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Abstract

We measure reliance on outside contractors for production steps performed on materials the
manufacturer owns—contract-production reliance—for 358 U.S. manufacturing industries over
2005–2023, and show that this organizational margin, not exposure to imports, accounts for most
of the measured dispersion in which industries lost output in 2020. The margin is predominantly
domestic and nearly orthogonal to import penetration, so the import restrictions on which
resilience policy has leaned most explicitly reach it only incidentally. When COVID-19 hit,
industries one standard deviation more reliant lost about 2.4 percent more output, and the
more reliant half of manufacturing lost about 6.4 percent. The loss fell on volume, not prices; it
opened as the economy reopened rather than during the lockdowns; and it persists through 2023
in employment, establishment counts, and the unweighted six-digit real cross-section, with the
establishment decline running through depressed entry rather than exit. The same sign appears
in five European countries and Japan. A foreign-input channel of comparable size is identified
in the same regression and arrives two years later; it is the one the import lever reaches. The
cost is contingent on the disruption being broad and synchronized, so it may not extend to the
targeted disruptions—a single-country decoupling, an embargo on one input—that motivate
most reshoring; we are agnostic on that case.

JEL Classification: L23, L60, F14, D24, E32.
Keywords: contract manufacturing, firm sourcing, supply-chain resilience, outsourcing, productivity,
COVID-19.

1 Introduction

Reshoring has become a standard policy prescription for supply-chain fragility, and its most explicit
instrument is the import restriction.1 Yet on the shock that motivated the prescription, the industry
attribute that accounts for most of the measured dispersion in which U.S. manufacturers lost
output in 2020 is not exposure to imports. It is how much of its production an industry hands

∗I thank seminar participants at CSIS for comments. This draft is preliminary; comments are welcome, and all
errors are my own.

†Center for Strategic and International Studies, Washington, DC. Email: philip.a.luck@gmail.com.
1Most reshoring spending runs through subsidy and procurement rather than trade policy, and our design speaks

to neither; Section 6 returns to what that leaves open. The import restriction is the instrument on which the resilience
case has been argued most directly, and it is the one whose reach we can assess.
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to outside contractors, a margin the reshoring debate does not measure. When a manufacturer
needs a production step performed, it faces a classic make-or-buy choice: carry it out in house, or
pay an outside contractor to do it. The Census records the second choice as the cost of contract
work—payments made to other establishments for work performed on materials the manufacturer
owns. Scaled by shipments, that cost is an industry’s contract-production reliance (CPR). It is a
specific sourcing margin, distinct both from buying finished inputs and from owning a supplier.

This margin carries a real cost under disruption. Specifically, when COVID-19 hit, the more
reliant half of manufacturing contracted about 6.4 percent relative to the rest, or about 2.4 percent
per standard deviation. That estimate survives a conservative clustering ladder that Section 4.4
reports in full.2

We set the level of analysis deliberately, and it bounds everything that follows. An industry
panel identifies the output response of the contract-reliant margin. It cannot cleanly separate the
organizational frictions of the contracting relationship from the baseline fragility of the commodity
production typically routed to contractors, because the industries that contract out cluster at the
standardized, low-R&D end of manufacturing; that separation is a firm-level question; the paper
bounds it.

That a cost should appear at all turns on an economic asymmetry between normal and disrupted
times. Routing a production step to an outside contractor is an ordinary, cost-saving transaction
that adds capacity and flexibility when conditions are calm. When a broad, synchronized shock
hits, an industry that produces in house can re-sequence and reprioritize lines within its own walls;
an industry that contracts out must rely on outside suppliers doing the same under arrangements
that cannot specify every contingency. The COVID-19 shock of 2020 provides a precisely dated test
of whether this asymmetry bites.

The goal of this paper is to measure that margin and to ask what it cost when the 2020 shock
hit. We make two arguments, and they should be kept distinct. One does not depend on the kind of
shock: the organizational margin that carries much of the vulnerability is predominantly domestic
and nearly orthogonal to import penetration, so the import-reduction lever that dominates resilience
policy3 reaches it only incidentally. The other is specific to the disruption we can identify. That
margin carried a measurable output cost when a broad, synchronized shock hit; for the targeted
disruptions most reshoring is aimed at, the diversification logic of Section 5.2 runs the other way,
and we have no evidence that a vulnerability of the kind found here arises. To test these arguments,
we build a panel of 358 six-digit NAICS manufacturing industries observed annually from 2005 to
2023, joining contract-work and real-activity data from the Annual Survey of Manufactures, the 2022
Economic Census, and the 2023 Annual Integrated Economic Survey to NBER-CES productivity
measures, the NSF Business Enterprise R&D survey, and an HS10-to-NAICS6 trade concordance
that yields a time-varying measure of industry-level foreign-input exposure.

Section 5.2 writes that asymmetry down. Contracting a production step out diversifies id-
iosyncratic supplier risk but loads on a common supply factor, so the effect of reliance on output
flips sign with the correlation of supplier shocks: positive when disruptions are weakly correlated,
negative when a common factor hits all contractors at once. An acute, synchronized collapse like
COVID-19 should therefore bite hard, while diffuse supply-chain pressure or the demand-driven

2Primary inference clusters at the six-digit level at which reliance varies (p = 0.002; the above-median contrast has
p < 0.001); a conservative wild bootstrap on the 21 three-digit sectors gives p = 0.022. The ladder includes the two
procedures that treat the 21 sectors themselves as the sample, which do not reject.

3By resilience, we mean the ability to maintain output through an acute disruption; we do not measure recovery-time
or ex-ante-investment dimensions emphasized in the theory of resilience as an investment good (Grossman et al.,
2024).
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2008–09 recession should not. The framework is an interpretive aid: its correlation parameter is not
measured, so it orders the shocks we observe, and no result depends on it.

Three results follow; the first carries the shock-independent argument, and the second and
third carry the shock-specific one. First, the margin is predominantly domestic and structurally
separate from the import channel. Across industries CPR is nearly orthogonal to import penetration,
accounting for one percent of the cross-sectional variance and virtually none of the within-industry
variation over time. The only directly measured component of offshore contracting, the customs
provision recording offshore processing of U.S.-owned goods (HTS 9802.00), runs 5–9 percent of
total contract-work spending; because the filing is optional and duty-driven, that share is a floor,
and the partner-mirror and receipts checks point the same way. A shift-share design built on
foreign suppliers’ export capacity to other high-income countries finds no evidence that foreign
sourcing displaced the margin. Reshoring policy that targets imports therefore does little about the
vulnerability domestic contract manufacturing carries.

Second, contract-production reliance carries a real output cost under synchronized disruption. We
take pre-pandemic reliance as a pre-determined treatment and interact it with the 2020 shock: more
reliant industries lost 2.4 percent more output per standard deviation, and the loss concentrated at
the top of the distribution, where the above-median contrast is 6.4 percent. Pushed inside three-digit
sectors, the within-sector floor, the estimate is 1.8 percent; on the full sample, composition controls
move the headline to 2.8 percent. The contraction runs entirely through physical volume rather than
profit margins, relative prices, or per-worker productivity, and at monthly frequency it opens as the
economy reopens, not during the lockdowns. It persists through 2023, and where it persists is itself
informative: the gap stays open in employment, in establishment counts, and in the unweighted
six-digit real cross-section, and closes in the value-weighted between-family real aggregate. Since a
production-index series is exactly that value-weighted aggregate, this reconciles our persistence with
a literature that reports acute-then-recovery; the two are measuring different objects rather than
disagreeing. The fall in establishment counts decomposes into depressed entry rather than elevated
exit, so the lost capacity is not replaced.

This domestic-contracting channel is identified alongside a foreign-input-dependence channel of
comparable size, and the two are separable in time as well as in the cross-section: the reliance loss
arrives in 2020–21, the import loss in 2022–23. Import-focused policies act on only one of them.
Benchmarked against every measured exposure on the same panel and shock, contract reliance
accounts for more of the cross-industry dispersion in 2020 output losses than import penetration or
teleworkability (Section 4.5). Six other statistical systems collect a version of the same margin, on
different units of observation and against different denominators, and the same empirical design
yields negative acute-2020 estimates in all of them.

Third, the cost appears only under acute, synchronized shocks. In normal times, contract work is
an ordinary, minor input that imposes no steady-state performance drag. It accounts for only about
1.6 percent of total manufacturing costs, and a control-function production estimate puts its output
elasticity near 0.05. Moreover, the cross-sectional relationship between contract reliance and R&D
intensity is null, which weighs against a capability-atrophy or “hollowing out” explanation. The
output cost revealed by the pandemic is therefore contingent on acute, synchronized supply-chain
collapse; it is absent in calm times, under diffuse, idiosyncratic supply-chain pressures, or during
the demand-driven 2008–09 recession.

The measure itself is a specific organizational margin, tolling and commission work on owned
materials, not the entire make-or-buy boundary, part of which is recorded as material input purchases.
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Related literature. The paper’s measure sits in the firm-boundaries and domestic-outsourcing
tradition (Antràs and Helpman, 2004; Grossman and Helpman, 2002; Antràs and Chor, 2013; Alfaro
et al., 2019; Atalay et al., 2014; Goldschmidt and Schmieder, 2017). The make-or-buy boundary
we read this margin against is the industry-equilibrium sorting of Grossman and Helpman (2002)
and the property-rights and firm-level integration decisions of Antràs and Chor (2013) and Alfaro
et al. (2019). Atalay et al. (2014) caution that vertical integration is about control, not physical
input flow. The contract-work item is therefore a sourcing margin, and not a measure of the vertical
boundary.

Mechanically, the paper draws on production-network propagation, where disruptions travel
through inputs that are hard to substitute (Barrot and Sauvagnat, 2016; Carvalho et al., 2021;
Boehm et al., 2019) and cost-minimizing sourcing can build networks that are efficient and fragile
at once (Elliott et al., 2022), and on the theory of supply-chain resilience as an under-provided
investment (Grossman et al., 2024). The redundancy-versus-flexibility and correlated-supplier-risk
trade-offs at its center are long established in operations management (Sheffi, 2005; Tomlin, 2006;
Ivanov and Dolgui, 2020), and recent surveys of supply-chain risk frame the question this paper
takes to data (Baldwin and Freeman, 2022; Carvalho and Tahbaz-Salehi, 2019).

A quantitative general-equilibrium literature now places aggregate risk inside models of sequential
production. In Castro-Vincenzi et al. (2026), firms commit sourcing links before shocks land, so risk
flattens revealed comparative advantage and a disruption costs more the further downstream it falls.
That work is a calibrated multi-country model whose object is the allocation of sourcing under risk,
and it orders disruptions by position in the chain; ours is a measured organizational margin in one
country, identified off a dated shock, and it orders disruptions by synchronization.4

Closest to this paper’s policy question, Grossman et al. (2023) ask whether resilience policy should
promote international diversification or reshoring; the results here are its empirical counterpart,
placing the domestic vulnerability on a margin the import lever does not reach.5 The framework in
Section 5.2 adapts a relocation-option logic in the spirit of Bergin et al. (2009), henceforth BFH,
in which outsourcing is valuable because assembly can be shifted across locations in response to
shocks, and augments it with a synchronized shock that disables that option. In structure it is a
portfolio problem in which diversification stops short of the aggregate: substitutable contractors
spread plant-specific risk but not the component their shocks hold in common, the same reason
idiosyncratic shocks fail to wash out in production networks (Acemoglu et al., 2012). Recent evidence
on Mexican manufacturing finds that industries more intensive in cross-border processing bore
higher employment volatility (Walke and Weiler, 2026), work that sets the domestic contracting
margin aside.

The shock evidence joins fast-growing work on supply chains and the pandemic. Lafrogne-
Joussier et al. (2023) show that French firms exposed to China’s early lockdown lost sales, and
Meier and Pinto (2024) document the same channel for U.S. industries, with production falling
most where Chinese-input exposure was highest; that import-exposure channel is the foreign side
we estimate jointly with the domestic one. What such disruptions imply in the aggregate is worked
out in Guerrieri et al. (2022), where a sectoral supply contraction can induce a demand shortfall
larger than the shock itself, and in Bonadio et al. (2021), whose many-country model quantifies
transmission through global supply chains; the margin studied here is the within-border counterpart
neither framework separates. Closest in spirit, Khanna et al. (2022) find, using Indian firm-to-firm

4The two exercises are complements. A model of where risk falls in a chain does not say which domestic sourcing
arrangements broke in 2020, and an industry panel cannot price the general-equilibrium reallocation that follows.

5The broader reallocation debate is surveyed by Alfaro and Chor (2023).
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data, that firms buying complex, hard-to-substitute inputs broke fewer links and held up better;
their resilience runs along input specificity and ours along contracting reliance, and the two are
consistent once contract-reliant industries are read as the substitutable, easily-contracted margin
that lost its in-house buffer.

