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Abstract

Do worker-embodied knowledge stocks shape firms’ ability to expand product scope?
We exploit unexpected worker deaths as plausibly exogenous shocks to firm knowledge,
using Swedish linked employer—employee data to recover workers’ prior product
experience from their former employers. Event-study estimates show that each year
of prior product-specific experience lost to a worker death lowers the on-impact
probability of entering the corresponding product by about 0.13 percentage points,
implying a roughly 0.7 percentage point decline — about 27 percent of the baseline
rate — for a worker with average prior experience. The effect peaks in the first
post-event year before attenuating. Static estimates confirm that cumulative lost
experience predicts lower subsequent entry and substantially lower product-level sales.
A descriptive decomposition indicates that the experience-scaled component accounts
for about 92 percent of the sales decline and about 58 percent of the entry decline, with
the latter interpreted more cautiously because entry is rare. Effects are roughly twice
as large for university-educated workers, markedly attenuated for core products, and
suggestive of greater exposure among high-skill firms. A back-of-envelope calculation
implies an expected loss of roughly $70,000 per exposed worker for a product line with
$10 million in net entry value, providing a benchmark for codification, retention, and
redundancy investments.
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1 Introduction

“In Africa, when an old man dies, a library burns to the ground.”
— Attributed to Amadou Hampaté Ba (Waberi, 2018)

Firms expand product scope by combining physical capital with knowledge that is often
embodied in their workers. A central question in strategic management is whether this
knowledge constitutes a durable source of competitive advantage or a fragile dependency
that exposes the firm to human capital risk (Barney, 1991; Teece et al., 1997). When
knowledge walks out the door, do firms become less able to launch new product lines?
This paper provides causal evidence on this question by studying how unexpected worker
deaths—plausibly exogenous shocks to the firm’s stock of embodied knowledge—shape firms’
product choices. Using linked employer—employee data with detailed career histories, we
measure product-specific knowledge accumulated at prior employers and track whether firms
subsequently enter related product lines. Our estimates show that the loss of worker-
embodied knowledge has economically meaningful effects on horizontal expansion. On
impact, each year of prior product-specific experience lost to an unexpected worker death
lowers the probability of entering the corresponding product by about 0.13 percentage points;
evaluated at the mean level of prior experience among exposed deceased workers, this implies
a roughly 0.7 percentage point decline at impact, with the effect becoming larger in the first
post-event year before attenuating thereafter. For a product line with an expected net entry
value of $10 million, this implies an expected loss of roughly $70,000 per exposed worker, a
benchmark against which retention, cross-training, and knowledge codification investments

can be evaluated on expected-value grounds.

Well-known cases illustrate how new product lines can be sparked by specific employees and
the know-how they carry. Amazon’s cloud business is often traced to an internal group
led by Andy Jassy that productized infrastructure originally built to run Amazon’s retail
operations into AWS.! 3M’s Post-it Notes are commonly attributed to two employees—a
scientist (Spencer Silver) who discovered a low-tack adhesive and a colleague (Art Fry)
who identified its application as a repositionable note—illustrating how worker-embodied
expertise can seed adjacent product entry.? Worker mobility can also be a direct channel
for related diversification across firms. Zoom’s founder Eric Yuan previously helped build
WebEx and later left to found a competing video-conferencing product, explicitly drawing
on that experience.® In the electric-vehicle sector, Lucid Motors’ CEO Peter Rawlinson—
previously a Tesla engineer—has emphasized how engineering experience from earlier EV

TechCrunch (2016), “Andy Jassy’s brief history of the genesis of AWS.”

ZPeople (2025), “Post-It Notes Were Introduced to the World 45 Years Ago.”
3Reuters (2018), “Video conferencing company Zoom readies IPO-—sources.”
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programs informed Lucid’s approach to its first vehicle.* Yet due to selection—workers join
firms poised to expand, and firms recruit workers with relevant expertise—causal claims are

difficult to establish from observational data on hires or voluntary mobility.

This paper makes two contributions to our understanding of how worker-embodied knowledge
shapes firm boundaries. First, we provide causal evidence that such knowledge is a binding
constraint on product scope. By exploiting the timing of unexpected deaths and leveraging
within-firm, cross-product variation in exposure, we isolate the knowledge channel from
confounding labor supply effects and show that the penalty is targeted to products in which
the deceased worker had accumulated experience, with economically meaningful magnitudes
on both entry and sales. Second, we develop and implement a descriptive decomposition that
separates the total knowledge loss into transferable and match-specific components. This
decomposition is most informative on the sales margin, where the component of the loss
that scales with prior product-specific experience accounts for about 92 percent of the total
decline. On the entry margin, the analogous ratio is about 58 percent, though we interpret
it more cautiously because product entry is rare and decomposition ratios are sensitive to
small changes in the underlying coefficients. We interpret this pattern as evidence that
a substantial share of the lost capability is portable across employers rather than purely
match-specific.

To study this question, the fundamental empirical challenge is that separations are
endogenous to both worker and firm conditions: workers may leave declining firms, and
firms may allow departures when expansion prospects are poor. We address this challenge by
exploiting sudden worker deaths—identified from administrative cause-of-death records—as
plausibly exogenous shocks to the firm’s stock of embodied knowledge. Importantly, we
recover each worker’s product-specific experience from the production portfolios of their
prior employers, ensuring that the relevant knowledge was accumulated before the current
employment relationship and is therefore predetermined with respect to the firm’s subsequent
product decisions. Our event-study specification is estimated at the firm—product—year level
with firm—product and year fixed effects. Identification thus comes from comparing product
entries within the same firm across products that do and do not match the deceased worker’s

experience, before and after the death event.

We document four main findings. First, pre-event coefficients are small and statistically
indistinguishable from zero, providing support for the parallel-trends assumption underlying
our research design. Second, the probability of entering a new product line falls on impact
and reaches its largest decline in the first post-event year before attenuating thereafter.

4ABC News (2023), “Lucid CEO has a plan to end Americans’ range anxiety.”


https://abcnews.go.com/Business/lucid-ceo-automakers-stop-obsessing-tesla/story?id=102487222

Third, static estimates show that cumulative lost product-specific experience predicts lower
subsequent product entry and substantially lower product-level sales, with the strongest and
most robust evidence appearing on the sales margin. Fourth, heterogeneity analyses show
that the effects are larger for university-educated workers, substantially attenuated for core
products, and suggestive of greater exposure among high-skill firms.

We interpret these patterns as evidence that firms “learn by hiring”—and conversely lose
the ability to implement adjacent product expansions when that embodied knowledge is
unexpectedly removed. Because our identification leverages deaths rather than hires, the
estimates are not confounded by selective recruiting or sorting on unobservables that typically
complicate studies of worker inflows. Product entry is a direct, economically salient outcome
that connects worker knowledge to firm growth options, complementing more aggregate
productivity measures used in prior work.

Our paper relates to several literatures spanning economics and strategic management. A
first stream studies the performance effects of losing key individuals. Research on leader or
entrepreneur deaths documents sizable effects on firm survival and profitability but does
not examine product choice (Becker and Hvide, 2021; Sauvagnat and Schivardi, 2023; Jones
and Olken, 2005). Studies of inventor deaths show spillovers on collaborators’ innovation
output (Jaravel et al., 2018; Azoulay et al., 2010), while Hoey et al. (2023) examine the
impact of temporary incapacitations on team productivity. Closer to our setting, Bertheau
et al. (2022) quantify the revenue costs to firms from worker deaths, and Jager et al.
(forthcoming) use wage responses to infer complementarity and substitutability among
coworkers. Methodologically, we build on Andersen and Nielsen (2011), who pioneered the
use of cause-of-death records to identify sudden, unanticipated mortality events for causal
inference, applying the design in a household-finance setting; we adapt their classification

to the firm—product context.

A second stream examines how worker mobility transmits knowledge across firms. Patault
and Lenoir (2024) show that sales managers carry customer capital to new employers,
generating revenue losses for origin firms and gains for destinations. Stoyanov and Zubanov
(2012) find that hiring workers from more productive firms raises the productivity of
destination firms, consistent with knowledge spillovers through labor mobility. Neftke and
Henning (2013) use Swedish administrative data on labor flows between firms to construct
a measure of skill relatedness and show that firms preferentially diversify into related
products; we use a closely related empirical setup to document the converse — that the
loss of workers carrying product-specific skills constrains diversification. A key limitation
of studying inflows is that workers sort into firms poised to diversify, and firms poised to
diversify recruit workers with matching expertise, so the observed correlation between skill



inflows and product entry cannot be cleanly interpreted as a causal knowledge channel.
Our reverse-direction design, exploiting involuntary outflows through unexpected deaths,
bypasses this sorting problem and thus provides a causal counterpart to the skill-relatedness
mechanism documented by Neffke and Henning (2013).

In the innovation domain, patent citation patterns suggest that knowledge flows track worker
movements (Almeida and Kogut, 1999; Singh and Agrawal, 2011). Closer to our setting on
the production margin, the industry-evolution literature has long emphasized that worker
mobility from incumbents shapes new entry: Klepper and Sleeper (2005) and Klepper (2007)
document that spinoffs from established firms inherit knowledge from their parents and
account, for a disproportionate share of entry in the laser and automobile industries, while
Agarwal et al. (2004) show analogous patterns in the disk-drive industry. Neffke et al. (2011)
extend the logic to regional diversification, showing that regions enter products that are skill-
related to their existing portfolio, with worker flows operating as the underlying transmission
mechanism. Our contribution complements this literature by exploiting an exogenous source
of knowledge loss rather than transfer, which avoids the selection concerns inherent in
studying voluntary spinoff formation, and by focusing on the production margin—product

scope rather than patents or sales relationships.

