, the loss function reduces to

𝐿𝑞(𝑑) = 𝑤𝑆
𝑞 + (𝑤𝐶

𝑞 − 𝑤𝑆
𝑞 ) 𝑑,

which is linear and monotonic (decreasing if 𝑤𝑆
𝑞 > 𝑤𝐶

𝑞 , increasing if 𝑤𝑆
𝑞 < 𝑤𝐶

𝑞 , constant if
𝑤𝑆

𝑞 = 𝑤𝐶
𝑞 ). The strict inequalities 𝛼 > 1 and 𝛽 > 1 in Proposition 2 are therefore necessary as

a pair: when both channels are linear (𝛼 = 𝛽 = 1), 𝐿𝑞 collapses to a linear function and the U-
shape vanishes. The boundary case also sharpens the intuition behind the resilience prediction
of Section 2.2: intermediate-distance coauthors are most resilient not merely because neither
channel peaks at intermediate 𝑑, which is equally true in the linear case, but because strict
curvature concentrates each channel’s loss near its own peak, pushing the combined loss at
intermediate 𝑑 strictly below the corresponding weighted average of the losses at the two
endpoints.

C.5 Heterogeneity in channel weights and competition-relief activation

We organize the subgroup heterogeneity reported in Section 6.3 through two interpretive
mappings onto the channel decomposition. The first treats absorptive-capacity, collaboration-
intensity, and authorship-role variation as shifts in the channel weights 𝑤𝑆

𝑦 , 𝑤
𝐶
𝑦 , preserving

the sign of 𝐿𝑦 . The second introduces an auxiliary competition-relief channel that activates at
one tail under specific subgroup conditions and can flip the sign of 𝐿𝑦 . The framework does
not pre-specify the direction of either mapping; we adopt the directions consistent with the
empirical patterns and with mechanism-level evidence in the literature.

Channel-weight reading.
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• Junior and non-elite coauthors. Lower own absorptive capacity (Cohen and Levinthal, 1990)
combined with narrower external collaboration portfolios implies that a larger fraction
of pre-event output flowed through both channels, so both 𝑤𝑆

𝑦 and 𝑤𝐶
𝑦 are larger and

the distance profile of the loss is correspondingly sharper on both the quality and the
quantity margin. Elite and senior coauthors maintain external networks that buffer both
channels, so their response varies little across the distance bands.

• Recent collaboration. Active dependency on 𝑗 at the moment of death scales both 𝑤𝑆
𝑦 and

𝑤𝐶
𝑦 upward; recent coauthors (collaboration within the three years before the death) face

larger losses than former coauthors, whose pre-event dependency had already attenuated.

• Collaboration frequency. Regular collaboration generates established routines and skill
redundancy that absorb the loss of any single channel, attenuating the effective 𝑤𝑆

𝑦 and
𝑤𝐶

𝑦 for the routinized portion of joint output; infrequent dyads do not benefit from this
routinization. Section 6.3 reports an exception to this prediction: cognitively close regular
coauthors still experience significant losses, suggesting that the routinization mechanism
has limits when joint output is tightly coupled to shared tacit knowledge.

• Deceased first or last author. Dyads in which the deceased was consistently the first or
last author plausibly belong to larger research programs in which the surviving coau-
thor’s pre-event dependency on the star’s specific intellectual input is smaller; the star’s
contribution is concentrated in roles that substitute more readily across team members,
with managerial inputs (funding, laboratory infrastructure) for last-author dyads and
hands-on expertise within established workflows for first-author dyads. Both 𝑤𝑆

𝑦 and 𝑤𝐶
𝑦

are attenuated relative to peer-to-peer dyads, consistent with the muted death effects in
Figure 5 for these subgroups.

Competition-relief activation. Once active, an auxiliary competition-relief channel modifies
Equation (8) to

𝐿̃𝑦(𝑑) = 𝑤𝑆
𝑦 𝑆(𝑑) + 𝑤𝐶

𝑦 𝐶(𝑑) − 𝑤𝑅
𝑦 𝑅(𝑑), (12)

where 𝑅(𝑑) ≥ 0 measures the relief magnitude at distance 𝑑. The channel operates under two
modes, each specified at the three cognitive-distance bands {𝑑close , 𝑑middle , 𝑑distant}.