Where the pandemic literature has measured the international margin of exposure to foreign
suppliers and imported inputs (Lafrogne-Joussier et al., 2023; Meier and Pinto, 2024), this paper
measures a domestic organizational margin of comparable magnitude that the import lever does not
reach, identifies its output cost from a synchronized shock, and shows why that cost is contingent
on the synchronization. Relative to Fort (2017), who identifies ICT as a determinant of domestic
versus foreign fragmentation, Wu et al. (2023), who study contract manufacturing and steady-
state productivity, and Li et al. (2025), who tie vertical-integration choices to how disruptions
reach firm value, the contribution is a shock-identified consequence of contract reliance together
with a production-function account of why it is contingent. The measurement side is reusable
independently of the shock: Section 3.1 establishes the margin’s domesticity through checks that
other work can apply to the same Census item—a customs-based floor on offshore processing, a
European balance-of-payments mirror, a Mexican mirror, and the receipts side of the Economic
Census.

In Section 2 we build the panel and show that contract reliance is a structural attribute of an
industry, with about four-fifths of its variation across industries rather than over time. Section 3
establishes that the margin is predominantly domestic and that foreign sourcing did not displace it.
In Section 4 we estimate the output cost of the 2020 shock and show that it fell on volume, opened
at reopening, and persists through 2023; the same design is then re-estimated in five European
countries and Japan. Section 5 asks why the cost is contingent on synchronization, and Section 6
turns to incidence and policy.

2 Data and Measurement

The estimation panel is a set of 358 six-digit NAICS manufacturing industries observed annually
from 2005 to 2023, with a gap in 2017 (a Census of Manufactures year for which contract-work
detail is not published).

Contract-production reliance. Contract-work and shipments data come from three successive
Census instruments: the Annual Survey of Manufactures through 2021, the 2022 Economic Census,
and the Annual Integrated Economic Survey, which absorbed the ASM beginning with reference
year 2023.6 Contract-production reliance is

CPRit = cost of contract workit

value of shipmentsit

. (1)

The ratio answers a simple question: of each dollar an industry ships, how many cents were paid to
outside establishments for work performed on the industry’s own materials? Because the measure is

6The ASM is drawn from two API endpoints covering 2005–2016 and 2018–2021. The 2023 codes (NAICS-2017
basis) map to the panel spine as an identity; the 2022 codes (NAICS-2022 basis) are bridged with the Census
2022-to-2017 and 2017-to-2012 concordances, recovering 330 of the 358 spine industries. Eight industries, including
automobile and petrochemical manufacturing, have fully suppressed 2023 survey records and drop from the 2023
outcome sample.
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a ratio, a level discontinuity in dollars across the survey redesign cancels, and the data bear that
out, so the years pool under industry and year fixed effects.7

What the measure captures, and what it does not. The Census defines the cost of contract
work as the cost of work done by others on materials furnished by the establishment. This is a
specific sourcing margin—tolling and commission processing of the firm’s own materials—not the
full make-or-buy boundary. A producer that outsources by buying finished components records that
in the cost of materials, not contract work, and a vertically integrated producer and an arm’s-length
buyer can both show low contract reliance. The measure should therefore be read as reliance on
outside contractors for production steps, not as the inverse of vertical integration.

A second limitation of the measure is a truncation at the extreme of outsourcing, and its
direction can be signed. Producers that outsource all physical production exit manufacturing into
wholesale as factoryless goods producers (Bernard and Fort, 2015; Kamal, 2018) and leave this
frame entirely, so they cannot contaminate the panel, though the measure understates outsourcing
at that extreme.8 The truncation compounds a bias Houseman et al. (2011) document for these
data through a different channel. They show that price declines on offshored inputs go largely
uncaptured, so the statistics understate real input growth and overstate the real value added and
productivity of surviving manufacturing. Frame exit, our own inference here rather than a finding
of theirs, adds a second understatement of how much sourcing is occurring at all. Both work against
finding the gradient we find, since the industries most likely to cross into the factoryless frame are
the contract-reliant ones.

The item also counts work performed by other establishments of the same firm, so it includes
intra-firm tolling alongside arm’s-length work (Ramondo et al., 2016); a multi-plant firm can re-
prioritize across its own network in a way the operational-control reading does not contemplate,
and the two cannot be separated at the industry level. Two facts bound the concern. The output
response appears in the U.S. and Japanese measures, which are establishment-based and include
intra-firm tolling, and equally in the European measure, which is enterprise-based and nets it out
(Appendix C), so an artifact of intra-firm tolling would not survive that switch of frame.

Other measures. Productivity and real quantities come from NBER-CES, real activity through
2023 from the Census instruments above, R&D intensity from the non-production worker share,
and foreign-input exposure from the NAICS-6 import penetration of intermediate inputs, with
a China-specific component used below.9 Appendix Table A5 reports summary statistics. One
magnitude recurs throughout: contract work is a minor input, averaging about 1.6 percent of total
manufacturing cost, and Section 5.1 develops what follows from that share.10

7The within-industry change in CPR across the 2021-to-2023 transition has a median absolute value of 0.0019, in
line with the 2016-to-2018 endpoint seam (0.0019) and with ordinary adjacent-year movement.

8Bounding how many producers sit near that boundary is beyond an industry panel, and it bears only on the most
extreme cases.

9NBER-CES supplies total factor productivity through 2016 and real output, employment, materials, and value
added through 2018. The R&D proxy is validated against NSF Business Enterprise R&D expenditure (National Center
for Science and Engineering Statistics, 2024); the trade measures are built from the HS10-to-NAICS6 concordance of
Pierce and Schott (2012).

10Scaled instead by the value of shipments, which exceeds total cost, the same spending is the 1.2 percent reliance
ratio of Appendix Table A5. Each denominator is used where it is natural: shipments for the reliance measure, total
cost for the input’s expenditure share.
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A cross-sectional industry attribute. A variance decomposition of contract-production reliance
(Table 1) attributes 81 percent of its variation to differences across industries and only 19 percent
to within-industry movement; the largest single component, 50 percent, is across six-digit industries
within a three-digit sector, and the common year effect is essentially zero. (On the balanced
sub-panel the cross-industry share is 0.73.) Contract reliance is thus a structural attribute of an
industry rather than a cyclical margin. This shapes what can be identified: a design that leans
on within-industry time-series variation runs on a thin, noisy slice, while the credible variation is
cross-sectional or comes from a sharp shock. It is the reason the central design below uses pre-shock
reliance as a cross-sectional treatment.

3 A Domestic Margin, Orthogonal to Imports

The vulnerability this paper studies sits on a margin separate from imports on two counts: it is
predominantly domestic, and foreign sourcing did not displace it. Both cut against the premise that
reversing offshoring would rebuild the domestic capacity at risk.

3.1 The margin is domestic

The Census definition does not restrict the contractor’s location, so we establish the margin’s
domesticity empirically, with five checks.

First, and remarkably, across industries CPR is nearly orthogonal to import penetration: a
regression of the industry mean of CPR on the HS10-derived foreign-input share (Pierce and Schott,
2012) yields a cross-industry R2 of 0.01 (Pearson r = 0.10), and the same holds within industries
over time—with industry and year fixed effects, import penetration explains essentially none of the
variation in contract reliance (within R2 below 0.001), so the industries whose imports rose were
not the ones that leaned harder on contract work (Figure 1).11

Second, the only directly measured component of offshore contracting is small. The customs
provision that records offshore processing of U.S.-owned components and their re-import (HTS
9802.00) ran $2–3 billion of value added abroad per year over 2017–2021, on gross 9802 value of $4–5
billion. Against total manufacturing contract-work spending of $53 billion in 2019, that is a directly
measured offshore share of 5 percent on the value-added basis and 9 percent on the gross basis.
This is a floor, not a ceiling: a 9802 claim is optional and worth filing only when it lowers duty,
and USMCA (like NAFTA before it) admits qualifying Mexican-processed goods duty-free without
one, so the provision records a shrinking, self-selected slice of offshore processing. The domesticity
reading therefore does not rest on 9802; it rests on the orthogonality above and the mirrors below.

Third, three mirror checks point the same way. The balance-of-payments item that would
measure the fee side directly—manufacturing services on physical inputs owned by others—is not
published for the United States, but the partner mirror is informative. EU-27 credits vis-à-vis the
United States on that item, the fees European firms earn processing U.S.-owned inputs, ran about
1.9 billion euros in 2019, roughly 4 percent of contract-work spending.

The receipts side of the same market corroborates this. Domestic establishments selling contract
11A firm-based measure agrees: the Census experimental Trade by Industry and Product Statistics assign each

import to the industry of the importing firm through the Business Register, and matched to contract reliance across
manufacturing industries the cross-industry correlation is near zero (Pearson 0.02, Spearman 0.11), so the orthogonality
does not turn on the concordance method.
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manufacturing services reported receipts of $42 billion in 2017 and $47 billion in 2022 against
contract-work purchases of $49 and $51 billion in those benchmark years, positively rank-correlated
across industries.12

And the Mexican mirror addresses the largest offshore counterpart. Mexican contractors earn
about 85 percent of their income from foreign principals, overwhelmingly U.S. firms (about $33
billion in 2019), but the maquiladora model is factoryless goods production, so those principals are
predominantly wholesale-classified and sit outside the manufacturing buying panel; the manufacturer-
side offshore payments that would enter it are the ones the 9802 measure already records. The
unmeasured piece is a scope boundary, offshore processing bought by U.S. wholesalers rather than
manufacturers, not a hidden foreign share of the domestic measure.13

These findings are consistent with Fort (2017), who finds domestic fragmentation to be the
larger and more ICT-sensitive margin, and with the broader evidence that outsourcing within U.S.
manufacturing is substantial and imperfectly captured in the standard statistics (Houseman, 2007;
Houseman et al., 2011). The foreign-input margin is real and we estimate it directly (Section 4); it
simply lives in a different variable.

3.2 No substitution away from the domestic margin

The margin is predominantly domestic (Section 3.1). The other leg of the reshoring premise is substi-
tution: that foreign sourcing displaced domestic production, so reversing it would rebuild domestic
capacity. A shift-share test in the tradition of Autor et al. (2013)—using foreign suppliers’ export
growth to other high-income countries as supply-side variation in U.S. foreign-input availability—
finds no such displacement: the point estimate runs the other way, with more China-sourced input
availability associated with higher contract-production reliance. Admittedly, the first stage is weak—
a NAICS-3-clustered F near 5.7—so we read the test as evidence against substitution rather than
as an estimated complement magnitude; the Anderson and Rubin (1949) weak-instrument-robust
interval excludes zero under the original NAICS-3 construction ([0.004, 0.254]) and includes it when
the instrument is rebuilt at NAICS-6 ([−0.011, 0.144]).14 Either way, there was no substitution for
import restrictions to reverse.

4 The Output Cost of Disruption

Contracting a production step out diversifies idiosyncratic supplier risk but loads on a common
supply factor (Section 5 develops this), so a broad, synchronized shock should fall hardest on the

12Because seller receipts also include work for wholesale-classified factoryless principals, the match corroborates a
domestic seller population of the right order.

13Mexico is the one system that publishes both the buying and the selling item, so the concept can be checked
from both ends. No payee-location split of the Mexican expense item exists, but three checks read it as domestic
to first order: balance-of-payments manufacturing-services credits match the survey’s foreign-client earnings nearly
one-for-one; the debit series falls 89 percent over 2019–2023 with Pemex’s crude-toll-processing wind-down while
industries’ contract spending stays nearly flat (−7 percent); and domestic contractors’ income from domestic principals
is roughly twice manufacturers’ total contract spending. The Mexican payer-side item averages 1.2 percent of gross
output, close to the U.S. ratio.

14A Rotemberg-weight decomposition (Goldsmith-Pinkham et al., 2020) confirms China carries the identification
(weight 1.16, own first-stage F ≈ 48); the pooled multi-partner instrument carries negative weights and is not used.
Pushing inference onto the single-country shock dimension (Borusyak et al., 2022) widens the interval to include zero,
and a 2015-renminbi-devaluation natural experiment reproduces the point estimate (β̂ = 0.039). Full diagnostics are
in the replication package.
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most contract-reliant industries. The COVID-19 disruption of 2020, acute, dated, and economy-wide,
is that common-shock case. This section tests whether the domestic-contracting margin carried a
real cost when it hit, sizes that cost against the other exposures competing to explain the same
collapse, and asks in Section 4.7 whether the response is particular to the United States.

4.1 Design

We use pre-COVID contract reliance as a pre-determined, cross-sectional treatment interacted with
the shock, alongside the foreign-input-dependence channel:

Yit = β (CPRpre
i × post2020t) + γ (Foreignpre

i × post2020t) + µi + δt + eit, (2)

where CPRpre
i is the 2015–2019 mean of contract reliance (standardized), Foreignpre

i is pre-COVID
China-input exposure (standardized), µi and δt are NAICS-6 and year fixed effects, and the
window is 2018–2023. One standard deviation of reliance—1.6 cents of contract work per dollar
shipped—compares with a median industry at 0.7 cents and a ninetieth percentile at 2.8 (Appendix
Table A5).15 Notice that the identifying variation is only the interactions: the cross-industry level
of each exposure is absorbed by µi and the common COVID timing by δt, so β is the differential
post-2020 movement of the outcome in high- versus low-reliance industries. The design uses the
dominant cross-sectional variation in reliance as the treatment and the shock as the timing.