A third stream in strategic management theorizes the conditions under which worker-
embodied knowledge constitutes a source of competitive advantage. The resource-based view
emphasizes that valuable, rare, and inimitable resources underpin sustained performance
(Barney, 1991), but the mobility of human capital complicates this logic: if knowledge
walks out the door, advantage may be fleeting. Dynamic capabilities theory distinguishes
between operational routines embedded in the organization and higher-order capabilities
that reside in individuals who sense and seize new opportunities (Teece et al., 1997). A more
recent strategic-management literature has confronted directly the tension between human
capital’s mobility and its role as a source of advantage. Coff (1997) formalized the central
dilemma; Argote and Ingram (2000) argued that knowledge transfer through people is the
primary mechanism of organizational learning; Hatch and Dyer (2004) showed empirically
that firm-specific human capital investments yield sustainable performance differences in
semiconductor manufacturing; and Campbell et al. (2012) synthesize these threads into a
framework for when human capital generates rents despite mobility. Our experience-graded
versus experience-invariant decomposition provides a quantitative complement to this
conceptual literature: the finding that the experience-scaled component accounts for about
92 percent of the sales loss suggests that product expansion capabilities are more fragile—
and more dependent on retention—than theories emphasizing firm-embedded routines would
predict. Our heterogeneity results showing attenuated effects for core products provide



direct evidence that firms can buffer against human capital risk by investing in codification
and organizational redundancy. In particular, we find that while high-skill workers generate
larger absolute losses, a smaller share of their value is portable across firms, suggesting that
retention and codification serve as complements rather than substitutes for different parts
of the workforce.

The findings have implications at both micro and macro levels. At the micro level, they
highlight that product expansion depends not only on financial capacity and demand
conditions but also on the retention of specific, worker-embodied know-how. Managers can
mitigate vulnerability through three channels: codifying tacit knowledge into organizational
routines, distributing expertise across multiple workers rather than concentrating it in
single individuals, and designing retention incentives for high-knowledge employees. Our
estimates provide a benchmark for evaluating such investments: losing a worker with
relevant product-specific experience generates a meaningful short-run reduction in targeted
entry probabilities and a substantial decline in product-level sales. At the macro level,
our findings suggest that worker mobility events—whether voluntary quits, retirements,
or deaths—can influence the reallocation of production across product lines and, in the
aggregate, shape growth through the diffusion or destruction of knowledge capital. While we
do not attempt a full aggregation, our results provide disciplined inputs for quantifying how
shocks to the distribution of worker knowledge propagate to firm dynamics and industry

evolution.

The remainder of the paper proceeds as follows. Section 2 presents a short theoretical
framework that guides the empirical analysis and generates testable predictions. Section 3
describes the empirical design, including measurement of worker product experience and
the event-study specification. Section 4 details the data sources and sample construction.
Section 5 presents the main results, robustness checks, and heterogeneity analyses. Section 6
concludes by discussing implications for hiring, retention, and policies that affect the
portability of knowledge across firms.

2 Conceptual Framework

Entry Decision and Firm Capabilities. We model the decision of firm ¢ to enter product
J in year t as a threshold rule: entry occurs if an underlying capability index Cj;; exceeds
zero. The capability index is

Cijt = 0o + aTije + 0Sije + 1 Wi — Fij + wije, (1)



where Tjj; is transferable, worker-embodied, product-specific knowledge that is portable
across employers with marginal contribution a > 0; S;;; is non-transferable, firm-embedded
knowledge such as routines, blueprints, other assets with marginal contribution b > 0; and
Wi is non-transferable, match-specific knowledge with marginal contribution r» > 0. w;j is
an idiosyncratic entry shock and Fj; is a fixed cost of product expansion. While 7;;; and S;j¢
capture codifiable or institutionalized expertise, W;; reflects the accumulated understanding
between a specific worker and the firm about how to deploy that expertise productively, for
instance, which suppliers to approach, how to navigate internal approval processes for a new
line, or how to coordinate with colleagues whose cooperation is required for new product
entry. Loss of W;; therefore reduces the capability index directly, making entry less likely
even holding the stock of codifiable knowledge constant. We index match-specific capital W;;
at the firm—year level rather than the firm—product—year level, reflecting the assumption that
a worker’s relational capital and organizational knowledge benefits the firm broadly rather
than being tied to specific product lines. This contrasts with transferable knowledge 7;j;,

which is product-specific by construction.®

Let C_’ijt = Oy + alie + bS;jt + Wi — Fij denote the deterministic component of the capability
index, that is, Cj;; evaluated at its systematic part before the realization of the idiosyncratic
entry shock u;j;. New product entry occurs if éijt + u;;¢ > 0, and therefore

Pr{u;; > —Ciji} = A(Cyji) = Pr{X,;, = 1}, (2)

for an increasing link function A(-) induced by the distribution of w;;;. Let X, € {0,1}
indicate entry of firm 4 into product j in year ¢t (a 0 — 1 transition), and restrict attention
to the risk set in which product j has not been produced by firm i prior to t. 6

5We adopt the firm-year formulation for three reasons. First, it preserves a clean separation between
the product-specific dimension of capability, which loads entirely on 7};;, and the worker—firm dimension,
which loads on W, making the empirical decomposition in Section 3.3 interpretable. Second, the leading
components of match-specific capital we have in mind, such as familiarity with internal approval processes,
knowledge of who in the firm to consult, and informal authority within the organization, are plausibly more
firm-wide than product-specific. Third, to the extent that a portion of true match capital is in fact product-
specific, it would be absorbed into T;;; in our empirical implementation and inflate the estimated experience-
graded coefficient 4. Our reported Sharer therefore represents an upper bound on the contribution of
genuinely portable knowledge whenever match capital has a product-specific component, and the qualitative
ordering of our heterogeneity results, in particular the attenuation for core products, is unaffected.

6A profit-based microfoundation can deliver (1) and (2). Denote V;;; as the expected net value of adding
product j at time ¢. Let the firm enter if the expected value of entry is non-negative:

Vije = H(ﬂjtysijhwit) — Fij + e,

where II(-) is the operating value of the product line and e;;; is an ii.d. entry shock. A first-order
approximation of II(-) around the current state yields II(T,S, W) =~ 6y + aT + bS + rW, which delivers
(1). If g5 is type-I extreme value, (2) follows with a logit link; with normal &;;, it follows with a probit link.

6



Extensive Margin Response to Disappearance Event. Conceptually, let T}
summarize the stock of portable product-j know-how available in firm ¢ at time ¢. Let
each worker ¢ in the firm’s workforce L; contribute additively to capabilities, such that
Tijt = D pe ¢, €tj, where eg; denotes worker (’s prior product-j knowledge. Consider an
unexpected worker disappearance of worker d employed by firm 7 at time 7. Let eg4 denote
worker d’s prior product-j knowledge and wy; their contribution to firm-level match capital
Wi:. The event removes two components:

T = T, — eq, (loss of transferable knowledge)

Wi = Wi, — wa, (loss of match-specific knowledge)

where superscripts — and 4+ denote pre- and post-event values. Under this specification, the
death of worker d reduces T;;; by exactly eg4;. At the same time, S;;; does not mechanically
fall on impact by assumption (it is firm-embedded and non-personal), though it may adjust
endogenously with lag.” In our empirical application, we measure product knowledge eg;

using workers’ experience in producing a good j.

We assume that the match-specific component wy; is mean-independent of prior product

knowledge e4;, conditional on observable match characteristics:
Elwg; | eqj, Hair | = Elwa; | Hair |, (3)

where Hyg;; collects predetermined match characteristics. The economic content of this
assumption is that the quality of the worker-firm match does not systematically depend
on how many years the worker previously spent producing any particular product at
other firms. This is plausible because match-specific capital wy; is generated within
the current employment relationship, through firm-specific relationship-building, learning
internal processes, and adapting to organizational routines, rather than imported from prior
employers. Since egq; is accumulated before the current match formed, it is predetermined
with respect to wg;. One might worry that firms strategically recruit workers with product-j
experience precisely because they intend to enter product 7, inducing a correlation between
eqi and wg; through shared organizational intent. However, under our within-firm, cross-

Up to normalization, the latent index in (1) can be written as C;j: = Vij¢, 80 w;j; corresponds to &;jz.

"This assumption may be violated when the deceased worker was the primary custodian of firm-embedded
knowledge, for instance as the sole operator of a specialized process. In such cases, the effective stock of
Si;+ available to the firm may erode even though underlying routines nominally remain. Our heterogeneity
analysis in Section 5.3 shows substantially attenuated effects for core products relative to non-core ones,
consistent with the view that firms with deep embedded knowledge (large, distributed S;j;;) are better
insulated from individual worker losses.



product comparison, the orthogonality condition requires only that the match-specific
component wg; does not vary systematically across products in proportion to eg;, conditional
on Hy;.. This is substantially weaker than requiring wgy; to be unconditionally independent
of eq;. Instead, the orthogonality condition requires that, conditional on Hg;,, the match-
specific component does not generate systematic post-event differences across products
that scale with eg4. Section 3 discusses the empirical design features that support this

assumption.

Entry Response to a Disappearance Event. A first-order approximation of the entry
response around the disappearance event yields

Apijt = PI’{Xijt =1 ‘ t 2 7'} — PI‘{XZ'jt =1 ’ t < T} ~ — A,( _ijt) (& edj + dei). (4)

Equation (4) is a first-order approximation evaluated at the pre-event capability level Cijy,
and is therefore local: it characterizes the response for firms near the entry threshold where
A'(Cyjt) is non-negligible. For firms far from the threshold, the same knowledge shock
produces little change in observed entry probability, not because knowledge is unimportant,
but because entry was never a likely possibility. Our restriction to the risk set ensures that
entry is feasible, and the non-trivial baseline entry rate in the estimation sample supports

that many firm-product cells are near the entry margin where A’(Cj;;) is non-negligible.

Equation (4) yields three testable implications. First, the decline in entry probability should
be increasing in the deceased worker’s prior product experience eq;: larger ey implies a
larger loss of transferable knowledge. Second, the slope of this relationship identifies the
marginal contribution of transferable knowledge (proportional to @), while any intercept shift
common across products reflects firm-level disruption or match-specific losses (proportional
to r). Third, because the orthogonality condition (3) ensures that wg does not covary with
eq;, the experience-graded and experience-invariant components can be separately identified.

Hence oA
pijt 1A

aedj ( Jt)a ( )

because wg; is mean-independent of eg4; conditional on Hg;, by (3).