• Within-field competition relief (not required by the evidence). For distant-cognitive partners in
the same broad field, the deceased competed for journal slots and citation share without
sharing tacit knowledge (Borjas and Doran, 2015; Azoulay et al., 2019), suggesting a relief
margin at the distant band: 𝑅(𝑑distant) > 0 with 𝑅(𝑑close) ≈ 𝑅(𝑑middle) ≈ 0. The linear
band-specific BJS estimates in Table A.4 initially appear to display this pattern, returning
positive long-run distant-band coefficients. The band-specific Poisson event studies in
Table A.10, however, show that the positivity does not survive the count-data link, so
the reversal is attributable to the linear functional form rather than to a relief channel
(Section 6.3). We therefore retain this mode as a theoretical possibility only.

• Same-institution resource-competition relief. For same-institution close-cognitive pairs, the
deceased and survivor competed for laboratory space, students, and internal grants
(Azoulay et al., 2010; Borjas and Doran, 2012). When 𝑗 dies, this channel contributes a
positive shock that offsets the combined loss from the spillover channel and the smaller
residual complementarity channel at close cognitive distance. We posit 𝑅(𝑑close) > 0
and 𝑅(𝑑middle) ≈ 𝑅(𝑑distant) ≈ 0 in the same-institution subsample, with 𝑤𝑅

𝑦 𝑅(𝑑close) large
enough to offset most of 𝑤𝑆

𝑦 𝑆(𝑑close) + 𝑤𝐶
𝑦 𝐶(𝑑close), so that 𝐿̃𝑦(𝑑close) ≈ 0. This is the
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pattern Figure 5 displays: all four same-institution close-band estimates shift toward zero
relative to the different-institution subsample, and none is statistically distinguishable
from zero. The strict inequality 𝑤𝑅

𝑦 𝑅(𝑑close) > 𝑤𝑆
𝑦 𝑆(𝑑close) + 𝑤𝐶

𝑦 𝐶(𝑑close), which would
deliver an outright sign reversal, is needed only for the most stringent quality measure, the
one outcome whose point estimate turns positive. By contrast, same-institution distant-
cognitive pairs are rarer matches: the search frictions that make distant complementarity
hard to assemble also make replacement within the same campus difficult (Fernandez
et al., 2016; Singh and Marx, 2013; Sosa and Maoret, 2023; van der Wouden and Youn,
2023), so𝑤𝐶

𝑦 is elevated (a weight shift under the first mapping) and 𝐿𝑦(𝑑distant) is amplified
rather than attenuated. Because 𝑤𝐶

𝑄
is small under (A1), the mechanism as stated would

put that amplification largest in quantity. Figure 5 instead shows amplification of similar
size on all four outcomes, so we read the mechanism as speaking to the sign of the two
tails rather than to their relative size across outcome families. The two same-institution
effects therefore point in opposite directions at the two tails.

These mappings are illustrative rather than identifying. The empirical specifications in
Equations (4) and (5) estimate average effects within each subgroup but do not separately
identify the channel weights from the curvature parameters 𝛼, 𝛽. The same-institution split of
Figure 5 reports the pattern organized by the auxiliary competition-relief mechanism, while the
remaining splits of Figure 5 (elite/non-elite, senior/junior, recent/former, regular/infrequent,
deceased first/last) trace the channel-weight reading in the preceding bullets.

C.6 Robustness to alternative functional forms

The qualitative predictions of Propositions 1 and 2 do not depend on the specific power-
function form (1 − 𝑑)𝛼 , 𝑑𝛽. To illustrate, consider the exponential pair

𝑆̃(𝑑) = 𝑒−𝛼
′𝑑 , 𝐶̃(𝑑) = 1 − 𝑒−𝛽

′𝑑 , 𝛼′, 𝛽′ > 0, (13)

in which 𝑆̃ is strictly decreasing on (0, 1) from 1 to 𝑒−𝛼
′, and 𝐶̃ is strictly increasing on (0, 1)

from 0 to 1 − 𝑒−𝛽
′. Substituting into Equation (8) and writing 𝐿̌𝑦 for the resulting loss yields

𝐿̌𝑞(𝑑) = 𝑤𝑆
𝑞 𝑒

−𝛼′𝑑 + 𝑤𝐶
𝑞 (1 − 𝑒−𝛽

′𝑑),
𝐿̌′𝑞(𝑑) = −𝛼′𝑤𝑆

𝑞 𝑒
−𝛼′𝑑 + 𝛽′𝑤𝐶

𝑞 𝑒−𝛽
′𝑑 .