It matters for reading every number that follows that β is an equal-weighted-industry estimand,
and that least squares does not weight industries equally in identifying it. The regression’s own
identifying weights concentrate sharply: the Kish effective sample is 31 industries of 358, with
fabricated metal products, apparel, and leather carrying most of the weight, and mean contract
reliance in that effective sample is 5.6 percent of shipments against 1.2 percent in the panel
(Appendix A, Table A2). In other words, β estimates the response of a substantially reliant industry,
not of the average manufacturing industry and not of the average manufacturing dollar. The signed
contributions behind that leverage are diffuse and two-sided, so the concentration does not make the
estimate fragile; but it does define what the estimate is about, and the weighting path in Appendix A
shows that the acute and pooled results do not carry over to the dollar-weighted estimand while the
persistence contrast does.

Because the treatment is continuous, parallel trends must hold in the dose: absent the shock,
outcomes would have evolved independently of the level of reliance, and the per-standard-deviation
coefficient summarizes dose-specific responses under a linearity restriction (Callaway et al., 2024,
henceforth CGS). The above-median contrast (−6.4 percent; Table 3) and the quartile dose-response
(Appendix A) report the same object without that restriction. Identification rests on conditional
parallel trends (tested below), on contract reliance being pre-determined, and on the absence of a
confounding shock correlated with reliance beyond what the fixed effects and the controls absorb;
the binding threats are that reliance proxies for sector type, or for industry type within sectors,
which we address with composition controls and direct horse races in Section 4.4.

Clustering follows the assignment design (Abadie et al., 2023): the panel is the population of
six-digit manufacturing industries rather than a sample of sectors, and reliance varies at NAICS-6,
with most of its cross-sectional variance across six-digit industries within a sector (Table 1), so
primary inference clusters at NAICS-6. Coarser levels bound any residual sectoral correlation from
above, and Section 4.4 reports that full ladder through NAICS-4 to NAICS-3, where the 21-cluster

15This 1.6-cent standard deviation is numerically close to, but distinct from, the 1.6 percent average cost share of
Section 2: the first is the spread of the reliance ratio across industries, the second its mean as a share of total cost.
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wild bootstrap (Cameron et al., 2008; MacKinnon and Webb, 2017; Roodman et al., 2019) is the
conservative benchmark.

4.2 Two exposure channels

Table 3 reports estimates of equation (2). Contract- reliant industries lost more output: about
2.4 percent per standard deviation of pre-COVID contract reliance (on aggregation to output
totals, Section 6). The foreign-input-dependence channel is comparable in size over the full window
(about −1.8 percent for output, −2.4 percent for employment), and the two exposures are identified
separately in the same regression. Both sourcing margins, contractors at home and suppliers abroad,
shaped which industries held output. Their timing differs, and Section 4.6 takes up what that
implies for reading γ.

Nor did the contraction come through profitability: the operating-surplus share, the labor-
cost share, the value-added share, and per-worker productivity show no contract-reliance effect.
Employment falls in the baseline but is the more fragile of the two real outcomes, as Section 4.4
shows.

Figure 2 reports the event study with 2019 as the base year. The output interaction is flat
before 2020, breaks sharply downward in 2020, deepens through 2022, and remains negative in
2023; employment follows the same path. Estimating both channels’ year interactions jointly places
the acute break on contract reliance alone (Table 3, Panel C): the China-exposure coefficients for
2020–21 are −0.004 and −0.001, against −0.023 and −0.031 for reliance, and the China-exposure
loss arrives only in 2022–23. The two exposures are separable in time as well as in the cross-section.

At monthly frequency the acute loss dates itself more precisely still. In the Federal Reserve’s
G.17 production indexes, aggregated to 63 industry groups covering 91 percent of the panel’s 2019
shipments, the reliance gradient is absent during the lockdown months of spring 2020 and opens as
the aggregate reopens, widest in July–August (−3.1 percent and −2.6 percent per standard deviation;
June–December pooled −2.1 percent to −2.3 percent), months by which the monthly import-shock
literature’s China-input effect had already dissipated (Meier and Pinto, 2024; Lafrogne-Joussier
et al., 2023). Contract-reliant industries were not differentially shut down; they failed to differentially
restart. That timing separates the organizational margin from lockdown incidence and from the
import channel in one exhibit, and it is the fact the mechanism discussion of Section 5.2 builds on.
Construction detail is in Appendix A.

4.3 The gap persists, in five collection systems

A gap that opens in 2020 and is still open in 2023 is the paper’s second result, and because it is the
claim most exposed to a measurement artifact, we establish it in sources that share no collection
machinery with the survey that supplies the treatment. Table 4 assembles them: a mandatory
establishment survey, a voluntary payroll survey, an administrative universe of unemployment-
insurance records, a business register, and a value-weighted production index. Seven of the eight
rows show the gap. The eighth does not, and its identity turns out to be informative.

County Business Patterns establishment counts give the persistence an extensive-margin coun-
terpart. Because the counts reference March of each year, the 2020 count predates the lockdowns
and shows no differential movement. The gap then opens and widens through 2023. Dating the
post period at 2021 and dropping the transition year, the loss is about 2.2 percent per standard
deviation, and it survives removing each industry’s own pre-2020 trend, which leaves a flat detrended
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pre-period and a loss of about 1.4 percent.16 The persistent output gap is therefore not only a
flow shortfall. Contract-reliant industries lost establishments, a durable loss of capacity. The two
margins can be separated exactly, and they operate in sequence: in 2020 the loss is production at
plants already standing, with the establishment count contributing about a seventh of it, while by
2023 the count carries about four-fifths of the remaining gap (Appendix A).

Business Dynamics Statistics, which separates establishment entry from exit at the four-digit
level, decomposes that decline. Its net-count specification reproduces the CBP estimate closely
(about −2.6 percent per standard deviation), and the split then attributes the loss to entry: post-2021
entry rates fall by 0.46 percentage points per standard deviation of reliance, about 6 percent of the
7.2 percent post-period entry rate for manufacturing as a whole.17 That benchmark is itself elevated:
business formation surged nationally after 2020 (Dinlersoz et al., 2021; Decker and Haltiwanger,
2023), so the contract-reliant shortfall opens against a rising tide rather than a falling one. The exit
margin does not move: the exit rate is statistically flat and exits themselves fall, the mechanical
footprint of a shrinking stock closing at an unchanged hazard. Contract-reliant industries did not
shed plants faster; they stopped adding them. The entry shortfall is open in the first COVID
entry cohort (the BDS flow year covering March 2020 through March 2021) and remains open
through 2023: the capacity lost is capacity not being replaced. Appendix A reports the details.
The industry-specific detrending removes a linear pre-2020 trend but not a nonlinear acceleration,
so the panel cannot fully separate acute scarring from a pulling-forward of the secular decline
these industries were already in (Pierce and Schott, 2016). Whether the tail instead reflects the
post-pandemic rotation of goods demand is taken up in Section 4.4: the gap survives that control
essentially unchanged.

Outside the Census collection system the labor margin agrees. In the Quarterly Census of
Employment and Wages, the administrative universe of establishments covered by unemployment
insurance observed at the same six-digit level, employment in contract-reliant industries falls in
2020 and stays below its 2019 level in every post year through 2023 (Table 4). The administrative
precision also surfaces a mild pre-period drift the survey series is too noisy to detect: contract-reliant
industries were already declining relative to the rest by roughly half a percentage point a year
before 2019. The 2020 break is four to five times that slope, and the detrended estimates absorb
it—applying the same industry-specific detrending as the establishment series removes the pre-period
trend and leaves a gap of about 1.7 to 2.3 percent in every post year.18 BLS payroll employment at
the four-digit level moves the same way, drift included.

One row of Table 4 shows no persistence, and it is exactly the one a reader of this literature
would reach for first. In the Federal Reserve’s G.17 industrial production index the reliance gap
opens in 2020 and then closes during 2021, which is the acute-then-recovery profile the pandemic
literature reports. That divergence is not a disagreement between sources but a property of the
object each one measures. The production index is a value-weighted aggregate across industry
groups, and the persistent real gap in our data lives in the unweighted six-digit cross-section,
within four-digit families; between those families what persists is nominal, carried by relative prices.
Deflated shipments aggregated to the index’s own 63 groups reproduce the index almost exactly,
while the same shipments at six-digit resolution retain the gap. A value-weighted, between-family

16p < 0.001 at NAICS-6, with a wild NAICS-3 bound of 0.009; the detrended estimate has p = 0.026.
17BDS inference clusters at NAICS-4, the level at which its aggregated treatment varies; both estimates reject at

conventional levels (p < 0.001 and p = 0.005).
18Detrending does not flatten the pre-period entirely: the largest surviving pre-coefficient, −0.008 in 2017 (p = 0.003),

is a residual of the 2015–2019 trend fit and runs a third the size of the smallest raw post-2020 coefficient, and half the
smallest detrended one.
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real index is the single cut of these data in which no source shows persistence, ours included, and
the production index is exactly that cut. Reading the persistence therefore requires saying at which
resolution and under which weights it holds, which is what Appendix A sets out.

4.4 Robustness and inference

Inference: the clustering ladder. Table 6 reports the full ladder of clustering choices for the
two key specifications, none suppressed. The design rationale for taking NAICS-6 as primary is
in Section 4.1; what the coarser rungs bound is the correlation of treatment and residuals across
industries, and 64 percent of the variance of the pre-COVID reliance cross-section sits inside
three-digit sectors.19

The baseline rejects at every rung: p = 0.002 at NAICS-6 (G = 358), 0.010 at NAICS-4 (G = 86,
wild cluster bootstrap 0.029), and 0.022 under the 21-cluster NAICS-3 wild bootstrap (Webb weights,
null imposed), the standard small-G calibration (Cameron et al., 2008; MacKinnon and Webb,
2017; Roodman et al., 2019) and the most conservative rung. A collapsed pre/post cross-section,
which removes the serial-correlation rationale for clustering altogether (Bertrand et al., 2004), gives
p = 0.001 (Table 5), and within-sector randomization inference, which holds sector composition
fixed, gives 0.030. The two procedures that treat the 21 sectors themselves as the sampling unit
are the ladder’s outer bound: a sector block bootstrap gives p = 0.068 and Ibragimov–Müller does
not reject (p = 0.23). Those procedures discard the within-sector variation that carries half the
treatment, so we take them as the bound rather than the test; what holds at every rung is the
sign (all 21 leave-one-sector-out refits in [−0.028, −0.020]) and the above-median contrast (−0.064,
p < 0.001; wild NAICS-3 p = 0.008). The employment effect is weaker under the conservative
bound (wild p = 0.029 at baseline, 0.072 under controls). Table 5 collects the remaining checks and
Appendix A reports them in full.

Heterogeneity-robust estimand. Because the shock date is common to every industry, the
design has no staggered adoption, so the two-way fixed-effects estimator makes no forbidden
comparisons and places non-negative weight on the underlying dose-specific effects; the only
continuous-treatment concern is that the per-standard-deviation slope averages those responses
under a linearity restriction (CGS). Estimating the CGS dose-response objects directly leaves the
sign intact and the loss concentrated at the top of the reliance distribution, which makes the linear
slope the conservative summary; Appendix A reports the dose-specific effects and their inference.

Within-sector identification. Half the treatment variation is across six-digit industries within
a three-digit sector (Table 1), so the design can be pushed inside sectors, where the sector type
common to a three-digit family is held fixed. Sector-by-year fixed effects, which absorb each sector’s
whole pandemic path, leave the estimate at −1.8 percent per SD (−2.4 percent once composition
controls are added). We read this within-sector estimate as the within-sector floor: it compares more
and less reliant industries inside the same sector-year, not contract-heavy sectors against unlike ones,
and the headline −2.4 percent is the between-inclusive upper estimate. Because sector-by-year effects
push the identifying variation inside NAICS-3 clusters, where the 21-cluster bootstrap loses power,
the specification’s design-based test is within-sector randomization inference: it gives p = 0.055,
and the primary NAICS-6 clustering gives 0.044, with the full ladder in Table 6.

19This is the between/within split of the treatment as it enters the design, and so a different object from the panel
decomposition of Table 1, which pools industry-years over 2005–2021.

12



Pushed one level finer still, to NAICS-4-by-year fixed effects, the gradient genuinely flattens.
The coefficient falls to −0.013 and out of significance at any clustering level, and a split-sample
measurement-error correction attributes only about a fifth of that decline to attenuation, so the
steeper slope lives in the between-family variation and the within-family commodity gradient of
Section 4.6 is doing real work at that margin (Appendix A). The same correction strengthens the
within-sector floor, from −0.018 to an instrumented −0.023. That the effect holds inside sectors,
where the standardized, commodity character of a three-digit family is differenced out, is the
strongest industry-level evidence that reliance is not a relabeling of sector type.

Composition. The first threat is sector type. Interacting post-2020 with pre-COVID upstreamness
(Antràs et al., 2012), the consumer-demand share, an occupation-based teleworkability index, durable
status, physical proximity, and labor intensity leaves the output effect at −0.024 to −0.028, if
anything further from zero. Because the controls push the coefficient away from zero rather than
toward it, its stability across specifications is itself the reassurance: selection on unobservables
would have to run opposite to selection on observables to overturn it.20

Three of those controls carry the demand- and lockdown-based alternatives, against the readings
that these industries simply faced falling demand, could not send their work home, or worked at
close quarters. A direct control for the 2020 shutdown designation points the same way, holding the
effect at −0.022 (Table 5) with a null essential interaction; essential industries are if anything less
contract-reliant (r = −0.31), so the shutdown margin works against the estimate. Thin inventory
buffers, the natural mediator, run the other way: reliant industries hold slightly more inventory
before the shock. Constructions, the controls’ own coefficients, the in-window inventory dynamics
the pre-2018 series cannot reach, and a decomposition of the response into intensive and extensive
margins are in Appendix A.