Intensive-Margin Response. The same capability logic implies effects on product-level
sales. Let Y;;; denote sales of product j by firm ¢ at time ¢, and suppose that, conditional on
product 7 being produced, expected sales are increasing in the firm’s operating capability:

ov ov oV
0_T>O’ %>O, — > 0. (6)

E[Yj | Xije = 1] = ¥ (Tije, Sije, W), BTG



This reduced-form formulation captures the idea that transferable knowledge, firm-embedded
knowledge, and match-specific capital improve the firm’s ability to operate a product line
efficiently, maintain quality, and serve customers.® Following the disappearance of worker d,
a first-order approximation implies

AYijy = —¥req — Yy wey, (7)

where Uy and Wy, denote the relevant local derivatives of W(-). Thus, as with entry, the
decline in sales should be more pronounced for products in which the disappeared worker
had greater prior knowledge. Under Equation (3), the experience-graded component of
the sales response identifies the marginal contribution of transferable knowledge, while any

experience-invariant shift reflects firm-wide disruption or match-specific losses.

Testable Implications. The framework delivers four testable predictions. First, the
probability of product entry should decline following an unexpected worker disappearance,
with the decline increasing in the worker’s prior product-specific knowledge eq;. Second,
this experience-graded penalty should be larger for workers who embody more valuable
transferable knowledge, such as more educated workers. Third, the penalty should be
attenuated in settings with deeper firm-embedded knowledge, such as core product lines.
Fourth, analogous experience-graded declines should appear on the intensive margin of
product sales. Flat pre-event trends across high- and low-experience products constitute

the primary empirical test of the identifying assumption.

3 Empirical Design

This section maps the conceptual framework to observables and outlines our empirical
designs. We begin by describing how we measure the core variables in the model (Section 3.1).
We then present three complementary empirical approaches. First, we estimate dynamic
average marginal effects using an event-study design for product entry at the extensive
margin (Section 3.2). Second, we complement these dynamic estimates with a static panel

8Equation (6) is deliberately reduced-form: any structural model in which T, Sijt, and Wi
enter operating profits monotonically delivers the same first-order prediction. For instance, a log-linear
specification log Yi;: = 1o + ¥rTij + ¥sSi + Yvw Wi + vy implies Alog Vi = —req — Ywwg;, which
maps directly into our empirical specification on the inverse hyperbolic sine of sales. Equivalently, a CES
production function in which worker-embodied knowledge enters as one input bundle yields the same local
approximation around the pre-event allocation up to a rescaling of W and Wy,. The empirical exercise
therefore identifies a local elasticity of sales with respect to lost product-specific experience that is robust to
a range of structural assumptions on how knowledge enters production, while the precise mapping from ¥
to a deep parameter requires committing to a specific functional form.



regression that quantifies average post-event effects on both product entry and product-level
sales (Section 3.3). Third, we use heterogeneity analyses to relate the empirical results back
to the mechanisms emphasized in the conceptual framework (Section 3.4). We describe each

in turn.

3.1 Measurement

Our conceptual framework contains two objects that must be operationalized in the data:
an unexpected worker disappearance and the worker’s portable, product-specific knowledge.
We proxy unexpected disappearances with sudden and unexpected worker deaths identified
from administrative cause-of-death records. We measure portable product-specific knowledge
using the deceased worker’s prior experience in product j, denoted eg4;, which we recover from
the product portfolios of the worker’s former employers.

Concretely, our linked employer—-employee data allow us to observe each worker’s full
employment history together with the products produced by each prior employer. We
therefore define worker d’s experience in product j as the number of years in which the
worker was employed at firms that actively produced product j. For example, if a worker
was previously employed at a firm producing a particular type of circular glass bottle,
we classify that worker as having experience in that product line and measure eq as the
cumulative years of such exposure. Grounding eg; in prior employer product portfolios is
a deliberate design choice. It makes the experience measure predetermined with respect to
the current worker—firm match: the relevant product knowledge was accumulated before
the worker joined the current firm and therefore cannot have been shaped by the firm’s

subsequent product-entry decisions.

The identification of sudden worker disappearances through worker deaths avoids spurious
selection effects. Alternative identification strategies of sudden worker departures, such as
using voluntary quits or retirements, would conflate the knowledge channel with selection:
workers who quit may do so because the firm’s product expansion prospects are poor, and
retirements may be anticipated and planned for. Deaths, by contrast, are sudden and
unforeseeable, ensuring that pre-event firm behavior is not contaminated by anticipation
effects. Additional details on the construction of sudden-death events and prior product

experience are provided in Section 4.

3.2 Event-Study for Product Entry

Event Study Design. To test the predictions of the capability-threshold model, we

estimate an event-study specification around the unexpected death of workers in firm ¢ at

10



time 7, where e;; ; denotes the dying workers’ years of prior experience of producing product
j. An event is defined as a 9-year event window of a firm i-product j combination where
the death occurs in the middle of the window, and where the dying worker has at least some
experience of producing product j. Our main outcome is product entry of firm ¢ into product
7. The unit of observation is the firm—product—year. Thus, for the baseline specification,
Xij: is an indicator equal to one if firm ¢ starts producing product j in year t.

We define event time as k =t — 7 and estimate event-time effects of worker disappearance.
First, we consider the overall effect of worker disappearance, scaled by the years of experience
of those workers, that is the effect J;, in

+4
Xijt = Z Ok Iperiod, €dj + Vij + M + Eiji (8)
k——4

Coeflicient §; then represents the effect of the disappearance of a year of experience among
the firm’s workforce. Note that the event-study coefficients 6, are reduced-form objects
that identify average marginal effects proportional to the structural parameter a from
Equation (1); they are not equal to a itself, which is not separately identified without
additional distributional assumptions on A(-).

If multiple workers die unexpectedly in the same firm-year, we aggregate exposure across

Cirj = E €dj)

deD;r

the deceased workers, defining

and interpret the estimates as the effect of a one-year increase in cumulative lost product-
specific experience.’ Standard errors are clustered at the firm-product level to account for

within-firm-product correlation induced by the death event.!’

Identification and Interpretation. The identifying variation in equation (8) comes from
within-firm, across-product differences in exposure to the deceased worker’s prior product-

specific experience. Intuitively, we compare, within the same firm and year, products for

9Some firms experience sudden deaths in multiple years. In the event-study design, we treat each death-
year as a separate event, so the same firm—product may enter the stacked sample more than once with
different event times. The resulting coefficients should therefore be interpreted as average effects per death
event rather than per firm.

10The key identifying regressor, the interaction Ieriod, X €4j, varies at the firm-product level, since different
products within the same firm receive different treatment intensities depending on the deceased worker’s prior
product-specific experience. Following Abadie et al. (2023), we cluster at the level at which the effective
treatment varies in the regression, which is the firm-product level. This accounts for serial correlation in
€45t within firm-product cells over time, the primary source of residual dependence given the within-firm,
cross-product identifying variation.

11



which the deceased worker had more prior experience to products for which the worker had
less experience. Firm—product fixed effects absorb persistent differences in a firm’s propensity
to enter particular products, while year fixed effects absorb aggregate shocks common to all

firms.

The interacted coefficients d; are the core parameters of interest: they trace the experience-
graded response to the disappearance of worker experience and therefore isolate the relative
penalty associated with the loss of portable, product-specific knowledge.

This mapping follows directly from the framework. Equation (4) implies that the death of
worker d reduces the entry probability by an amount proportional to aeg4 + rwg;. Under
the orthogonality condition in Equation (3), the match-specific component wy; does not vary
systematically with eg4; conditional on predetermined worker characteristics. As a result, the
slope of the response with respect to eq; identifies the marginal contribution of transferable
knowledge in probability space. Formally, the coefficients d; correspond to average marginal

effects proportional to —A’(Cjj¢)a.

The identifying assumption is a within-firm, cross-product parallel-trends condition: absent
the death event, the gap in entry probabilities between high-experience and low-experience
products would have remained stable over time within the firm. This condition is weaker
than the cross-firm parallel-trends assumption of a standard difference-in-differences design
because all comparisons are made within the same firm facing the same shock. Identification
would fail if, even in the absence of the death, the firm were already on differential pre-trends

precisely in the product lines in which the worker had prior experience.

Two concerns are particularly relevant. First, firms may have anticipated the worker’s
disappearance and already begun scaling back entry attempts in the relevant product lines.
The use of sudden and unexpected deaths makes this channel implausible by construction.
Second, the worker’s prior product experience might be correlated with the firm’s underlying
demand conditions for product j, for instance because workers are hired from firms in the
same narrow industry. Our use of experience accumulated at prior employers rather than at
the current firm severs the mechanical link between eg; and the current firm’s own product
demand. Moreover, such confounds would imply differential pre-event trajectories across
products, which would appear as non-zero coefficients for k& < 0. The flat and statistically
indistinguishable pre-event estimates reported in Section 5.1 therefore provide the central

empirical test of the identifying assumption.!

HRecent work on staggered difference-in-differences designs has raised concerns about negative weighting
when treatment effects vary over time or across cohorts (Goodman-Bacon, 2021; Sun and Abraham, 2021).
In our setting, these concerns are mitigated by two features. First, our primary identifying variation is
cross-product within firm-year, not cross-firm over time. Second, we estimate fully dynamic specifications
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3.3 Static Specification and Descriptive Capability Decomposition

To complement the dynamic event-study evidence on product entry, we estimate a static
panel specification that summarizes the average post-event effect of losing targeted worker-
embodied knowledge. This specification allows us to examine both the extensive margin of
product entry and the intensive margin of product-level sales in a unified framework. The
unit of observation is the firm—product—year, and the estimating equation is

E;jt = BShockyji—1 + vij + e + Zi,T + €54, 9)

where «;; are firm-—product fixed effects, 7 are year fixed effects, and Z; is a vector of
predetermined firm-level controls, with our baseline specification including lagged log firm
employment. We report specifications varying the choice of scale control in Table 3. As
robustness, we further expand the set of control variables Z to include a rich set of worker-
level covariates (dummies for five age groups, gender, tenure, income, as well as fixed effects

for 3-digit occupation codes) in Appendix Table A.2.