Boundary values of the first derivative are 𝐿̌′𝑞(0) = −𝛼′𝑤𝑆
𝑞 + 𝛽′𝑤𝐶

𝑞 and 𝐿̌′𝑞(1) = −𝛼′𝑤𝑆
𝑞 𝑒

−𝛼′ +
𝛽′𝑤𝐶

𝑞 𝑒−𝛽
′. The boundary signs 𝐿̌′𝑞(0) < 0 and 𝐿̌′𝑞(1) > 0 both hold whenever the loading ratio

satisfies

𝛽′

𝛼′ <
𝑤𝑆

𝑞

𝑤𝐶
𝑞

<
𝛽′

𝛼′ 𝑒
𝛼′−𝛽′ ,

a non-empty range whenever 𝛼′ > 𝛽′. By the intermediate value theorem there is an interior
𝑑∗ ∈ (0, 1) with 𝐿̌′𝑞(𝑑∗) = 0. At any such zero, the first-order condition 𝛼′𝑤𝑆

𝑞 𝑒
−𝛼′𝑑∗ = 𝛽′𝑤𝐶

𝑞 𝑒−𝛽
′𝑑∗

implies 𝐿̌′′𝑞 (𝑑∗) = (𝛼′ − 𝛽′) 𝛽′𝑤𝐶
𝑞 𝑒−𝛽

′𝑑∗ > 0, so 𝐿̌′𝑞 can cross zero only once; hence 𝑑∗ is unique.
Combined with the boundary signs 𝐿̌′𝑞(0) < 0 < 𝐿̌′𝑞(1), 𝐿̌𝑞 is strictly decreasing on (0, 𝑑∗) and
strictly increasing on (𝑑∗ , 1), so 𝑑∗ is a strict global minimum on [0, 1]. For the example 𝛼′ = 2,
𝛽′ = 1, 𝑤𝑆

𝑞 = 𝑤𝐶
𝑞 = 1, this gives 𝑑∗ = ln 2 ≈ 0.693 with 𝐿̌𝑞(𝑑∗) = 0.75 < min{𝐿̌𝑞(0), 𝐿̌𝑞(1)}.

Quality monotonicity is preserved under the analogous small-loading-ratio condition.
The quality counterpart of 𝐿̌𝑞 is 𝐿̌𝑄(𝑑) = 𝑤𝑆

𝑄
𝑒−𝛼

′𝑑 + 𝑤𝐶
𝑄
(1 − 𝑒−𝛽

′𝑑), with derivative 𝐿̌′
𝑄
(𝑑) =

74



−𝛼′𝑤𝑆
𝑄
𝑒−𝛼

′𝑑 + 𝛽′𝑤𝐶
𝑄
𝑒−𝛽

′𝑑, which is negative whenever 𝑤𝐶
𝑄
/𝑤𝑆

𝑄
< (𝛼′/𝛽′) 𝑒(𝛽′−𝛼′)𝑑. The right-

hand side has a strictly positive infimum on (0, 1), so the inequality is uniformly satisfied when
the loading ratio is small enough; in the limit 𝑤𝐶

𝑄
→ 0, 𝐿̌𝑄 reduces to 𝑤𝑆

𝑄
𝑒−𝛼

′𝑑, which is strictly
decreasing on (0, 1) for any 𝛼′ > 0.

Hence the qualitative predictions of Propositions 1 and 2 do not depend on the specific
functional form of the channel decomposition. Three ingredients matter. The spillover and
complementarity channels must be monotonic in opposite directions. Curvature and loading
ratios must jointly make the quantity-loss derivative negative at 𝑑 = 0 and positive at 𝑑 = 1
with a single crossing in between, so that a unique interior minimum exists. The channel
loadings must differ across outcomes in the way captured by assumptions (A1) and (A2). The
exponential family is in fact the more demanding case: its U-shape requires the loading ratio to
fall inside the window above, whereas the power-function case delivers the interior minimum
for any strictly positive loadings under the strict-curvature condition. The power-function
parameterization in Section 2.2 is therefore chosen for analytical convenience, not because the
qualitative predictions are sensitive to it.
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