Industry type. The loss concentrates in low-R&D industries, on a cell-by-cell pattern we read
as descriptive rather than as a tested contrast (Appendix A, Table A1): the commodity margin
most easily contracted out. That raises a sharper version of the composition threat, that reliance
merely marks the standardized, low-R&D end of manufacturing. It does not. Contract reliance is
essentially uncorrelated with R&D intensity (r = −0.02 with the non-production worker share),
so the treatment does not sit on the R&D axis, and racing the two interactions leaves reliance
unchanged (about −2.4 percent) while R&D-by-post carries nothing. Under the full composition
controls the R&D interaction even turns positive (+0.036; high-R&D industries fare relatively
better once demand-side attributes are held fixed, mirroring the concentration just described) and
reliance stays intact (about −2.6 percent). Pre-period industry scale is null and leaves the estimate
unmoved (Table 5), and a placebo sharpens the point: another minor input’s cost share—energy, of
comparable size—interacted with post-2020 yields nothing (Table 5). The contraction attaches to
the contracted-production margin, not to low-R&D status, size, or small input shares in general.

Confound horse races. Four one-issue races, each a row of Table 5 with construction detail in
Appendix A, close the remaining measurement readings. Two ask whether the contraction is really
trade exposure at one remove, and neither says it is. A pre-determined upstream COVID-exposure
control, the input-weighted 2019–2020 contraction of an industry’s supplier sectors, leaves the effect

20The Oster (2019) δ that would drive the coefficient to zero is −4.8 at Rmax = 1.3R̃; the bound shrinks toward
zero as Rmax rises, and because the controls barely move the coefficient or the within-R2, the extrapolation is highly
leveraged, so the direction and stability of the coefficient carry more information than any single δ.
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at −0.021, and a finer NAICS-6 upstreamness measure is null. Embodied import content, the
foreign content reaching an industry indirectly through its domestic suppliers, is the sharper version:
reliance is essentially orthogonal to it (cross-industry correlations −0.16 with the through-supplier
component, 0.02 with the total), and adding it leaves the effect at −0.024 while the embodied
channel is itself present and correctly signed (about −0.023; Table 5). Entering the direct and
through-supplier components separately, collinear with each other and with the China channel,
is the one variant that moves the estimate, to −0.019 (CRV1 p = 0.025, wild 0.081). The other
two ask whether the result turns on how a variable was measured, and it does not: substituting
total import penetration of intermediates for the China measure leaves reliance unchanged (about
−2.4 percent) while carrying the foreign channel itself (about −2.8 percent), so the foreign side of
Table 3 reads as general import dependence; rebuilding that measure from public CEPII BACI
flows rather than the licensed Trade Data Monitor extract reproduces it at r = 0.99 and leaves
reliance at −0.024; and deflating by industry-specific producer price indexes leaves the contraction
unchanged on the common sample, so it is a real-quantity effect.

Pre-trends sensitivity. Because the design rests on parallel trends, we bound the violation it
would take to overturn the result (Rambachan and Roth, 2023): under their relative-magnitudes
restriction the 2020 output effect stays significant for post-period violations as large as the single
largest pre-period deviation (M̄ = 1.0) and the averaged effect survives half that, with breakdown
values identical under either clustering, while the employment effect, whose pre-period drifts up,
does not survive the same relaxation in its first post-year. We run the same sensitivity on the two
series that carry the persistence claim, and they separate. QCEW administrative employment is the
most robust series in the paper on this criterion: its first-post effect survives violations half again
as large as the worst pre-period deviation (M̄ = 1.5), raw and detrended alike, and the averaged
effect survives M̄ = 0.5. That the raw series does as well as the detrended one is not an accident
of the correction, since its pre-period drift runs upward while the estimated effect is negative, so
extrapolating the drift works against the finding rather than generating it. The BDS entry margin
does not clear the same bar: it excludes zero only at M̄ = 0, so any violation proportional to its
pre-period deviations overturns it. The entry decomposition should accordingly be read as the
most likely account of the establishment decline rather than as an independently robust result.
Removing each industry’s own linear trend (fit on 2015–2019 and extrapolated forward) gives a flat
detrended pre-period and a break to −2.3 percent at the shock, −2.2 percent in the acute window
and −2.5 percent over the full window (Table 5; Appendix A). The contraction is a break, not the
continuation of a differential trend.

Demand rotation. The persistence through 2023 invites a demand-side reading: contract-reliant
industries sit at the standardized end of manufacturing, and the 2021–22 goods boom and its
unwinding could have held exactly them down for reasons unrelated to 2020. Two controls address
the post-period path directly, a realized demand-rotation index and the final-use shares interacted
with year fixed effects, and neither moves the estimate—the full-window coefficient goes from −0.024
to −0.023 and the drop-2020 persistence contrast from −0.025 to −0.024 (Table 5; construction, the
event-study paths, and a bad-control variant in Appendix A). The event-study timing points the
same way: the reliance gap opens in 2020–21, before the rotation years, while the channel whose
decline coincides with the rotation window is the import one (Section 4.2).
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4.5 The size of the effect in context

A per-standard-deviation coefficient is hard to weigh without a yardstick, so we benchmark it two
ways, both on the same panel and shock with each standardized exposure entered one at a time,
and Figure 3 reports the comparison. On a common footing, contract reliance moves output about
as much as the foreign-sourcing exposure the pandemic literature has concentrated on (Lafrogne-
Joussier et al., 2023; Meier and Pinto, 2024)—−2.7 percent per standard deviation, against −3.0
percent for total import penetration and −2.2 percent for Chinese-input exposure—through a margin
that literature does not measure, and the exposures the tariff instruments actually reach, Section 301
and Section 232 coverage, carry no significant response of their own. A Shapley decomposition of
the cross-industry variance in the 2019–2020 shipments change yields the same ranking (panel b):
contract reliance accounts for 3.9 percent of the total—nearly two-thirds of what the three exposures
jointly explain—against 1.6 percent for import penetration and 0.6 percent for teleworkability, the
largest single measured contributor, and it ranks first whichever foreign measure it is benchmarked
against. That ranking is conditional on the exposure set, and one variant reverses it: adding
Section-232 steel-input coverage and Section-301 tariff exposure raises the total explained variance
from 6.1 percent to 9.3 percent and puts steel first (3.9 percent of the variance, 42 percent of the
explained portion, against 3.0 percent and 32 percent for contract reliance). We do not lead with
that variant because steel-input coverage reads as a proxy for durable-metals composition, which had
its own 2020 collapse, and neither tariff measure carries an individually significant output response.
Entered jointly with foreign exposure, teleworkability, physical proximity, and upstreamness on one
fixed sample, the reliance coefficient holds at −0.025 (Table 5).

Two limits discipline this. The three exposures together explain only about 6 percent of the
cross-industry dispersion in 2020 output losses, so the shares above are shares of that explained
portion. And the ranking is within a single shock; how contract reliance would rank under a
disruption of another kind is the question Section 5 bounds.

4.6 Interpretation

It might be thought that an input of this size could move output by at most its own share. But
that is not what we find. Recall that one standard deviation of reliance is about 1.6 cents per dollar
shipped; the coefficient runs about 1.5 times that fee. Some gap of this kind is expected, because
contract work is a charge for an operation performed on materials the buyer already owns, and
those materials sit in the buyer’s cost of materials rather than in the fee, so the fee understates the
throughput at risk. It does not run this far. Calibrating gated throughput from the toll rate, the
contractors’ own 2020 throughput loss, and a downstream multiplier reproduces at most about a
fifth of the estimated response, on routes and criteria fixed before measurement (Appendix B).

That failure is informative about what the treatment measures. If the fee’s own throughput can
account for only a fifth of the response, then reliance is not usefully read as a small input share
whose outage propagates in proportion to its size; it marks a production arrangement, and the
arrangement rather than the expenditure is what carries the loss. Two facts already point the same
way. Contractors did not stop producing in 2020, so the loss is not the arithmetic of a missing input
(Section 5.2), and the response survives controls for the input’s closest observable analogs, including
a placebo on another minor input’s cost share (Section 4.4). The residual is the price of that reading:
what distinguishes a production arrangement from the character of the production routed through it
is the firm-level bundle of the introduction, and the calibration bounds the mechanical pass-through
channel without isolating what fills the remainder.
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Complementarity between contracted and in-house tasks is one reading of that residual, a
disruption to the contracted step propagating beyond the step itself; the industry data do not
identify the elasticity of substitution.

Volume carried the loss, not margins or productivity (Table 3), the split the framework delivers
by construction: a disruption removes a fraction of contracted output at unchanged unit economics,
so it surfaces as lost quantity rather than compressed margins (Panel B). These industries lost
output they could not source or produce while the business they retained ran normally. The near
one-for-one transmission of disrupted inputs to output documented for offshore linkages (Boehm
et al., 2019) is the firm-level analog: an input that cannot be re-sourced quickly shows up directly
as lost volume, whether contracted at home or imported from abroad. This operational-control
reading is an interpretation, not a finding: the contract-work item records spending rather than
control, so at the industry level it cannot be separated from the alternative that the standardized
production routinely routed to contractors was itself more exposed to the shock.

The timing of Table 3, Panel C completes the reading of γ: the foreign channel’s annual footprint
arrives only in 2022–23, pooling disruption with the goods-cycle unwind, so γ is a full-window
average rather than an acute-disruption response.21

Relative prices complete the picture. Had contract-reliant industries been rationed while their
customers’ demand held firm, their prices should have risen; they did not move. Estimating
equation (2) with the log industry producer price index as the outcome gives a precise zero, with
or without the full controls, and the price event-study coefficients are individually insignificant
in every post year (Appendix A). In other words, a quantity loss with no relative-price response
says the market did not treat these industries’ output as scarce: demand for it is elastic, and the
reliant industry simply lost the sale. The aggregate supply-chain-pressure inflation of the period ran
through import prices and economy-wide costs (di Giovanni et al., 2022), not through the relative
price of the contract-reliant margin, consistent with the null here. That is what one expects at the
low-R&D, standardized end of manufacturing, where the contraction concentrates (Appendix A),
and it makes the establishment losses above economically legible: capacity that loses volume without
pricing power is not replaced.

Who, if anyone, filled the gap? The trade data give a partial answer: not imports. Estimating
equation (2) with trade outcomes in place of shipments, import penetration of these industries’
product markets shows no differential rise at any horizon through 2023 (the penetration series
behind the foreign channel, available through 2021, agrees), and competing imports fell in the acute
year, by about 3.7 percent per standard deviation; restricting to industries with import data in every
year gives much the same. The synchronized shock hit foreign producers of the same goods, which is
what Section 4.7 documents directly.22 Apparent consumption, shipments plus competing imports,
falls roughly one-for-one with the output loss (about −2.4 percent against a −2.8 percent shipments
reference on the same panel). The differential loss was therefore not offset from abroad: total supply
of these products to the U.S. market fell and stayed lower. Whatever demand substitution occurred
ran across product lines, a margin an industry panel cannot see; it did not run from domestic to

21An annual panel cannot see the V-shaped early-2020 import interruption documented at monthly frequency
(Lafrogne-Joussier et al., 2023; Meier and Pinto, 2024), so the near-zero 2020–21 China coefficients are consistent
with that literature; what the annual data add is that the differential loss still visible at annual frequency in 2020–21
belongs to the organizational margin. The 2022–23 attribution is the one the demand-rotation checks of Section 4.4
complicate.

22The import series carries positive event-study coefficients in 2015–16 (+0.067, +0.033): import growth into
contract-reliant industries was already slowing before COVID. The pre-period at the 2018 base of the estimation
window is flat (−0.002).
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imported varieties of the same products.

4.7 The measure travels

Contract-production reliance is not an American accounting peculiarity. Six other statistical systems
collect a version of the same concept, and this subsection establishes that the measure is portable
and that its output gradient is not an artifact of any one country’s conventions. The two claims are
worth separating, because the first does not depend on the second, and the second is evidence no
single country’s microdata could supply.

Portability is the harder of the two, since the systems disagree about almost everything a mea-
surement convention can disagree about. The Census item is establishment-level and denominated
in shipments. The European measure is enterprise-based and therefore nets out tolling between two
establishments of the same firm, exactly the component the U.S. and Japanese establishment-based
measures retain, and it is denominated in value added. Its legal definition is broader still, pooling
furnished-materials tolling with design-specification subcontracting. Japan’s item sits closest to the
U.S. concept but is published only for larger establishments. Levels consequently differ by an order
of magnitude across systems and are not comparable. Rankings are another matter, and where
two conventions can be checked against each other on the same industries they correspond: across
German four-digit industries the harmonized European variable and the strict furnished-materials
national item rank industries at Spearman 0.77 (Appendix C). What the concept picks out survives
the change of instrument even though its magnitude does not.