The dependent variable Ej;; captures product-level adjustment on either the extensive or
intensive margin. In the extensive-margin specifications, Ej;; is an indicator for whether
firm ¢ starts producing product j in year ¢.'* In the intensive-margin specifications, E;j; is
the change in the inverse hyperbolic sine of sales of product j from year ¢t — 1 to ¢.

The key regressor, Shock;;j;—1, measures the loss of targeted capabilities induced by
unexpected worker deaths at firm ¢ in year ¢ — 1. We construct two versions. The first is
the cumulative years of product-j experience among workers who died unexpectedly, which
yields coefficient 34. The second is a count of how many such workers had any product-j
experience, which yields coefficient Sp. By construction, Shock;;; = 0 for products outside
the deceased workers’ expertise, so the resulting coefficients identify penalties specific to
relevant human-capital losses rather than broad firm-level disruption. Standard errors are
clustered at the firm—product level.

The two shock measures serve different purposes. The coefficient 54 captures the marginal

that do not impose homogeneity across event time.

12We use a linear probability model as our baseline specification. In principle, one could consider nonlinear
link functions such as logit, probit, or Poisson pseudo-maximum likelihood (PPML). In our setting, however,
the combination of a rare binary entry outcome and high-dimensional firm—product fixed effects makes
such alternatives less attractive. Conditional fixed-effects logit/probit are not feasible with our fixed-effects
structure, and PPML drops the large set of firm—product cells with all-zero entry histories because they
are perfectly predicted by the fixed effects. This induces a substantial change in the effective sample and
estimand, shifting attention to the selected subset of firm—product pairs with within-cell outcome variation.
By contrast, the linear probability model retains the full risk set and delivers coefficients that are directly
interpretable as average marginal effects in probability units.
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effect of an additional year of lost product-specific experience, and therefore corresponds to
the portable-knowledge channel emphasized in the conceptual framework. The coefficient
Bp captures the average total loss associated with the disappearance of a worker who had
any relevant product experience. Evaluating the marginal effect at the sample mean of
experience among deceased workers with strictly positive product-j experience, denoted e,
yields a descriptive decomposition of the total targeted loss into a transferable and a residual
component:

Ba - €qj

Sharer = ———, Sharey, = 1 — Sharer = Pp = Ba- Cdj

10
55 Bs (10)
This decomposition is motivated by the additive structure of the capability index in
Equation (1). Under additive separability, the total targeted loss associated with the
disappearance of a worker with relevant experience can be written as

Bp = Ba - €qi + (Be — Ba - €q))
——

[ J/

~-
transferable knowledge  residual match-specific component

The first term captures the average loss that scales with prior product-specific experience and
therefore maps to transferable knowledge. The second term captures the residual experience-
invariant component, which we interpret as match-specific capital or other firm-level losses
not captured by experience alone.

This interpretation rests on two maintained assumptions. First, the capability index is
additively separable in transferable knowledge T;;; and match-specific capital Wy, so the
marginal contribution of one component does not depend on the level of the other. Second,
the orthogonality condition in Equation (3) implies that the experience-based coefficient
B4 isolates the marginal contribution of transferable knowledge rather than a mixture of
transferable and match-specific effects. If these assumptions fail—for example, because
transferable and match-specific knowledge are strong complements—the decomposition in
Equation (10) should be interpreted descriptively rather than structurally. In that case,
Sharer measures the portion of the targeted loss that scales with prior experience, rather
than a structural share.

3.4 Heterogeneity and Mechanism Tests

We next examine whether the empirical effects vary in ways predicted by the capability
framework. The conceptual model highlights three margins along which the impact of a
worker disappearance should differ: the amount of transferable knowledge embodied in the
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worker, the extent of firm-embedded knowledge already available for the product, and the
firm’s overall reliance on skilled labor. We therefore estimate Equation (9) across three
pre-specified sample partitions. These heterogeneity tests are not intended as separate
identification strategies; rather, they assess whether the pattern of estimates lines up with the
mechanisms emphasized by the framework. Because these tests are intended to summarize
average differences in the targeted penalty across environments, we implement them using

the static specification in Equation (9).

Worker educational attainment. Our first prediction is that the penalty from a worker
disappearance should be larger when the worker embodied more valuable transferable
knowledge. We proxy this with educational attainment. Because education is a standard
proxy for the breadth and depth of human capital, the framework predicts larger capability
losses for workers with a university degree than for workers without one. Formally, this
corresponds to allowing the marginal contribution of experience to vary with worker skill,
so that a = a(education). If more educated workers convert prior product experience into
more valuable knowledge, then for a given level of eg; the loss a - eq; should be larger for
high-education workers.

Core versus non-core products. Our second prediction concerns the buffering role of
firm-embedded knowledge S;;;. When S;j; is large, the firm’s capability index should be less
sensitive to the loss of any one worker because routines, blueprints, and organizational
knowledge already support the relevant product line. We proxy this dimension by
distinguishing between core and non-core products. Core products, defined as products
belonging to the firm’s primary two-digit product category, are precisely those for which
firm-embedded knowledge is likely to be deepest. The framework therefore predicts that the
targeted penalty from worker disappearance should be attenuated for core products relative

to non-core products.

Firm skill intensity. Our third prediction is that the penalty from a worker disappearance
should be larger in firms whose production relies more heavily on worker-embodied knowledge.
We proxy this dependence using firm-level skill intensity, measured by the share of skilled
workers in the workforce. In firms with greater skill intensity, transferable worker knowledge
T;j+ should account for a larger share of total capability relative to codified routines S,
making product expansion more vulnerable to the loss of any one worker. Conversely, in
lower-skill firms, production should rely relatively more on codified routines and physical
capital, so the disappearance of a specific worker should have a smaller targeted effect.
We test this prediction by splitting the sample at both the within-sector and across-sector

15



medians of firm skill intensity.

4 Data

In the following, we outline our data sources in section 4.1 and discuss our sample in

section 4.2.

4.1 Data Sources

We leverage four main Swedish data sources: a firm level data set, a worker level dataset,
a product-level data set, and the death registry. The set of variables used per dataset,
together with the period covered, is summarized in Appendix Table A.1.

The firm-level data derives from Féretagsdatabasen (FDB), which contains value added,
wage bills, and other production costs drawn from Swedish Tax Authority records of firms’

balance sheets.

The worker-level data is the Longitudinell Integrationsdatabas for Sjukforsdakrings- och
Arbetsmarknadsstudier (LISA), covering all Swedish private-sector workers with information
on income, education, age, and occupation (see also Balke and Lamadon, 2022; Saez et
al.,; 2019). It includes information such as income, education, and age. Occupations are
reported according to the Swedish Standard Classification of Occupations (SSYK).!* We can
link employers and employees using firm identifiers and therefore track workers’ experience
based on the firm they work at. The reliability and quality of this data is regarded as very

high, since it is based on tax reports by firms and misreporting is punishable by law.

The product-level data is drawn from the dataset Industrins Varuproduktion (IVP),
which is based on surveys on the production of Swedish manufacturing firms, and has
previously been used by Carlsson and Skans (2012). The dataset includes all manufacturing
firms with at least five employees, and contains information on what products they produce
up to the 8-digit Combined Nomenclature (CN) level. For each year, firms report both
quantity and price for each product. Using the worker-level data, this product-level data
allows us to track workers’ experience in specific lines of production. For our empirical
specification, we use 4-digit product codes.

Our analysis is therefore restricted to the Swedish manufacturing sector. This restriction is

13The base for SSYK is the international standard classification of occupations with reference year 2008

(ISCO-08).
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a consequence of data availability as granular, firm-level product portfolio data of the kind
required to construct eg; is not available for service industries in our sample period, but it
is also a substantively well-motivated setting for the research question. Manufacturing is
precisely the sector where product-specific, worker-embodied knowledge is most directly tied
to physical production processes: experience with a particular product line reflects knowledge
of materials, tolerances, equipment configurations, and supply chain relationships that are
difficult to codify and genuinely portable across employers. The 4-digit CN classification
further ensures that “product experience” is defined at a level of granularity—distinguishing,
for example, between specific types of milk depending on whether it has added sweetening or

not—where worker expertise is meaningfully product-specific rather than broadly sectoral.

The manufacturing focus does, however, bound the external validity of our estimates. The
magnitudes we document should be interpreted as applying to firms whose expansion
decisions depend on embodied production knowledge of the kind that is prevalent in
manufacturing. In knowledge-intensive service industries, such as consulting, software,
finance, analogous mechanisms are likely to operate, but through different channels such
as client relationships, algorithmic expertise, or project management know-how, and the

relevant experience measure would differ accordingly.

We merge the employer—employee records (LISA) with firm financials (FDB) and product
output (IVP) using firm identifiers, and link workers’ past employers’ product mix to
construct product-specific prior experience measures. For each worker in our sample, we
recover the complete sequence of prior employers from the LISA employment histories. For
each prior employer spell, we retrieve the set of products that employer produced in each
year of the spell from the IVP dataset. We then define worker d’s prior experience in
product j as the total number of years in which the worker was observed employed at a firm
that was actively producing product j in that year. Formally,

ey = S S 1lj € Pyl (11)

fEF, tE'Tdf

where F, is the set of prior employers of worker d (excluding the current employer), Ty is
the set of years worker d was employed at firm f (restricted to spells of at least one calendar
year), and Py, is the set of products produced by firm f in year t.

A number of construction choices merit explicit discussion. First, regarding breadth of
experience assignment: when a prior employer produced multiple products simultaneously,
we assign the worker experience in all of them. This choice may introduce measurement

error by attributing experience to workers who were not directly involved in every product
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line their employer maintained. To the extent that this creates classical measurement error
in eq;, it would attenuate our estimates toward zero, implying that our main estimates
are conservative with respect to the portable-knowledge channel. We address remaining
measurement noise in three ways. First, we use continuous years of experience rather than a
binary indicator: under continuous coding, a product line that the worker’s prior employer
produced for only one year contributes one unit to ey, whereas a product line produced
for ten years contributes ten units, so accidental assignment of a single-year product carries
proportionally less weight than under a 0/1 coding. Second, we show in Appendix Table A.4
that the results are robust to coarser product classifications, where assignment errors from
diversified employers are mechanically less frequent. Third, regarding minimum tenure: we
require a worker to have been observed at a prior firm for at least one full calendar year
before assigning any product experience from that spell. Spells shorter than one year are
coded as zero on the grounds that transitory employment is unlikely to generate the depth

of production knowledge that is relevant for firm-level product entry decisions.

Finally, we also leverage information on worker deaths from the registry Dddsorsaksregistret
which includes information on date and cause of death as classified through the International
Classification of Disease ICD, version 10 (see Brooke et al., 2017, for an extensive description
of the dataset).

Table 1: ICD-10 codes used to define sudden unexpected death

ICD-10 code Description

Natural causes

122-123 Acute myocardial infarction

146 Cardiac arrest

150 Congestive heart failure

160-169 Stroke

R95-R97 Sudden death from unknown causes

Unnatural causes
V00-V89 Traffic accidents
V90-V99, X00-X59, X86-X90 Other accidents and violence

Notes: The table reports the ICD-10 causes of death used to identify sudden
unexpected worker deaths in the analysis, following Andersen and Nielsen (2011).
Suicides and violent deaths due to relatives are excluded.

In the medical literature, a sudden and unexpected death (SUD) is defined “as a natural,
unexpected fatal event that occurs within one hour of the beginning of symptoms in an
apparently healthy subject or in one whose disease was not so severe that such an abrupt

outcome could have been predicted” (Lim et al., 2010). We identify unexpected worker
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deaths using information on the cause of deaths from the registry, building on Andersen
and Nielsen (2011). Similar to them, we consider the list of ICD-10 causes of death in
Table 1 to identify sudden deaths. Among natural causes of death, we thus consider acute
myocardial infarction (ICD-10: 122-123), cardiac arrest (I46), congestive heart failure (I50),
stroke (160-169) and sudden deaths by unknown causes (R95-R97). Among unnatural deaths,
we consider traffic accidents (V00-V89) and deaths caused by other accidents and violence
(V90-V99, X00-X59, and X86-X90) which excludes suicides or violent deaths due to relatives.
Because the registry reports cause and date of death, our event definition is independent of
separations driven by firm conditions (e.g., layoffs) and avoids conflating deaths with other

forms of worker exit.

4.2 Sample

Our data covers the years 1997-2019. Because the death registry coverage ends in 2016,
our event-study analysis includes deaths occurring through 2016, with post-event outcomes
observed through 2019. We restrict the population to workers 15-65 years of age with
an observed occupation code, and to firms with at least five employees. Table 2 includes
summary statistics for our data sample. Our data spans around 1.2 million unique workers
working for around 25,000 firms. Workers are on average 43 years old. Around 31% of
workers have a college degree and 1% hold a PhD. A worker is likely to leave the current
employer with probability 17% each year. Our firm data shows that firms’ labor productivity
grows at around 2% per year on average. The median firm employs only 12 workers, implying
that individual worker exits are likely to be operationally salient. Around 7% of firms adopt
a new product every year. The mean age at death is 51, and is as expected higher than the
sample average age. There are around 2,000 sudden death events in our matched sample
where a firm experiences at least one death, out of the 242,380 firm-year observations in
total, totaling about 1% of all matched observations. This means that death events are
relatively rare, but more frequent than for example in the study by Sauvagnat and Schivardi
(2023), who look at deaths of Italian CEOs (0.1%) and similar in magnitude to Bertheau
et al. (2022) but smaller than Jiger et al. (forthcoming)."* Among deceased workers with
positive prior product experience, the average number of experience years is €4 = 5.33 at
4-digits.

4Note that Jiger et al. (forthcoming) do not observe the cause of death and hence start from a larger
sample of disappearing workers. To focus on unexpected deaths, they discard workers who had been on sick
leave in the five years prior to the death event.
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Table 2: Summary statistics

Variable Obs. Mean SD Median
A. Workers

Age 8,105,124 4291 11.62 43.00
Female 8,105,124 0.24 0.43 0.00
Income 8,105,124  3,556.81  2,054.78 3,262
Less than high school 8,105,124 0.69 0.46 1.00
More than high school 8,105,124 0.31 0.46 0.00
PhD 8,105,124 0.01 0.08 0.00
Stayer 7,643,679 0.83 0.37 1.00
Number of workers 1,168,308

Number of firms 21,508

Number of occupation groups (4-digit) 366

B. Firms and products

Labor productivity growth (Y/L) 212,932 0.02 0.34 0.03
Firm size 242,380 50.67 329.63 12.00
Product adoption 72,454 0.07 0.25 0.00
Products per firm 69,504 2.09 2.49 1.00
Number of firms 25,216

Number of product codes (4-digit) 236

C. Death events

Age at death 2,027 50.81 11.68 54.00
Prior experience (4-digit, worker—product 12,368 5.33 4.47 4.00
pairs)

Number of events 2,027

Notes: The table reports summary statistics for the worker, firm—product, and death-event samples used
in the analysis. Panel C reports statistics at two levels. “Age at death” and “Number of events” are at the
deceased-worker level and count 2,027 unique workers. “Prior experience (4-digit, worker—product pairs)” is
at the worker—product level: each deceased worker contributes one observation per 4-digit product in which
they had positive prior experience, yielding 12,368 worker—product pairs across 2,027 workers. The reported
mean €4 = 5.33 is therefore the average years of prior experience per worker-product pair conditional on
positive experience, consistent with the definition used in the main text. On average, each deceased worker
had positive prior experience in approximately 6.1 distinct 4-digit product lines (12,368/2,027).
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5 Results

In the following, we show results for the dynamic event study specifications (Section 5.1)
as well as the static effect specification (Section 5.2) and the examination of mechanisms
(Section 5.3).

5.1 Event Study Results

Overall effect. Figure 1 reports the baseline event-study estimates based on equation (8).
The pre-event coefficients are small in magnitude and statistically indistinguishable from
zero, supporting the within-firm parallel-trends assumption. Focusing on impact, the
disappearance of a year of experience reduces the probability that the firm enters the
relevant product line immediately at the time of the shock. The impact coefficient (k = 0)
is —0.0013, implying that each additional year of prior product-specific experience held by
the disappeared worker lowers the on-impact probability of entering the corresponding
product by about 0.13 percentage points. Evaluated at the sample mean of prior
experience among unexpectedly deceased workers with positive product-specific experience,
€4 = 5.33, this corresponds to a total on-impact decline of roughly 0.7 percentage points,
or about 27 percent of the pre-event baseline entry probability among exposed products,
E[Xijt | eqj > 0,k = —1] = 0.0254. The effect becomes larger in the first post-event year
(k = 1) before moving back toward zero, indicating that the disruption is immediate but

that its full implications for expansion decisions may unfold with some delay.

As shown in Appendix Figure A.1, worker disappearances are also followed by broader
declines in firm-level labor productivity (defined as output per worker). One year after
the event, log labor productivity falls by roughly 0.03 log points, indicating that the
product-level entry response occurs alongside a broader contraction in firm performance.
This magnitude is consistent with estimates from the displaced-worker literature showing
persistent productivity losses following unexpected separations (e.g., Jacobson et al., 1993),
and suggests that the product-level effects we document are not offset by reallocation to
other activities.

To benchmark these estimates, we compare them to related findings in adjacent settings.
Jaravel et al. (2018) find that the unexpected death of an inventor reduces follow-on
innovation by collaborators by about 10%, while Azoulay et al. (2010) show that the
death of a “superstar” scientist lowers collaborators’ publication rates by roughly 5-8%.
These benchmarks are not directly comparable to our estimates: their outcomes are
intensive-margin rates of ongoing activity (citations, publications per year), whereas our

extensive-margin outcome is a rare binary entry event with a baseline probability of about
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Figure 1: Event study of death on product expansion.
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Notes: The figure shows the effect of an unexpected worker death on whether the firm starts producing a
target product, scaled by the dying worker’s prior years of experience in that product. The corresponding
regression specification is equation (8). The figure plots coefficients dy, interpretable as the effect per year
of prior product-specific experience lost.

2.5%. A 27% relative decline in an entry probability and a 10% relative decline in follow-on
innovation therefore capture different objects, and we do not claim the magnitudes are
directly rankable. What the three estimates share is a qualitative pattern: the unexpected
loss of a knowledgeable individual produces an economically meaningful decline in the
activity most closely connected to their expertise. Our contribution is to document this
pattern on the production margin—product scope—where prior work has been silent, and
to show that the penalty scales with the departed worker’s prior product-specific experience.
This pattern is consistent with the view that production know-how is often tacit and difficult
to diffuse through codified channels. It also complements Bertheau et al. (2022), who show
that unexpected worker separations reduce firm revenues on average: our product-level
estimates suggest that these aggregate effects mask substantial heterogeneity across products
depending on whether the departed worker had relevant experience.
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To illustrate the economic magnitude of the impact effect, consider a simple back-of-the-
envelope calculation. Evaluating the impact coefficient at the sample mean of prior product-
specific experience among exposed deceased workers implies that the unexpected loss of
a worker with average experience reduces the probability of entering the relevant product
line on impact by roughly 0.7 percentage points. If the expected net value of entering
that product is $10 million, the implied expected loss from the worker’s disappearance is
about $70,000. On this calculation, an expenditure of similar magnitude on retention, cross-
training, or knowledge codification would be justified on expected-value grounds. For workers
with above-average product experience, or for product lines with higher expected entry value,

the implied benefit of preserving the underlying knowledge would be larger still.

We perform a sensitivity exercise in Appendix Figure A.2 where we restrict the sample
to firms that do not replace the deceased worker during the event window, as measured
by persistently depressed firm size. Results are qualitatively similar, reinforcing the
interpretation that the effect reflects lost worker-embodied knowledge rather than
transitional disruption costs associated with vacancy filling and onboarding (Jager et

al., forthcoming).

5.2 Static Estimation Results and Capability Decomposition

To formally test our theoretical predictions and summarize the average post-event effects,
we turn to the baseline static panel regressions in Table 3. Our framework predicts that the
loss of product-specific worker knowledge should reduce subsequent outcomes more strongly
in product lines for which the deceased worker had greater prior experience. In the static
specification, the coefficient on cumulative lost experience therefore captures the experience-
graded component of the loss, while the worker-count specification captures the average effect
of losing an exposed worker.