That portability is what makes the second claim testable. A gradient estimated from the
Census item alone could reflect how U.S. manufacturers book tolling arrangements rather than what
happened to their production, and finer U.S. data would not settle it, since the booking convention
is common to the whole frame. Re-estimation where the accounting differs does settle it. An artifact
of one collection convention should not survive a switch to the other.

Such re-estimation is possible because the design requires only a pre-2020 cross-section of
subcontracting intensity and a real production series at fine industry detail, and both exist abroad.
For Europe, the treatment is payments to subcontractors over value added at factor cost from the
harmonized Structural Business Statistics, and the outcome is the industrial production index, a
volume measure, for the five countries that publish it at four-digit detail (Germany, Italy, France,
Spain, Greece); the pooled specification carries country-by-industry and country-by-year fixed effects,
so each country’s aggregate pandemic path is differenced out and β is identified from within-country,
cross-industry variation. For Japan, the final Census of Manufactures separately reports the cost of
consigned production on furnished materials—the closest foreign analog of the Census contract-work
item—and the outcome is the METI production index over 75 hand-concorded industry cells.23

In every case the treatment is standardized to one standard deviation within country, so only the
within-country ranking of industries is used; Appendix C details the sources, their conceptual and
collection differences, and what the fixed-effects structure does and does not absorb.

Figure 4 and Table 7 report the acute-window estimate (the 2018–2020 sample, post equal to
2020), which isolates the synchronized phase of the shock, for each economy, alongside the U.S.
estimate from the same window. All eight point estimates (the United States, Japan, the pooled
European panel, and the five European countries within it) are negative. The pooled European
panel gives about −2.7 percent per standard deviation, Japan −2.8 percent, both close to the U.S.

23The European treatment is the 2017 SBS wave at NACE four-digit; the Japanese treatment is the 2019 Census of
Manufactures at JSIC four-digit.
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−2.2 percent; Italy (−6.2 percent) and Greece (−3.5 percent) are individually significant, while
Germany, Spain, and France are negative but imprecise. The event studies share the U.S. shape at
the shock: a flat pre-period, then a sharp 2020 break of about −2.2 percent in pooled Europe and
−2.4 percent in Japan (Appendix Figures A1–A2).

Where the economies differ is afterward. The U.S. loss persists through 2023, while the European
and Japanese gaps close by 2022–2023, so the full-window estimates abroad are negative but
attenuated (pooled Europe about −1.6 percent and imprecise; Japan −0.6 percent, not significant).
The acute window is therefore the comparable object, and the country-level full-window estimates,
two of which turn mildly positive as recovery overshoots the dip, are reported in Appendix C.24

The exercise delivers sign and shape, not magnitudes, and no single country carries it: the
pooled European full-window estimate leans on Greece and Italy, and Japan’s acute estimate rests
on the pooled fine-cell variation (Appendix C reports these sensitivities). What survives them is
the sign pattern across seven statistical systems that collect subcontracting on different units of
observation and against different denominators. The estimate is still identified from one shock; what
it is no longer identified from is one country’s way of recording the margin.

5 Why the Cost Is Contingent

Why should a margin that is only about 1.6 percent of cost move output by more than its own
share, and only under some shocks? Because in normal times it is an ordinary input, and its cost
is contingent on how synchronized the disruption is. This section establishes both: contract work
is an ordinary input in calm times, and a simple framework of correlated supplier risk says when
reliance raises or lowers an industry’s output response to a shock.

5.1 An ordinary input in normal times

Is contract work simply an unproductive input, so that contract-reliant industries pay a steady-state
penalty for using it? Two facts say no, and both say it is a minor input. Its cost share averages
about 1.6 percent of total cost (Section 2), and its output elasticity is small in absolute terms:
a gross-output production function that treats contract work as an endogenous input puts the
contract-work elasticity at 0.05 under both OLS and the control-function GMM, collapsing to a noisy
0.007 under within-industry fixed effects, as the thin within variation would predict (Table 2).25

That 0.05, while small in absolute terms, runs about three times the 1.6 percent cost share.
What can and cannot be read from that gap is set out in Section 4.5; here it serves only to place the
input.26 A direct test reinforces the reading: regressing R&D on contract reliance is null across NSF
R&D expenditure, the non-production share, and non-production employment, so the steady-state

24As in the U.S. panel, the published clusters are the conservative sector-level bound: clustered at the country-
industry unit at which each treatment varies, the pooled acute estimate has p < 0.001, Japan’s p = 0.007, and the
pooled full-window estimate moves from p = 0.14 to p = 0.066, while Germany, Spain, and France remain individually
imprecise at every clustering level (Appendix C).

25Estimated by the control-function approach of Olley and Pakes (1996), Levinsohn and Petrin (2003), and Ackerberg
et al. (2015), cast as one-step GMM by Wooldridge (2009).

26Reading a gap between an output elasticity and a cost share as a wedge is the standard cost-minimization
diagnostic and inherits its assumption. The comparison is also asymmetric in measurement: the cost share is observed
directly, while βc is a lower bound because contract work has no dedicated deflator and is deflated by the materials
index (Table 2). Both features leave the wedge understated rather than manufactured, but neither makes it an
estimated parameter.
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cost is not the capability atrophy a hollowing-out account would predict (Pisano and Shih, 2009).
Contract work is an ordinary input when conditions are normal. The cost identified in Section 4 is
therefore contingent on disruption, not a property of the input’s marginal product.

5.2 An interpretive framework: correlated supplier risk

Whether the domestic-contracting margin is fragile is not obvious a priori: it depends on how
correlated supplier disruptions are. This section sets out a stylized framework for when contract
reliance raises or lowers an industry’s output response to a shock. It is an interpretive device, not
a structural model: its key parameter is not measured, and no estimate elsewhere in the paper
is derived from it. It adapts the relocation-option logic of BFH, in which outsourcing is valuable
because assembly can be shifted across locations, and augments it with a common supply factor
that disables that option. Their empirical counterpart is an incidence result that bears directly on
this paper: exercising that margin loads volatility onto the contractor side.27 The economic content
is an asymmetry in exposure to that common factor between in-house and contract production
(Assumption 1); the resilience consequences turn on how synchronized the disruption is.

What the asymmetry stands in for. The inequality ρ > ρh is a reduced-form stand-in, and
several distinct micro-mechanisms deliver it: an outright contractor shutdown (blackout), scarce
capacity rationed toward the contractor’s own priority customers, no in-house fallback for a step
that was tolled precisely because the capability sits outside, a visibility lag through an unobserved
supplier, or the freight and requalification legs of moving work in process across sites. Each raises
the contracted loss relative to the in-house loss under a common shock.

Two discriminators in the data cut against blackout. Contractors did not shut down: aggregate
receipts of the establishments that sell contract manufacturing rose across the shock ($42 billion
in 2017, $47 billion in 2022), and in 2020 those industries lost less output than manufacturing
as a whole, about 5 percent against 9.7 percent (Appendix B). And the buyer-side loss opens at
reopening, not when a capacity outage would put it (Section 4.2). Contractors kept operating
while the buyers who relied on them lost output, which points to rationing and missing in-house
fallback rather than outage, and fits the concentration of the loss in low-R&D industries. These
mechanisms have a natural home in the incomplete-contracts theory of the firm boundary (Grossman
and Helpman, 2002; Antràs and Helpman, 2008), where non-contractible priority allocation under
an aggregate shock leads an arm’s-length contractor to ration differently than an in-house division;
the framework reads only the sign predictions that follow.

Assumption 1 (Control–flexibility asymmetry). In-house production is under the producer’s direct
control: facing a common, industry-wide disruption it can re-sequence and prioritize, losing a
fraction ρh of in-house output. Contract production is spread over N ≥ 2 substitutable contractors,
so an idiosyncratic outage at one is re-sourced to the others. A common disruption removes that
option at all of them at once, and a contractor allocates whatever capacity it retains across its
own book of customers, where this buyer’s schedule is one claim among many, costing a fraction
ρ > ρh that can be neither re-sourced nor backfilled in house. The assumption does not require
the contractor to stop producing. Its content is that contractors are more exposed to the common
factor than in-house production, not that in-house is immune to it.

27The Mexico/U.S. standard-deviation ratios are 2.03 on the production-worker wage bill and 2.21 on employment,
against 1.53 and 0.77 for aggregate manufacturing.
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Let a producer contract a share c of its tasks and perform 1−c in house, with c pre-determined when
a disruption strikes. A common factor strikes with probability q, the synchronization of supplier
shocks; independently each contractor suffers an idiosyncratic outage with probability π < 1, and
in-house production loses an expected fraction θ to its own idiosyncratic failure. A contracted task
and all N − 1 alternates are down together only with probability πN , so expected contracted loss
per unit is qρ + (1 − q)πN : substitutable contractors diversify the idiosyncratic outages, but the
synchronized component leaves a floor qρ that market thickness cannot lower. That floor is the
resilience counterpart of the failure of idiosyncratic shocks to wash out in production networks
(Acemoglu et al., 2012), and Section 5.3 tests the null it implies. Combining the two bundles, the
marginal value of reliance is

dE[Y ]
dc

= θ − (1 − q)πN − q(ρ − ρh) −−−−−→
N→∞

θ − q(ρ − ρh). (3)

The first term on the right, θ, is the in-house idiosyncratic risk a contracted task escapes. The
second term is the diversification benefit of a thick contractor market, and it vanishes as N grows.
The third term, q(ρ − ρh), is the contractor’s excess exposure to the common factor, and market
thickness cannot lower it. In a thick market the expression falls in the synchronization q and changes
sign at q∗ = θ/(ρ − ρh), which lies in (0, 1) whenever the in-house idiosyncratic loss is smaller than
the contractor’s excess common-factor loss. In other words, routing a task to a contractor trades
plant-specific risk for a share of the economy-wide risk, and the trade is favorable exactly when
disruptions are weakly synchronized.

The re-sourcing option is the relocation option of BFH, here rendered inert by the common
factor, and the fragility at q → 1 is the efficient-yet-fragile network of Elliott et al. (2022); what the
framework adds to either is Assumption 1. The mapping to the estimated shocks follows: a broad,
synchronized collapse (q near one) predicts a negative contract-reliance coefficient, the COVID
case, and diffuse pressure that realizes little synchronized loss predicts roughly zero, the GSCPI
case. A demand-driven contraction carries no common supply factor at all, so it maps to q = 0,
where the expression is non-negative in a thick market; the 2008–09 case is therefore a placebo
for the proposition that not every downturn loads on reliance rather than a third point on the
synchronization ordering.
Section 4 estimates the COVID case; the other two shocks are read through the same lens below.
The data line up with the ordering, and the one out-of-sample sign check they permit, a low-
synchronization shock that should turn the coefficient non-negative, is the 2011 Tōhoku episode, a
low-power sign check reported in Appendix A. Complementarity between in-house and contracted
tasks would sharpen the prediction, the loss rising with reliance, and the quartile dose-response
does rise with reliance.

5.3 The framework’s ordering in the data

Supplier-market thickness. The common floor in equation (3) predicts that a thick contractor
market should not buffer the loss under a broad, synchronized shock, and it does not: interacting
reliance with the pre-determined 2015–2019 mean count of establishments per NAICS-6 (County
Business Patterns), the triple interaction is null, and the effect is −0.025 in thin against −0.027 in
thick markets. Here the null is the prediction: thickness insures against idiosyncratic supplier risk,
which a synchronized shock does not engage.
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Other shocks. Is the cost a general property of contract reliance or specific to COVID? Two
tests on the same panel point to the latter. Replacing the post-2020 dummy with the annual Global
Supply Chain Pressure Index (Federal Reserve Bank of New York, 2025), interacted with pre-shock
reliance, yields no relationship (on the full window or on the pre-COVID window that isolates the
2008–09 crisis, the 2011 Tōhoku earthquake, and the 2017–18 pressures), and the 2008–09 recession,
a demand shock, if anything moved reliant industries the other way (its pre-trends are not clean). An
acute, economy-wide collapse and a smooth pressure index are different objects, so these nulls bound
the COVID estimate rather than overturn it. The null also disciplines the persistence: measured
pressure had normalized by 2023 while the output gap and establishment losses had not, so the
persistent component tracks the establishment scarring of Section 4.3, not ongoing disruption. The
sign pattern is what Section 5.2 implies: negative under a broad synchronized collapse, muted under
diffuse pressure, non-negative under a demand shock. A dated check of the sharper sign-change
prediction—Tōhoku 2011, where the estimate turns positive but imprecise—is in Appendix A.

6 Incidence and Policy

Section 4.5 sized the margin against the other exposures that competed to explain the 2020 collapse.
The natural next question is what the gradient comes to in output, and this design does not support
that translation: the coefficient is an equal-weighted-industry estimand, and Appendix A shows the
acute and pooled responses do not carry over to the dollar-weighted one. The arithmetic is set out
there for a reader who wants the order of magnitude; nothing in this section rests on it.

What the design does support is the relative gap. It nets out anything common to all industries
and cannot see demand that reallocated across product lines, so it bounds the economy-wide loss
from above; to that extent it measures which industries, establishments, and places absorbed the
shock. The one offset the data do rule out is the most direct: the gap was not filled from abroad,
and apparent consumption of these products fell roughly one-for-one (Section 4.6), so within these
product markets the shortfall is real. Which workers and places bear the transition cost is an
incidence question the industry data leave open.