The strongest and most stable results appear on the intensive margin. In columns (1)—(3),
each additional year of lost product-specific experience reduces product-level sales growth by
about 0.013 log points, with a coefficient of —0.0134 in the lagged-employment specification.
The loss of an exposed worker reduces sales growth by about 0.078 log points, with a
coefficient of —0.0780 in the lagged-employment specification. These estimates are highly
stable across specifications with no employment control, contemporaneous employment,
and lagged employment. The sales results therefore provide strong evidence that worker-
embodied knowledge matters not only for expansion opportunities, but also for production
performance conditional on operating the product line.
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Table 3: Production, product entry, and worker experience

Sales growth in product j Product entry in product j

(1) (2) (3) (4) () (6)

Panel A. Cumulative lost experience

Lost experience in j L0.0134%%% 0.0134%F%  _0.0134%**  _0.00067*** -0.00067*** -0.00067***
(0.00153)  (0.00153)  (0.00153) (0.00009)  (0.00009)  (0.00009)
Observations 56,935,202 56,935,292 56,935,292 56,935,292 56,935,292 56,935,202

Panel B. Number of exposed workers lost
Workers lost with experience in j -0.0780*** -0.0780*** -0.0780*** -0.00618%**  -0.00618*** -0.00618***

(0.01107)  (0.01107)  (0.01107) (0.00060) (0.00060) (0.00060)
Observations 56,935,292 56,935,292 56,935,292 56,935,292 56,935,292 56,935,292
Transferable share, Sharep 0.92 0.92 0.92 0.58 0.58 0.58
Year fixed effects v v v v v v
Firm-product fixed effects v v v v v v
Current employment (log) v v
Lagged employment (log) v v

Notes: The table reports estimates from the static specification (9). The unit of observation is the firm-product—year. In
columns (1)—(3), the dependent variable is the change in the inverse hyperbolic sine of product-j sales from year t — 1 to t. In
columns (4)—(6), it is an indicator for whether firm 7 starts producing product j in year ¢. In Panel A, the shock is the cumulative
years of lost product-j experience among workers who died unexpectedly. In Panel B, the shock is the number of workers who
died unexpectedly and had any experience in product j. Columns (2) and (5) add contemporaneous log employment; columns
(3) and (6) add lagged log employment. Sharer = 4 - €4;/8p is the descriptive share of the targeted loss that scales with prior
product-specific experience, evaluated at eq; = 5.33. Because Sharer is a ratio of two estimated coefficients, it is not informative
when fBp is small or imprecisely estimated. We report Sharer only when Sp is statistically distinguishable from zero at the
1% level; cells failing either criterion are reported as “—”. Standard errors clustered at the firm—product level are reported in
parentheses. *** p < 0.01, ** p < 0.05, * p < 0.10.



On the extensive margin, the evidence is stable across specifications. In Panel A of
columns (4)—(6), the cumulative-experience measure is negative and statistically significant
throughout, with a coefficient of —0.00067 in each specification.!® Thus, each additional
year of relevant experience lost lowers the probability of subsequent entry into the
corresponding product line. In Panel B, the worker-count specification is also negative
and statistically significant throughout, with a coefficient of —0.00618 in columns (4)—(6).
The extensive-margin results therefore no longer hinge exclusively on the cumulative-
experience specification, although the latter remains closer to the conceptual framework’s
emphasis on the amount of product-specific knowledge lost rather than the mere number of

exposed workers.

The sales and entry estimates are highly stable across alternative controls for firm
size.  Moving from specifications without employment controls to models including
contemporaneous or lagged employment leaves the sales coefficients essentially unchanged.
The same is true on the entry margin: both the cumulative-experience and worker-count
coefficients are virtually identical across columns (4)-(6). This stability reinforces the
interpretation that the estimated penalties reflect the loss of targeted worker-embodied

knowledge rather than mechanical changes in firm scale following a worker death.

Appendix Table A.2 further shows that the results are not explained by observable
characteristics of the deceased worker. Adding a rich set of worker-level controls—including
age-group dummies, gender, tenure, income, and 3-digit occupation fixed effects—Ileaves
the estimates qualitatively unchanged. The coefficients attenuate modestly in three of the
four comparisons, while the count-based entry coefficient becomes slightly more negative;
all estimates remain negative and statistically significant. This pattern suggests that the
baseline relationship is not driven by observable differences in worker seniority, compensation,
or occupational role. Rather, the economically relevant variation appears to come from the

specific product knowledge embodied in the worker.

As a robustness check on product aggregation, Appendix Table A.4 re-estimates the baseline
static specification using 2-digit product categories. The cumulative-experience coefficient
remains negative and statistically significant at the 1% level on both the sales and entry
margins. The worker-count coefficient is also negative and significant on the entry margin,
but it is small and imprecisely estimated on the sales margin. As a result, the reported

sales-margin ratio is mechanically large and not very informative at this level of aggregation,

15To interpret these magnitudes, we evaluate the coefficient in column (6) at the sample mean of 5.33
years of prior experience. This implies that the loss of a typical worker with product-relevant knowledge
lowers the probability of entering the targeted product in the following year by about 0.0036, that is, 0.36
percentage points. Relative to the baseline entry probability among exposed products, this corresponds to
roughly 14%.
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while the entry-margin ratio Sharer = 0.72 sits somewhat above the 4-digit estimate of 0.58.
We interpret this difference as a feature of the decomposition rather than a contradiction:
because the ratio divides two estimated coefficients, both of which change with aggregation,
modest changes in 4 or g translate into visible shifts in Sharey, especially when entry
rates are low. The qualitative ordering is stable across aggregations—the experience-scaled
component accounts for the majority of the targeted entry penalty on both margins—but
we caution against reading the precise level of the entry-margin Sharer too literally. This is
consistent with the framework in Section 2, which predicts the sign and rank ordering of the

components but does not pin down a structural ratio.

As a final robustness and mechanism exercise, we test whether worker deaths induce
reallocation across products within the same firm. Specifically, we construct an alternative
exposure measure that assigns the deceased worker’s prior product-specific experience either
to all products within the firm or only to products in which the worker had no prior
experience, while setting exposure to zero for the directly exposed product lines. This
specification asks whether firms offset the loss of targeted knowledge by shifting activity
toward unrelated products. The estimates in Appendix Table A.3 do not support a clean
broad contraction across unrelated products. When exposure is assigned to all products
within the firm, the coefficients are small and negative on both margins. When attention
is restricted to non-exposed products, however, the coefficients become small and positive.
We interpret this pattern as evidence of limited offsetting adjustment toward unrelated
products rather than a large reallocation response.

Following our empirical strategy, we use the static coefficients to decompose the total
capability shock into a component that scales with prior product-specific experience and
a residual component that does not. The coefficient §4 captures the marginal effect of
lost portable, product-specific knowledge accumulated through prior experience, while (g
captures the overall loss associated with the disappearance of an exposed worker. Evaluating
B at the sample mean of experience among workers with positive product-relevant tenure,
€qj = 5.33, yields the descriptive ratio

Ba - g

o2

Sharer =

In the baseline specification, this ratio is 0.92 on the sales margin and 0.58 on the entry
margin. The sales-margin decomposition is especially informative because both underlying
coefficients are large, stable, and precisely estimated; it suggests that most of the capability
loss associated with worker disappearance reflects knowledge that could, in principle,

have been transferred across firms. The entry-margin ratio points in the same direction,
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although we interpret it more cautiously because entry is rare and decomposition ratios
are sensitive to small changes in the underlying coefficients. This interpretation resonates
with Gathmann and Schonberg (2010) and Poletaev and Robinson (2008), who document
substantial portability of task-specific and occupational human capital across employers.

5.3 Mechanisms: Education, Firm Skill, and Embedded Knowledge

Building on the baseline results, we explore heterogeneity across worker, firm, and product
characteristics to map the empirical patterns back to the mechanisms emphasized in the

conceptual framework.

First, we consider worker educational attainment, hypothesizing that the disappearance of
a high-skill worker represents a larger loss of transferable knowledge, 7;;;. Table 4 strongly
supports this prediction. On the extensive margin, the cumulative-experience coefficient is
nearly twice as large for university-educated workers as for workers without a university
degree (84 = —0.00133 versus —0.00070). On the intensive margin, the same ordering
appears even more strongly: the cumulative-experience coefficients are —0.0359 for high-
skill workers and —0.0135 for low-skill workers, while the count-based coefficients are —0.2858
and —0.0743, respectively. The count-based entry coefficients point in the same direction
(—0.02059 for high-skill workers versus —0.00617 for low-skill workers). Taken together, these
magnitudes indicate that a given amount of prior product experience is substantially more
consequential when embodied in more educated workers.

On the sales margin, the experience-scaled component accounts for nearly the full decline
for low-skill workers, with Sharer = 0.98, but a smaller share for high-skill workers, with
Sharer = 0.62. The same ordering appears on the entry margin, where the corresponding
ratios are 0.613 and 0.317. We therefore interpret the education heterogeneity as evidence
that high-skill workers generate larger absolute knowledge losses, while a larger fraction of
their contribution appears to reflect complementary firm-specific value.