Where the vulnerability sits and where industrial policy is aimed do not obviously line up
(the cell mapping is descriptive; Appendix A). The low-R&D, low-export-control set holds 31
percent of manufacturing shipments and 32 percent of employment, clusters in Southern and Plains
states—Alabama, Arkansas, Mississippi, and Georgia hold 40–44 percent of their manufacturing
employment in it, against 24–31 percent in Massachusetts, New Hampshire, and California—and
overlaps the regions most exposed to the 2001–2011 China trade shock (Autor et al., 2013). It
is largely disjoint from the recipients of CHIPS Act awards and Section 232 protection: about 4
percent of the set’s employment lies in a covered industry, and none in the semiconductor industries
CHIPS targets. Across states its employment share is negatively correlated with exposure to the two
programs together (Pearson r ≈ −0.5), strongly negative for CHIPS (r ≈ −0.65) and mildly positive
for Section 232 alone (r ≈ 0.12); part of the CHIPS gap is mechanical, since the set is defined by
low R&D while CHIPS exposure is proxied by the R&D-intensive semiconductor industry. The one
industry in both maps is steel.28

28Cell shares are the NAICS-6 cell assignment of Appendix A apportioned to states through the County Business
Patterns NAICS-3 employment distribution. Section 232 coverage is the steel and aluminum NAICS-6 industries;
CHIPS exposure is proxied by semiconductor manufacturing (NAICS 3344), since award dollars are not yet realized as
output. The largest announced fabrication awards (Arizona, Ohio, New York, Texas) sit in low-vulnerability states, so
an award-weighted map would, if anything, widen the gap.
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Two policy implications follow, at the altitude the evidence supports. First, the import lever
is poorly aimed at this margin. That conclusion rests on the domesticity evidence—the near-
orthogonality to import penetration and the direct-measurement and mirror bounds of Section 3.1—
rather than on the weakly identified substitution test of Section 3.2, which only corroborates it.
The one import restriction that reaches part of the vulnerable set is Section 232, through steel (the
mildly positive r ≈ 0.12 above); but it does so by protecting a domestic commodity industry, not
by reversing an offshoring that the orthogonality evidence says did not occur, so it is a narrow
exception rather than a counter-example. Recent evidence sharpens the point: the 2018–2019 tariffs,
the most direct use of the import lever, raised input costs and lowered output, employment, and
exports among the globally connected U.S. manufacturers they reached (Flaaen and Pierce, 2024;
Handley et al., 2025), so the instrument is not only poorly aimed at the contract-production margin
but costly where it lands. And the lever that carries most reshoring spending is not an import
restriction at all: whether subsidy- or procurement-based industrial policy could rebuild domestic
contracting capacity is a separate question this design does not address.

Second, the industries that bore the output cost are low-R&D, geographically concentrated, and
largely outside current industrial-policy support, so the vulnerability map and the policy map do
not align. The evidence identifies where the vulnerability sits; which instrument fits—inventory,
dual sourcing, capacity reservation, each with its own cost—is a separate question.

The incidence within these industries is also unresolved here. The output loss could fall on the
firms that contract production out, on the contractors performing the work (whose own exposure
an industry aggregate does not reveal) or on workers through the fissured-employment margin that
domestic outsourcing runs along (Weil, 2014; Goldschmidt and Schmieder, 2017). Separating them
is a firm- and worker-level question, and it bears on whether resilience policy should target buyers,
suppliers, or places.

A final qualification bounds the policy reading. The result is identified from a broadly synchro-
nized shock, the q → 1 case of Section 5.2, while the disruptions that motivate reshoring are mostly
the opposite kind: a decoupling from one supplier country, a single-strait contingency, an embargo
on one input. Those are low-q, targeted shocks, where the diversification logic runs the other way,
and about them the design is silent in either direction. A policy that treats all supply disruption
alike may misread one case or the other; which class of disruption an instrument is meant to address
is the prior question.

7 Conclusion

We began by asking whether the import lever that dominates resilience policy reaches the margin
through which disruption cuts domestic output. It largely does not. The margin that carries the
domestic vulnerability—reliance on outside contractors for production steps—is predominantly
domestic, nearly orthogonal to import penetration, and shows no sign of having been displaced by
foreign sourcing. In normal times it is an ordinary, minor input. When COVID-19 hit, industries one
standard deviation more contract-reliant lost about 2.4 percent more output, a contraction that fell
on physical volume, opened as the economy reopened, and persisted through 2023 in employment,
establishment counts, and the unweighted six-digit real cross-section. What followed was a durable
net decline in establishment counts driven by depressed entry, and the same sign appears in five
European countries and Japan; a foreign-input channel runs alongside it in the same regression,
arriving two years later, and that channel is the one the import lever can touch. Contracting a step
out diversifies idiosyncratic supplier risk while loading on a common supply factor, so the kind of
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shock matters: the estimates line up with that ordering, negative under the broad 2020 collapse
and absent under diffuse supply-chain pressure. Most of the disruptions that motivate reshoring are
targeted rather than synchronized, and about those this design has nothing to say.

The same three boundaries frame the results. One shock, though no longer one economy.
One organizational margin, tolling and commission work on owned materials, and not the whole
make-or-buy boundary. And one level of aggregation: the industry design identifies the output
response of the contract-reliant margin but cannot separate it from the fragility of the standardized
production that tends to be routed to contractors. It remains to be seen whether the organizational
friction of the contracting relationship or the character of the production routed through it carries
the loss.
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Data and Code Availability

The estimation panel is built from public data. Contract work, shipments, employment, and value added come
from the Census Bureau’s Annual Survey of Manufactures, 2022 Economic Census, and Annual Integrated
Economic Survey (api.census.gov); establishment counts from County Business Patterns, establishment
entry and exit flows from Business Dynamics Statistics, and competing-goods imports by NAICS from the
international-trade series, via the same API and census.gov flat files; productivity and real quantities from
the NBER-CES Manufacturing Industry Database (data.nber.org); producer prices and the occupation-
based teleworkability and physical-proximity inputs from the Bureau of Labor Statistics and the O*NET
database (Work Context, physical proximity); administrative employment from the BLS Quarterly Census
of Employment and Wages (national annual averages by six-digit industry, open-data area slices), payroll
employment from the BLS Current Employment Statistics API, and the monthly G.17 industrial production
indexes of the Federal Reserve via FRED; input–output structure, the imported-input content built from the
2017 benchmark detail Use table, and the real final-demand component paths behind the demand-rotation
controls (NIPA Table 1.1.6) from the Bureau of Economic Analysis; R&D intensity from the National Science
Foundation Business Enterprise R&D survey; the supply-chain pressure index from the Federal Reserve Bank
of New York; and upstream propagation weights from the ADB Multi-Regional Input–Output tables. The
HS10-to-NAICS6 concordance is from Pierce and Schott (2012). The cross-country panels use only free,
openly downloadable sources: Eurostat Structural Business Statistics (sbs is subc r2, sbs na ind r2), the
Eurostat short-term-statistics production index (sts inpr a), and the balance-of-payments services detail
(bop its6 det) via the Eurostat API; Japan’s Census of Manufactures and METI production index via
anonymous e-Stat file downloads (statInfId 000032112513 and 000040172370); the Destatis cost-structure
survey (GENESIS table 42251-0006) for the German validation; Mexico’s EAIM annual manufacturing survey,
EMIM volume indexes, and IMMEX program statistics via INEGI’s open-data archives (eaim anual 2018 csv,
emim indices nac csv, immex manu act csv); and the OECD–WTO BaTIS balanced services panel for the
Mexican balance-of-payments verification. The receipts-side validation uses the Economic Census NAPCS
product-line APIs (ecnnapcsprd 2017 and 2022; ecnipa 2012). The firm-based import cross-check in
Section 2 uses the Census experimental Trade by Industry and Product Statistics (imports by four-digit
NAICS, 2021–2023). The headline contract-production-reliance results use only these public sources. The
foreign-input-exposure channel is constructed from bilateral trade flows licensed from Trade Data Monitor;
rebuilding it from public CEPII BACI flows (U.S. HS-6 imports mapped to NAICS-6 through the same
Pierce–Schott crosswalk) reproduces it closely. The BACI- and TDM-based industry measures correlate
at r = 0.99, and re-estimating the two-channel model on the BACI measure leaves the contract-reliance
coefficient at −0.024 and the foreign coefficient at −0.020 (against −0.018 from TDM), so the headline does
not depend on the licensed source. Census, BLS, and BEA pulls require free API keys, documented in the
replication repository.

Replication code (data construction, estimation, and figures) is available from the author on request and
will be posted to a public repository upon publication. The Census/BEA/BLS/NBER-CES/NSF inputs are
redistributable or freely downloadable; the Trade Data Monitor extract is not, and the repository documents
how to reconstruct the foreign-exposure variable from Comtrade or BACI.
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Table 1. Variance decomposition of contract-production reliance

Component Share of variance
Between three-digit sectors 0.31
Between six-digit, within sector 0.50

Total cross-industry 0.81
Within industry, over time 0.19

of which common year effect 0.002
Notes: Nested ANOVA of contract-production reliance on
the 2005–2021 base panel (unbalanced). Shares sum to one
up to rounding; the balanced sub-panel gives a 0.73 cross-
industry share.

Table 2. Production-function elasticities: contract work is an ordinary input

Input elasticity OLS Within FE Control-function GMM
Contract work (βc) 0.050∗∗∗ 0.007 0.054∗

Materials 0.70∗∗∗ 0.54∗∗∗ 0.72∗∗∗

Capital 0.18∗∗∗ −0.06 0.21∗∗

Labor 0.07∗∗∗ 0.27∗∗∗ 0.04
Returns to scale 0.99 0.82 1.00

Notes: Gross-output production function on a deflated real-quantity NAICS-6
panel, 2005–2016, applied at the industry level as a prototype, not a firm-level
estimator. All three columns estimate the full input vector; an energy elasticity
is included in every specification but not shown, so the rows above do not sum
to the returns to scale reported beneath them. It is small and insignificant out-
side the fixed-effects column, and negative under OLS (−0.012) and the control
function (−0.024), which is why those two columns sum to slightly more than
their returns to scale; under fixed effects it is +0.066 (p = 0.012). Returns to
scale is the sum of all five input elasticities. Control-function GMM follows
Wooldridge (2009)/Ackerberg et al. (2015); standard errors are industry-block
bootstrapped. Contract work is deflated by the materials deflator, so βc is a
lower bound on magnitude. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table 3. The COVID shock: two exposure channels, real quantities and margins

CPRpre× post Foreignpre× post

Outcome β̂ (SE) p γ̂ (SE) p

Panel A. Real quantities
log output (shipments) −0.024 (0.008) 0.002 −0.018 (0.008) 0.024

above-median contrast −0.064 (0.016) < 0.001 — —
log employment −0.022 (0.007) 0.002 −0.024 (0.006) < 0.001
log labor productivity −0.002 (0.004) 0.69 0.005 (0.005) 0.24

Panel B. Margins and factor shares
operating-surplus share −0.001 (0.002) 0.44 0.000 (0.002) 0.89
labor-cost share 0.000 (0.001) 0.73 −0.001 (0.001) 0.32
value-added share −0.002 (0.002) 0.32 −0.001 (0.002) 0.81

Panel C. Timing: joint year-by-year coefficients, log output
2020 −0.023 (0.006) — −0.004 (0.006) —
2021 −0.031 (0.007) — −0.001 (0.008) —
2022 −0.035 (0.009) — −0.036 (0.014) —
2023 −0.018 (0.011) — −0.028 (0.012) —

Notes: Each row is a separate estimate of equation (2) on 2018–2023 with NAICS-6 and
year fixed effects (N = 2112). The continuous treatment is one SD of pre-COVID contract
reliance; the foreign channel is one SD of pre-COVID China-input exposure; the above-median
contrast replaces the continuous treatment with an indicator for reliance above the industry-
level median (its employment analog is −0.057, p < 0.001). Standard errors and p-values are
CRV1 clustered at NAICS-6, the primary level (Section 4.4); the conservative NAICS-3 wild
cluster bootstrap bounds (Webb weights, null imposed, B = 9999) are 0.022 for output, 0.029
for employment, and 0.008 for the above-median contrast, with the full clustering ladder in
Table 6. Panel A shows the cost falls on real volume; Panel B shows it does not run through
profitability or factor shares for either channel. Panel C reports the year-by-year coefficients
from estimating both channels’ year interactions jointly (base year 2019, CRV1 standard
errors at NAICS-6): the reliance loss arrives in 2020–21, when the China-exposure coefficients
are zero, and the China-exposure loss arrives only in 2022–23.
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Figure 1. Contract reliance is statistically distinct from imports
Notes: Contract-production reliance against import penetration (imports over shipments plus imports,
built from the HS10-to-NAICS6 concordance of Pierce and Schott, 2012). Panel (a) plots industry means
for 2015–19; the cross-industry fit has R2 = 0.01 (r = 0.10). Panel (b) residualizes both variables on
NAICS-6 and year fixed effects, so its slope is the within-industry, over-time relationship, which is flat
(within R2 < 0.001, coefficient insignificant). If contract work were relabeled imports, both panels would
slope up steeply. A horse race against the foreign-input channel, in which the two enter as separate co-equal
coefficients, is in Table 3.
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Table 4. The persistent gap in five collection systems