This is consistent with the view that the return to experience is higher for more skilled
workers, but that a larger fraction of their contribution is embedded in organizational
routines, relationships, and tacit coordination that do not travel one-for-one across firms
(Becker, 1964; Lazear, 2009; Gibbons and Waldman, 2004). The pattern also has a natural
managerial reading: retaining a low-skill worker with deep product experience preserves
something close to the full operational value of that worker, since most of what is lost
on their departure is portable; retaining a high-skill worker preserves both the portable
component and a substantial complementary firm-specific component, so the marginal value
of retention investments is greater but the case for cross-training and codification — which
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substitute primarily for the portable component — is correspondingly weaker.!®

Second, we consider the buffering role of firm-embedded knowledge, S;;;. The framework
predicts that when a firm already possesses deep routines and organizational know-how
in a product category, the loss of any one worker should be less consequential. We proxy
this margin by focusing on core products, defined as products belonging to the firm’s most
important two-digit product category. The estimates in Table 4 are strongly consistent with
this prediction. On the extensive margin, the cumulative-experience coefficient for core
products is —0.00018, far smaller in magnitude than the corresponding baseline estimate,
and the count-based coefficient is —0.00139, also much smaller than in the full sample. On
the intensive margin, the sales effects are also substantially attenuated: the cumulative-
experience coefficient is —0.0041 and the count-based coefficient is —0.0221, both much
smaller than the corresponding estimates for the full sample. These estimates remain
statistically significant, but their magnitudes indicate that firms are substantially less
vulnerable to worker disappearance in product lines where knowledge is already embedded
in routines, processes, and organizational capital. Put differently, worker-embodied and
firm-embedded knowledge appear to be partial substitutes: where the latter is abundant,
the former matters less for both expansion and ongoing performance. Consistent with this
attenuation, the implied Sharer for core products is close to one on both margins (1.00
on the sales margin and 0.69 on the entry margin), indicating that essentially all of the
small remaining targeted penalty scales with prior experience while the experience-invariant

component is close to zero.

Finally, we examine whether reliance on worker-embodied knowledge varies with the overall
skill intensity of the firm. Table 5 splits the sample into low- and high-skill firms, defined
relative to within-sector and across-sector medians. Here the evidence points toward greater
exposure among high-skill firms, although not uniformly across all cells. In the cumulative-
experience specification, the entry coefficients are negative in all four splits and larger in
magnitude for above-median firms both within sectors (—0.00075 versus —0.00070) and
across sectors (—0.00086 versus —0.00065). On the sales margin, the coefficients are also
more negative for above-median firms in both comparisons (—0.0156 versus —0.0050 within
sectors; —0.0197 versus —0.0125 across sectors), although the below-median within-sector

estimate is imprecise.

16An observationally equivalent reading is that the additive separability assumption underlying the
decomposition in Equation (10) is itself less tenable for high-skill workers: when transferable knowledge
T;;+ and match-specific capital W;, are complements rather than separable inputs, the experience-graded
coefficient B4 absorbs part of the interaction, mechanically depressing the estimated Sharer even when the
underlying portable component is large. We cannot distinguish these two interpretations with the static
decomposition alone.
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The count-based specification points in the same direction. On the entry margin, the
coefficients are negative in all four splits and larger in magnitude for above-median firms
within sectors (—0.00921 versus —0.00235) and across sectors (—0.01224 versus —0.00548).
On the sales margin, the count-based effect is close to zero for below-median firms within
sectors, but negative in the other three cells, with the largest magnitude appearing for above-
median firms in the across-sector split (—0.1964). Taken together, these estimates suggest
that high-skill firms may be more exposed to the loss of worker-embodied knowledge, but
the evidence is not as uniformly strong as in the worker-education and core-product analyses.

We therefore interpret the firm-skill results as suggestive rather than definitive.
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Table 4: Heterogeneity by product centrality and worker skill

Sales growth in product j

Product entry in product j

Core products

(1)

Low-skill
(2)

High-skill
(3)

Core products

(4)

Low-skill
(5)

High-skill
(6)

Panel A. Cumulative lost experience

Lost experience in j -0.0041**%*%  -0.0135%** -0.0359*** -0.00018%**  -0.00070*** -0.00133***
(0.00117) (0.00163)  (0.00740) (0.00005) (0.00010) (0.00037)
Observations 56,935,292 56,903,732 54,487,288 56,935,292 56,903,732 54,487,288
Panel B. Number of exposed workers lost
Workers lost with experience in j  -0.0221%**%  -0.0743%** -0.2858*** -0.00139*%**  -0.00617*** -0.02059***
(0.00637) (0.01153)  (0.05120) (0.00035) (0.00061) (0.00257)
Observations 56,935,292 56,903,732 54,487,288 56,935,292 56,903,732 54,487,288
Transferable share, Sharep 1.00 0.98 0.62 0.694 0.613 0.317
Year fixed effects v v v v v v
Firm—product fixed effects v v v v v v
Lagged employment (log) v v v v v v

Notes: The table reports estimates from the static specification (9). The unit of observation is the firm—product—year. In columns
(1)—(3), the dependent variable is the change in the inverse hyperbolic sine of product-j sales from year t — 1 to ¢. In columns (4)—(6), it
is an indicator for whether firm 4 starts producing product j in year t. In Panel A, the shock is the cumulative years of lost product-j
experience among workers who died unexpectedly. In Panel B, the shock is the number of workers who died unexpectedly and had any
experience in product j. Core products are products belonging to the firm’s most important 2-digit product category. Low-skill and
high-skill workers are defined by educational attainment below and at least at university level, respectively. All columns include lagged
log employment. Share” = BA - €qj/ BE is the descriptive share of the targeted loss that scales with prior product-specific experience,
evaluated at the relevant subsample mean of prior product-j experience among deceased workers with eg4; > 0. Because Sharer is a
ratio of two estimated coefficients, it is not informative when Sp is small or imprecisely estimated. We report Sharer only when 8p
is statistically distinguishable from zero at the 1% level; cells failing either criterion are reported as “—”. For core products on the
sales margin, the displayed Sharer = 1.00 reflects that the experience-scaled component 54 - €g; is approximately equal in magnitude
to the total targeted loss g, leaving a residual experience-invariant component close to zero. This is consistent with the framework’s
prediction that firms with deep firm-embedded knowledge S;;+ are largely insulated from match-specific losses on core product lines.
Standard errors clustered at the firm—product level are reported in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table 5: Heterogeneity by firm skill intensity

Sales growth in product j

Product entry in product j

Within-sector

Across-sector

Within-sector

Across-sector

Below Above Below Above Below Above Below Above
(1) (2) (3) (4) (5) (6) (7) (8)
Panel A. Cumulative lost experience
Lost experience in j -0.0050  -0.0156*** -0.0125%** -0.0197*** -0.00070***  -0.00075%** -0.00065*** -0.00086***
(0.00623)  (0.00200)  (0.00177)  (0.00275) (0.00022) (0.00013) (0.00012) (0.00013)
Observations 26,773,400 28,938,416 31,017,168 24,284,368 26,773,400 28,938,416 31,017,168 24,284,368
Panel B. Number of exposed workers lost
Workers lost with experience in j 0.0119  -0.1252*** _0.0638*** -0.1964*** -0.00235**  -0.00921*** -0.00548*** -0.01224***
(0.02367)  (0.01381)  (0.01206)  (0.02457) (0.00104) (0.00113) (0.00066) (0.00120)
Observations 26,773,400 28,938,416 31,017,168 24,284,368 26,773,400 28,938,416 31,017,168 24,284,368
Transferable share, Sharep — 0.694 0.939 0.563 — 0.456 0.595 0.394
Year fixed effects v v v v v v v v
Firm—product fixed effects v v v v v v v v
Lagged employment (log) v v v v v v v v

Notes: The table reports estimates from the static specification (9). The unit of observation is the firm—product—year. In columns (1)—(4), the dependent
variable is the change in the inverse hyperbolic sine of product-j sales from year ¢ — 1 to ¢t. In columns (5)—(8), it is an indicator for whether firm 4 starts
producing product j in year ¢. In Panel A, the shock is the cumulative years of lost product-j experience among workers who died unexpectedly. In Panel
B, the shock is the number of workers who died unexpectedly and had any experience in product j. Firms are classified as below or above the skill median
either within 2-digit sectors or relative to the overall annual sample median across sectors. Standard errors clustered at the firm—product level are reported
in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.10.



6 Conclusion

This paper provides causal evidence that worker-embodied, product-specific knowledge is
a binding constraint on firms’ horizontal expansion. Using unexpected worker deaths as
plausibly exogenous shocks to a firm’s knowledge stock, and combining rich employment
histories with a firm—product panel, we trace the consequences of human capital loss for
product entry and sales. Our event-study estimates show that firms become less likely to
enter new product lines when the deceased worker had prior experience in those products.
The decline is immediate and becomes larger in the first post-event year before attenuating
thereafter for the total effect, while the experience-graded component is concentrated at
impact and attenuates more quickly.

Static estimates complement this dynamic evidence. Cumulative lost product-specific
experience predicts lower subsequent product entry and substantially lower product-level
sales, with the strongest and most robust effects appearing on the sales margin. A descriptive
decomposition indicates that, on the sales margin, a large share of the loss scales with prior
experience, consistent with an important portable-knowledge component. On the entry

margin, the analogous split is less stable and should be interpreted more cautiously.

The heterogeneity analysis sharpens these conclusions along two particularly clear
dimensions. First, the penalty is roughly twice as large for university-educated workers,
consistent with more valuable embodied knowledge. Second, the penalty is strongly
attenuated for core products, consistent with the buffering role of firm-embedded routines
and codified knowledge. Evidence that high-skill firms are more fragile points in the same

direction, but is more mixed across specifications.

Our framework connects to several streams in strategic management. The capability index
Cij+ can be interpreted as a firm-specific resource in the sense of Barney (1991), with
the key insight that this resource is partially embodied in workers and therefore mobile.
The decomposition into transferable (7;;;) and firm-embedded (S;;;) knowledge parallels the
distinction in Teece et al. (1997) between dynamic capabilities that enable reconfiguration
and operational capabilities embedded in routines. Our empirical setting allows us to isolate
the worker-embodied component and quantify its contribution to the firm’s ability to sense
and seize new product opportunities. The finding that Tj; accounts for the majority of
targeted capability loss suggests that competitive advantage in product expansion is more
fragile, and more dependent on worker retention, than theories emphasizing firm-embedded

routines would predict.