Source Frame Outcome Acute Through 2023
Panel A. Output

ASM/EC/AIES survey, NAICS-6 log shipments, nominal −0.022 −0.025
ASM/EC/AIES survey, NAICS-6 log shipments, real −0.031 −0.025
G.17 index value-weighted, 63 groups real production −0.021 0.00

Panel B. Labor
QCEW UI universe, NAICS-6 log employment −0.023 −0.028
CES payroll survey, NAICS-4 log employment — −0.020
ASM/EC/AIES survey, NAICS-6 log employment — −0.028

Panel C. Establishments
CBP business register, NAICS-6 log establishments −0.006 −0.025
BDS business register, NAICS-4 log entries — −0.072

Notes: Coefficients on one standard deviation of pre-COVID contract reliance interacted with the indicated
year, from equation (2) with industry and year fixed effects. The six sources span five collection systems (CBP
and BDS both derive from the Census Business Register); the systems share no collection machinery with each
other, and only the first two rows share it with the survey that supplies the treatment. The acute column is
the event-study coefficient for 2020 except in the G.17 row, where it is the pooled June–December estimate, the
months in which the monthly gradient opens (Appendix A); the CBP acute cell is insignificant by construction,
since the count references March 12 and predates the lockdowns. The final column is the 2023 event-study
coefficient, except that the nominal-shipments row reports the 2021–2023 pooled persistence contrast with 2020
dropped, and the CES row the midpoint of its −0.018 to −0.022 range over 2021–2023. QCEW coefficients run
−0.023 to −0.031 raw and −0.017 to −0.023 after the industry-specific detrending whose numbers the text quotes.
Real shipments are PPI-deflated on the 293 industries with a continuous six-digit series. BDS is published at
NAICS-4, so its standardized magnitude is per four-digit standard deviation and is not comparable in size to the
six-digit rows. The G.17 row is the one value-weighted, between-family real object in the table, and the text and
Appendix A explain why it is the cut in which no source, ours included, shows persistence. Inference, clustering,
and pre-period treatment for each row are in Section 4.3 and Appendix A.
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Table 5. Robustness of the output contraction

Specification β̂ (CPRpre×post) p

Baseline (nominal shipments, full sample) −0.024 0.022b

Panel A. Composition and confound controls
+ full composition controls −0.028 0.032b

+ pre-COVID inventory intensity × post −0.022 0.019b

+ upstream COVID exposure × post (ADB-MRIO) −0.021 0.018b

+ embodied import content × post (BEA I–O) −0.024 0.025b

+ physical proximity × post −0.024 0.023b

+ R&D intensity and size × post −0.024 0.020b

+ energy cost share × post (placebo input) −0.024 0.025b

+ essential-industry (CISA) × post −0.022 0.033b

+ realized demand-rotation index −0.023 0.023b

+ final-use composition × year fixed effects −0.023 0.019b

Panel B. Measurement
Foreign channel = total import penetration −0.024 0.035b

Real output (PPI-deflated, common sample) + controls −0.034 0.022b

Panel C. Fixed-effects structure and trends
NAICS-3 × year fixed effects −0.018 0.055r

NAICS-4 × year fixed effects −0.013 0.225c

Industry pre-trends removed (fit 2015–19) −0.025 0.051b

Panel D. Inference variants
Collapsed pre/post cross-section (two periods) −0.024 0.001h

Randomization inference (baseline) −0.024 0.003
Leave-one-sector-out (each of 21 NAICS-3) [−0.028, −0.020] all < 0.05

Notes: Each row is the CPRpre×post coefficient on log output from equation (2), 2018–2023, NAICS-6
and year fixed effects. b is a wild cluster bootstrap p (Webb weights, null imposed, B = 9999, 21
NAICS-3 clusters), the conservative rung of the clustering ladder; the baseline’s primary NAICS-6-
clustered p is 0.002 (Table 6). The baseline randomization-inference row permutes the cross-sectional
treatment across industries. r is randomization inference permuting the treatment across industries
within NAICS-3 sectors (B = 1999), the design-based test for the sector-by-year specification, whose
NAICS-6, NAICS-4, and NAICS-3-wild p-values are 0.044, 0.062, and 0.21. c is CRV1 at NAICS-4 (86
clusters); this specification identifies only from within-four-digit variation, and a split-sample measure-
ment check (Section 4.4) finds its smaller coefficient is mostly a genuinely flatter within-family gradient
rather than attenuation. h is heteroskedasticity-robust on the 358-industry collapsed cross-section
(mean post-2020 minus mean pre-2020 log output), which removes the serial-correlation rationale for
clustering (Bertrand et al., 2004). The construction of each added control, and its own coefficient, are
given in Section 4.4 and Appendix A. The real-output row deflates by industry PPI on the 300 covered
industries and reports the full-control specification; on that common sample the deflated and nominal
coefficients coincide, so the gap to the −0.024 baseline is the narrower sample and the added controls,
not deflation (Appendix A). Dating the post period at 2021 with 2020 dropped, the persistence con-
trast is −0.025 (wild p = 0.026) and stays −0.024 under either demand-rotation control. Appendix A
reports the leave-one-industry-out influence diagnostics.
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Table 6. The clustering ladder: inference matrix for the output contraction

Baseline Sector × year
Procedure NAICS-6 + year FE + NAICS-3×year FE

β̂ (CPRpre×post) −0.024 −0.018
Panel A. Industry-level variation as the effective sample

CRV1, NAICS-6 clusters (G = 358) 0.002 0.044
CRV1, NAICS-4 clusters (G = 86) 0.010 0.062
Wild cluster bootstrap, NAICS-4 0.029 0.090
Wild cluster bootstrap, NAICS-3 (G = 21) 0.022 0.21
Randomization inference, within-sector 0.030 0.055

Panel B. Sector as the sampling unit
Sector block bootstrap (heterogeneity-robust estimand) 0.068 —
Ibragimov–Müller (G = 21 sectors) 0.23 0.23

Notes: p-values on the CPRpre×post coefficient for the two key specifications (log output, 2018–2023, two-channel),
all computed on the same sample; none suppressed. Primary cells in bold: the panel is the population of six-digit
industries and the treatment varies at NAICS-6, with 64% of its variance inside three-digit sectors, so NAICS-3
clustering is the conservative bound on assignment correlation rather than the mandated level (Abadie et al.,
2023). Panel A runs from the assignment level to that bound, so p rises as the effective sample coarsens; Panel B
treats the 21 sectors themselves as the sample. Wild cluster bootstraps use Webb weights with the null imposed
(B = 9999); within-sector randomization inference permutes pre-COVID reliance within NAICS-3 (B = 1999)
and is the design-based test for the sector × year specification, whose identifying variation sector-by-year effects
push inside clusters, where the NAICS-3 bootstrap loses power. CRV1 at NAICS-3 gives 0.007 (baseline) and
0.085 (sector × year) but over-rejects at G = 21; unrestricted randomization inference gives 0.003 and 0.013 but
ignores the sector clustering of treatment and shock; neither is leaned on. The sector block bootstrap resamples
whole NAICS-3 sectors for the heterogeneity-robust average effect of Section 4.4. Ibragimov–Müller t-tests the 21
sector-level coefficients and does not reject; it is the ladder’s most conservative member. An independent wild
cluster bootstrap that refits the full model on each draw reproduces the NAICS-3 p-value (0.021), so that rung is
not an artifact of the bootstrap implementation.
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Table 7. The acute COVID output response of contract-production reliance across economies

Economy Treatment source Outcome Cells Acute 2018–20

β̂ (SE) p

United States ASM contract work, 2015–19 shipments 358 −0.022 (0.007) 0.007
EU-5 pooled SBS subcontracting, 2017 prod. index 713 −0.027 (0.009) 0.002

Germany (same) prod. index 172 −0.015 (0.016) 0.36
Greece (same) prod. index 91 −0.035 (0.011) 0.006
Spain (same) prod. index 152 −0.019 (0.016) 0.23
France (same) prod. index 150 −0.005 (0.010) 0.58
Italy (same) prod. index 148 −0.062 (0.025) 0.020

Japan Census of Mfg. consigned prod., 2019 prod. index 75 −0.028 (0.011) 0.020
Notes: Each row estimates the same design: log real activity on pre-COVID contract-production intensity (stan-
dardized to one SD within the economy) interacted with post-2020, industry and year fixed effects, on the acute
window 2018–2020 (post = 2020); the full-window estimates are in Appendix Table A4. U.S.: NAICS-6, log nomi-
nal shipments, two-channel specification of equation (2), CRV1 on 21 NAICS-3 clusters for comparability with the
sector-level clustering of the foreign rows; under the primary NAICS-6 clustering the acute coefficient has p = 0.001,
and the NAICS-3 wild cluster bootstrap gives 0.038 (dropping the import channel gives −0.023). EU: treatment is
Eurostat SBS payments to subcontractors over value added at factor cost (NACE four-digit, 2017 wave); outcome
is the STS industrial production index; the pooled row uses country-by-industry and country-by-year fixed effects,
clustered on country-by-NACE-2; country rows use industry and year fixed effects, clustered on NACE-2. Japan:
treatment is consigned-production cost over shipments from the final Census of Manufactures (2019, establishments
with 30 or more employees); outcome is the METI production index over 75 concorded cells, clustered on JSIC-2.
As in the U.S. panel, these sector-level clusters are the conservative bound; the unit-level (NACE-4 and concordance-
cell) ladder is reported in Appendix C. Sources, conceptual differences, and construction detail are in Appendix C.

35



2015 2016 2017 2018 2019 2020 2021 2022 2023
Year

0.06

0.04

0.02

0.00

0.02

0.04

D
iff

er
en

tia
l e

ffe
ct

 o
f 1

 S
D

 p
re

-C
O

V
ID

 C
PR

Log output (shipments)
Log employment

Figure 2. Event study: persistent contraction in contract-reliant industries
Notes: Coefficients on pre-COVID contract reliance (one SD, standardized) interacted with year dummies,
base year 2019, window 2015–2023, NAICS-6 and year fixed effects; the event study extends the pre-period
of the 2018–2023 estimation window back to 2015 to display longer pre-trends. There is no 2017 observation
(a Census of Manufactures year for which contract-work detail is not published), and the plotted series
interpolates across it. Shaded bands are CRV1 95% intervals; whiskers are wild cluster bootstrap 95%
intervals (Webb weights, null imposed, B = 9999, 21 NAICS-3 clusters, the conservative rung of Table 6).
Pre-2020 coefficients are small and, for output, insignificant; the employment series shows a mild pre-2020
drift discussed in Section 4.4.
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Figure 3. Contract reliance against the measured exposures, on a common footing
Notes: Panel (a): the post-2020 log-output response per one SD of each exposure, entered one at a time in
equation (2) on the same panel and window (Section 4.5); whiskers are CRV1 95% intervals on 21 NAICS-3 clusters,
the conservative level. Rows are grouped by the kind of exposure—the contracting margin, foreign sourcing,
tariff coverage, pandemic operability, and supply-chain structure—not sorted by magnitude. Of the eleven, only
contract reliance and the two import measures carry intervals that exclude zero. Panel (b): Shapley shares of the
cross-industry variance in the 2019–2020 shipments change for the three exposures entered jointly; the dotted line is
their joint explained share. Most of the cross-industry dispersion in 2020 losses is explained by none of the measured
exposures, so the shares are shares of that explained portion.
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Figure 4. The acute-2020 output response of contract-production reliance, by economy
Notes: Acute-window (2018–2020) coefficients on pre-COVID contract-production intensity (one
within-economy SD) interacted with post-2020, with 95% confidence intervals; specifications and
sources as in Table 7. Filled markers are the three headline panels (U.S., Japan, pooled EU-5); open
markers are the five European countries estimated individually inside the pooled panel. Magnitudes
are not comparable across economies because the underlying subcontracting concepts differ in breadth
(Appendix C); the exhibit’s content is the sign pattern.
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A Extended Robustness and Inference

This appendix details the checks summarized in Table 5 and Section 4.4. The production-function
elasticities of Section 5.1 (Table 2) are reported with the other tables, which follow the references
and precede this appendix.

The dose-response and the heterogeneity-robust estimand. Splitting pre-COVID reliance
into quartiles, the post-2020 output gap relative to the least-reliant quartile is −0.4% in the second
quartile, −4.7% in the third, and −8.3% in the most reliant (Figure A3): the contraction rises
with the dose and is concentrated in the most contract-reliant industries. The individual quartile
magnitudes are imprecise under a cluster bootstrap over the 21 sectors, so we read the dose-response
as corroborating the direction of the headline effect—more reliance, more loss—rather than as
identifying its curvature.

Taking the CGS objects directly—the dose-specific effect relative to the least-reliant quartile
and its treated-weighted average—the average output loss of an above-bottom-quartile industry is
−0.045 over the full window and −0.027 in the acute window, where it is not individually significant
(p = 0.31). Both are larger in magnitude than the −0.024 per-standard-deviation slope, because
the loss concentrates at the top of the reliance distribution, which is why the linear coefficient
is the conservative summary. Resampling whole NAICS-3 sectors, the overall effect is borderline
(95% interval [−0.079, 0.003], p = 0.068), and the implied average causal response, the slope of the
dose-response curve averaged over the treated doses, is sensitive to the dose resolution—the same
conservatism under which the curvature is not separately identified.