These findings carry implications for both managers and policymakers. For managers,
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our estimates identify three concrete levers for mitigating vulnerability to human capital
shocks, each anchored to a specific result in the paper. First, codification of tacit worker
knowledge into organizational routines pays off: our finding that core products are largely
insulated from worker death — with the cumulative-experience coefficient an order of
magnitude smaller than for non-core products — shows that firms with deep, distributed
firm-embedded knowledge effectively buffer themselves against individual departures.
Investments in documentation, process standardization, and cross-functional handover
protocols substitute for the portable component of worker-embodied capability and are most
valuable in product lines where firm-embedded knowledge is currently shallow. Second,
retention incentives matter most where the embodied knowledge is largest. Our finding that
the targeted penalty is roughly twice as large for university-educated workers implies that
the marginal value of preserving a high-skill worker’s knowledge is substantially higher than
for a comparable lower-skill worker; deferred compensation, firm-specific skill development,
and internal promotion ladders are correspondingly higher-return for this group. Third, our
finding that high-skill firms appear more exposed to worker disappearance suggests that
knowledge redundancy — distributing product-specific expertise across multiple workers
rather than concentrating it in single individuals — is a complementary lever, particularly
for firms whose production relies heavily on worker-embodied knowledge.

These margins can be evaluated on expected-value grounds. The on-impact estimates imply
that the unexpected loss of a worker with average prior product-specific experience reduces
the probability of entering the relevant product line by roughly 0.7 percentage points. For a
product line with an expected net entry value of $10 million, this corresponds to an expected
loss of approximately $70,000 per exposed worker. Codification, retention, and redundancy
investments at or below this threshold are justified on expected-value grounds for an average
exposed worker; for high-skill workers and high-value product lines, the benchmark is larger
still.

At the macro level, our findings suggest that shocks to the distribution of worker knowledge,
whether from mortality, retirement, poaching, or policy-induced labor market disruptions,
can affect the pace and direction of product reallocation across firms and, in turn, aggregate
productivity growth. Policies that facilitate knowledge transfer, such as apprenticeship
programs, cross-training mandates, or documentation requirements, may mitigate these
costs.  Conversely, policies that increase labor market fluidity without attending to
knowledge continuity may generate hidden productivity costs by disrupting firm-level
capability accumulation.

Two caveats merit emphasis. First, our identification is based on worker exits rather than
hires, so the results speak to the marginal product of retained knowledge, not to selection
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in recruiting. The symmetric implication, that firms “learn by hiring”, is consistent with
our findings but not directly tested. A companion paper (Anonymous (2025)) studies these
forces. Second, our measure of knowledge, defined as years of prior product experience,
is necessarily a proxy for the underlying stock of tacit expertise. To the extent that this
measure introduces classical measurement error, our estimates are attenuated and should be
interpreted as lower bounds on the true importance of worker-embodied knowledge.

Several directions for future research emerge from our analysis. First, subsequent work could
quantify how quickly firms rebuild lost capabilities through replacement hiring, internal
training, or complementary investments in documentation and process improvement. Our
robustness checks suggest that replacement hiring does not fully offset knowledge losses in
the short run, but the medium- and long-run dynamics of capability reconstruction remain
an open question. Second, extending the analysis to service industries—where product-
specific knowledge may take the form of client relationships, methodological expertise,
or project management capabilities—would clarify the generality of our findings beyond
manufacturing. Third, linking worker-level knowledge measures to firm-level innovation
outcomes (patents, R&D productivity) would illuminate how human capital constraints

shape not only horizontal expansion but also the direction of technological change.

In sum, this paper demonstrates that worker mobility, even when involuntary, shapes the
boundaries of the firm. The loss of a single worker with product-specific experience reduces
the probability of entering that product line by economically meaningful magnitudes. The
effects persist beyond the immediate event window and are amplified for highly educated
workers and for expansion into peripheral product lines; the evidence on high-skill firms
points in the same direction but is weaker. These patterns underscore that firms’ growth
options are embodied not only in physical capital and organizational routines but also in the

knowledge carried by their workers.
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Appendix A Online Appendix

The following online appendix assembles details for the empirical evidence.
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A.1 Data Overview

Table A.1: Overview of datasets and key variables

Dataset Period Key variables

LISA (worker data) 1990-2019  Worker ID, firm ID, age, gender, education,
graduation year, occupation, labor income

FDB (firm data) 19972019 Firm ID, employment, value added, output, capital,
industry

IVP (product data) 1997-2019 Firm ID, year, product code, production value,
quantity

Cause-of-death registry  1997-2016 Worker 1D, year, cause of death

Notes: The table summarizes the four administrative datasets used in the analysis. LISA = Longitudinell
Integrationsdatabas for Sjukforsikrings och Arbetsmarknadsstudier; FDB = Foéretagsdatabasen; IVP =
Industrins Varuproduktion. The table lists the main variables used in the paper rather than the full set
of variables available in each source.
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A.2 Additional Empirical Evidence

Figure A.1: Event study of worker death on labor productivity.
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Notes: The figure shows the impact of a worker death on firm log labor productivity around the time of a

worker death. The corresponding regression specification is log(Y/L),;, = ij_ 4 0 X Dperiod, +75 + 1t + €5t
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Figure A.2: Event study of death on product expansion
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Notes: The figure shows the impact of a worker death on whether a firm starts producing a certain product
when the worker that died had experience in producing exactly that product. The corresponding regression
specification is equation (8). The figure plots coefficients dj. In this figure we include only events in which
firms do not replace the disappearing workers, as measured through changes in firm size.
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Table A.2: Robustness to controls for dying workers’ characteristics

Sales growth in product j Product entry in product j

Without controls With controls Without controls With controls
(1) (2) (3) (4)

Panel A. Cumulative lost experience

Lost experience in j -0.0134%%* -0.0135*** -0.00067*** -0.00062%**
(0.00153) (0.00178) (0.00009) (0.00013)
Observations 956,935,292 56,935,281 56,935,292 96,935,281

Panel B. Number of exposed workers lost
Workers lost with

experience in j -0.0780*** -0.0848*** -0.00618*** -0.00694***
(0.01107) (0.01335) (0.00060) (0.00058)
Observations 56,935,292 56,935,281 56,935,292 56,935,281
Year fixed effects v v v v
Firm—product fixed effects v v v v
Lagged employment (log) v v v v
Worker controls v v

Notes: The table reports estimates from the static specification (9). The unit of observation is the firm—
product—year. In columns (1)—(2), the dependent variable is the change in the inverse hyperbolic sine of
product-j sales from year ¢ — 1 to ¢. In columns (3)—(4), it is an indicator for whether firm i starts producing
product j in year t. In Panel A, the shock is the cumulative years of lost product-j experience among workers
who died unexpectedly. In Panel B, the shock is the number of workers who died unexpectedly and had any
experience in product j. All columns include lagged log employment. Columns (2) and (4) additionally include
controls for the dying worker: five age-group dummies, gender, tenure, income, and 3-digit occupation fixed
effects. Standard errors clustered at the firm—product level are reported in parentheses. *** p < 0.01, **
p < 0.05, * p < 0.10.
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Table A.3: Potential spillovers across products within the same firm

Sales growth in product j Product entry in product j

All products in firm Non-exposed products only All products in firm Non-exposed products only

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

Cumulative lost experience

Lost experience in j -0.000066** 0.000134*** -0.0000080*** 0.0000120%***
(0.000032) (0.000024) (0.0000020) (0.0000020)
Observations 56,935,292 56,935,292 56,935,292 56,935,292
Year fixed effects v v v v
Firm—product fixed effects v v v v
Lagged employment (log) v v v v

Notes: The table reports estimates from the static specification (9). The unit of observation is the firm—product—year. In columns (1)—(2), the
dependent variable is the change in the inverse hyperbolic sine of product-j sales from year ¢t — 1 to ¢. In columns (3)—(4), it is an indicator for
whether firm ¢ starts producing product j in year ¢. The shock variable is based on the cumulative years of product-j experience among workers
who died unexpectedly. In columns (1) and (3), the experience of the deceased worker is assigned to all products within the firm. In columns (2)
and (4), the experience of the deceased worker is assigned only to products in which the worker had no prior experience, while exposure is set to
zero for the directly exposed product lines. All columns include year fixed effects, firm—product fixed effects, and lagged log employment. Standard
errors clustered at the firm—product level are reported in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A.4: Production, product entry, and worker experience: Two-digit product categories

Sales growth in product j Product entry in product j

(1) (2) (3) (4) () (6)

Panel A. Cumulative lost experience

Lost experience in j -0.0060***  -0.0060*** -0.0060*** -0.00036***  -0.00036*** -0.00036***
(0.00172)  (0.00172)  (0.00172) (0.00011) (0.00011) (0.00011)
Observations 5,195,616 5,195,616 5,195,616 5,195,616 5,195,616 5,195,616
Panel B. Number of exposed workers lost
Workers lost with experience in j  -0.0090 -0.0091 -0.0090 -0.00281**F*%  -0.00281*** -0.00281***
(0.02267)  (0.02267)  (0.02267) (0.00097) (0.00097) (0.00097)
Observations 5,195,616 5,195,616 5,195,616 5,195,616 5,195,616 5,195,616
Transferable share, Sharer — — — 0.72 0.72 0.72
Year fixed effects v v v v v v
Firm—product fixed effects v v v v v v
Current employment (log) v v
Lagged employment (log) v v

Notes: The table reports estimates from the static specification (9) using 2-digit product categories. The unit of observation is
the firm—product—year. In columns (1)—(3), the dependent variable is the change in the inverse hyperbolic sine of product-j sales
from year t — 1 to t. In columns (4)—(6), it is an indicator for whether firm 4 starts producing product j in year ¢. In Panel A,
the shock is the cumulative years of lost product-j experience among workers who died unexpectedly. In Panel B, the shock is
the number of workers who died unexpectedly and had any experience in product j. Columns (2) and (5) add contemporaneous
log employment; columns (3) and (6) add lagged log employment. Sharer = B4 - €4;/8p is the descriptive share of the targeted
loss that scales with prior product-specific experience, evaluated at eq; = 5.33. Because Sharer is a ratio of two estimated
coefficients, it is not informative when (p is small or imprecisely estimated. We report Sharer only when fp is statistically
distinguishable from zero at the 1% level; cells failing either criterion are reported as “—”. See Section 5.2 for discussion of
how the 2-digit entry-margin Share; compares to the 4-digit baseline. Standard errors clustered at the firm—product level are
reported in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.10.
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