Split-half measurement-error correction. NAICS-4-by-year fixed effects attenuate the co-
efficient to −0.013 (Table 5), and a split-sample check shows the decline is mostly real rather
than statistical. The pre-period reliance measure averages four survey years, so its 2015–16 and
2018–19 halves supply two readings of the same exposure; instrumenting one with the other corrects
classical measurement error, with first-stage F between 190 and 474 across specifications. The halves
correlate at 0.73 within four-digit families, implying a within-family reliability of 0.84 against 0.92
in the baseline, so a homogeneous-coefficient attenuation prediction for the within-family estimate
is −0.024 × 0.84/0.92 = −0.022. The error-corrected estimates are −0.013 to −0.019 (the larger
in magnitude with p = 0.082), so attenuation accounts for roughly a fifth of the observed decline
and the within-family gradient is genuinely flatter. The same correction runs the other way at
the three-digit level, strengthening the within-sector floor from −0.018 to an instrumented −0.023
(p = 0.024).

The cell grid. Table A1 reports equation (2) estimated within each cell of the R&D-by-export-
control-exposure grid. Point estimates sit at −0.030 and −0.049 in the two low-R&D cells and near
zero in the two high-R&D ones, so the heterogeneity runs on the R&D dimension and not on the
export-control axis. The cells are not statistically distinguishable, since the pooled triple interaction
has p = 0.64, which is why the concentration is read as descriptive throughout.

Real output, common sample. Deflating by industry PPI (300 of the 358 industries) gives
−3.5% per SD real against −3.6% nominal in the baseline, and −3.4% real against −3.9% nominal
with the full controls (real CRV1 p = 0.001, wild p = 0.022 with controls). Deflation does not move
the estimate; the PPI-covered industries simply contracted somewhat more than the full panel
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Table A1. The output contraction concentrates in low-R&D industries

Cell log output CPRpre×post log employment
Low R&D, low export-control −0.030 −0.023
Low R&D, high export-control −0.049 −0.033
High R&D, low export-control −0.011 −0.014
High R&D, high export-control −0.006 −0.017

Notes: Equation (2) estimated within each cell of the R&D×export-control-exposure
grid, 2018–2023. The pooled triple interaction testing whether the low-R&D/low-export-
control cell is differentially more negative is insignificant (p = 0.64 for output), so the
concentration is on the low-R&D margin. Significance stars are omitted: cell-level CRV1
rests on the few NAICS-3 clusters within each cell, where it over-rejects (Section 4.4),
and the wild cluster bootstrap p for the low-R&D/low-export-control output coefficient
is 0.23. The cell pattern is read as descriptive in the text, not as a tested contrast.

(−3.6% versus the −2.4% headline), so the gap is sample composition, not deflation. The industries
without a continuing six-digit PPI series are concentrated in machinery, electrical equipment, and
transportation equipment, where BLS publishes at coarser product detail. Estimated year by year
on the PPI-balanced membership (293 industries, 2018–2023), the real series reproduces the nominal
path: −3.1%, −3.2%, −2.2%, and −2.5% per SD for 2020–2023, each p ≤ 0.015, so deflation
preserves the year-by-year persistence as well as the pooled coefficient. A 2019-shipment-weighted
variant shows no significant real gap in any year, but the weights concentrate heavily (Kish effective
N ≈ 61 of 358; petroleum refining alone carries a tenth of the weight), so we read it as underpowered;
the measurement decomposition below locates where the real persistence sits.

The persistent gap across measurement systems. The monthly reopening-phase timing
reported in Section 4.2 is estimated on the Federal Reserve’s G.17 industrial production indexes at
the industry-group level: 63 groups cover 91% of the panel’s 2019 shipments, with both exposures
aggregated on shipment weights, estimated at monthly frequency over 2015–2023 with the twelve
months of 2019 pooled as base. The June–December 2020 pooled coefficients carry p between
0.08 and 0.12 at this aggregation, and the 2020 average matches the annual acute estimate. (The
China-exposure series in the production index is dominated by the quality-adjusted computer and
electronics group; excluding that group, its profile matches the annual timing of Section 4.2, with
no acute footprint and losses arriving in 2022–2023.)

In the same data the reliance gap closes during 2021 while the shipment gap does not, and the
difference decomposes cleanly. At the identical 63-group aggregation, nominal shipments retain the
persistent path (−2.0%, −2.8%, −2.2% for 2021–2023) while PPI-deflated shipments match the
production index, both within a point of zero after 2020; at six-digit resolution the real persistence
is fully present (preceding paragraph). The persistent real gap therefore lives in the unweighted
six-digit cross-section, within four-digit families; between family aggregates, what persists is nominal,
carried by relative prices. A value-weighted, between-family real index is the one cut of the data
in which no source shows persistence, ours included, and the production index is exactly that cut.
The labor margin needs no such qualification: administrative QCEW employment (Section 4.3) and
BLS payroll employment at the four-digit level (−1.8% to −2.2% per SD, 2021–2023) agree with
the Census series. QCEW worksite counts also fall monotonically (−3.1% by 2023) but are not
significant net of industry trends on their own; the register-based CBP and BDS series remain the
basis for the establishment margin.
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The effective sample. Ordinary least squares identifies a variance-weighted average, so the
regression’s own weights answer the question of which industries identify the reliance coefficient
(Aronow and Samii, 2016). Squaring the residualized treatment and aggregating to industries, the
identifying weight concentrates: its Kish effective sample is 31 industries of 358, the ten largest
weights carry 49% of the total, and by sector the weight sits in fabricated metal products (34% of
identifying weight against 7% of shipments), apparel (16% against 0.2%), and leather (8% against
0.1%) (Table A2)—the formal statement of the commodity tilt that the leave-one-industry-out
exercise flags. The effective sample is also far more reliant than the panel it is drawn from: its mean
contract reliance is 5.6% of shipments against 1.2% in the panel as a whole, which is to say the
coefficient is identified in the region of the dose distribution where the nonparametric dose-response
bites. It is not, however, drawn from systematically smaller industries: mean 2019 shipments
are $9.5 billion against $15.9 billion in the panel, with the same median. The concentration is
in leverage, not in outcome. Signed contributions to the coefficient are diffuse and two-sided:
no industry moves it by more than 0.0025 of its −0.024, negative contributors are spread across
fabricated metals, machinery, primary metals, and food, and the single largest-weight industry
(a leather-goods industry) contributes against the effect, which is why every leave-one-out refit
stays negative. Dropping each of the 358 industries one at a time leaves every estimate negative
and within −0.028 to −0.022 (a different exercise from the sector-level range in Table 5), with
only three moving the coefficient by more than a tenth of its value; the highest-leverage lines are
metal-processing and apparel industries, and dropping every food, textile, and metal-processing
industry at once leaves the coefficient at −0.030, if anything larger.

The weighting path. The unweighted estimate is the average industry’s response; weighting
by size moves the estimand toward the dollar-weighted response, a different parameter and also of
interest (Solon et al., 2015). Figure A4 traces the coefficient as the weights move continuously from
equal to 2019-shipment (wi = sα

i , α from 0 to 1). The persistence contrast (post period 2021–2023,
2020 dropped) is flat along the entire path, −0.025 unweighted and −0.026 fully dollar-weighted
(p = 0.067); employment is likewise stable, and the administrative QCEW employment persistence
is unchanged under worker weighting (p < 0.001 in every post year).

Two cells that carry the headline do not survive the path, and we state them in full. The pooled
post-2020 coefficient runs −0.024, −0.025, −0.024, −0.019 (p = 0.071) and −0.013 (p = 0.352)
as α moves from 0 to 1; the acute coefficient runs −0.022, −0.020, −0.014 (p = 0.204), −0.001
(p = 0.975) and +0.023. Part of the decay is mechanical: fully dollar-weighted estimates lose
precision because the weights themselves concentrate (Kish effective N ≈ 61), and capping any
industry at one percent of total weight restores precision without restoring significance for either
cell (pooled −0.020, p = 0.083; acute −0.012, p = 0.332). The α = 1 acute sign flip is separately
contaminated by the petroleum price collapse, which makes the least reliant giant industries crash
in dollars. But petroleum does not account for the decay that precedes it: the acute estimate is
already indistinguishable from zero at α = 0.75. The honest statement is that the acute and pooled
results are properties of the average industry and not of the average dollar, while the persistence
contrast holds under both. Consistent with a common response across the size distribution, size-
tercile estimates show no gradient (output −0.018, −0.040, −0.023 from smallest to largest tercile,
differences insignificant), the employment response is, if anything, larger in bigger industries (reliance
by post by log size −0.010, p = 0.031). What weighting changes is not the presence of the response
but which measurement cut retains it (the preceding decomposition): the one value-weighted object
without persistence remains between-family real output.
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An aggregate translation, and why the text does not use it. A reader may want the
gradient expressed as a share of manufacturing output, and the arithmetic is straightforward, so we
report it here rather than in Section 6. Reading the size off the reliance-quartile gaps and quartile
shipment shares, the object the heterogeneity-robust estimand supports, a counterfactual in which
every industry entered 2020 at the bottom-quartile mean of reliance puts the post-2020 differential
output gap at about 2.6% of manufacturing shipments a year; the linear per-standard-deviation
version is 1.2%, or roughly $68 billion on the panel’s $5.7 trillion 2019 shipments base. Repricing
the linear figure with size-tercile coefficients moves it only to 1.3%, so a size gradient is not what
makes the exercise fragile. What makes it fragile is the estimand. Both translations weight an
equal-weighted-industry coefficient by dollars, which is precisely the substitution the weighting path
above rules out, and the measurement decomposition compounds it, since the persistent real gap
concentrates within four-digit families and is muted in exactly the value-weighted aggregates such a
translation sums over. We therefore treat these figures as an order of magnitude with a known bias
in one direction, an upper end rather than an estimate, and rest no claim on them.

Table A2. The effective sample of the baseline regression

Panel A. Ten largest identifying weights (industries)
NAICS-6 Sector Weight (%) Cumulative (%) Contribution Reliance (%)

316992 Leather 8.2 8.2 +0.0008 10.5
332112 Fabricated metals 7.3 15.6 −0.0021 9.1
332993 Fabricated metals 6.6 22.2 +0.0015 8.7
315240 Apparel 5.7 27.9 −0.0010 9.0
332117 Fabricated metals 4.5 32.5 −0.0025 7.4
315190 Apparel 4.4 36.9 +0.0020 8.3
315210 Apparel 3.6 40.5 −0.0010 6.8
332722 Fabricated metals 3.4 44.0 −0.0006 6.7
336611 Transportation equipment 3.0 46.9 +0.0005 6.2
333514 Machinery 2.5 49.4 −0.0007 5.8

Panel B. Identifying weight by sector (six largest)
Sector Weight (%) Shipment share (%) Contribution Industries

Fabricated metals 33.7 6.6 −0.0063 36
Apparel 15.8 0.2 −0.0012 7
Leather 8.5 0.1 +0.0015 4
Machinery 8.4 6.6 −0.0053 38
Primary metals 6.5 4.2 −0.0046 18
Transportation equipment 4.6 16.5 −0.0002 27

Notes: Identifying weights are the squared residualized treatment of equation (2) (the two-channel baseline, 2018–2023), aggre-
gated to industries and normalized (Aronow and Samii, 2016); the Kish effective sample of the weight distribution is 31 industries
of 358, and the fifty largest weights carry 81% of the total. Contribution is the industry’s signed term in the coefficient; the terms
sum to −0.024. Reliance is the raw pre-COVID mean of contract work over shipments. Sector labels are three-digit NAICS
names; shipment shares use 2019 values.

Establishment counts. The scarring evidence of Section 4 uses County Business Patterns
establishment counts by NAICS-6, 2015–2023, merged to the panel treatment (358 industries);
inference follows the primary NAICS-6 clustering of Section 4.4, with the NAICS-3 procedures as
the conservative bound. Because CBP references March 12, the 2020 count predates the lockdowns
and the post period is dated at 2021 with 2020 dropped as a transition year: the estimate is −0.022
per SD (p < 0.001; NAICS-3 CRV1 p = 0.012, wild p = 0.009); keeping 2020 and dating post
at it gives −0.018 (p < 0.001; wild p = 0.010), attenuated as the timing predicts. CBP March
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employment falls 3.4% per SD on the same design (p < 0.001; wild p = 0.018). The event study runs
+0.004 (2018), −0.006 (2020, insignificant), −0.013, −0.021, −0.025 (2021–2023); its pre-period
carries a mild positive drift, so the same industry-specific detrending as the output series (trends fit
on 2015–2019, extrapolated) is applied and leaves a flat pre-period and a monotone post gap of
−0.009, −0.015, −0.016, with the pooled detrended estimate −0.014 (p = 0.026; wild p = 0.023). A
conservative in-sample unit-trend specification absorbs the break, as it mechanically must when the
gap deepens monotonically through the sample’s end. The output-side demand-rotation controls of
Section 4.4 leave the post-2021 gap intact, so the establishment losses read as scarring rather than
the thinning of industries whose demand rotated away.

Entry and exit margins. Business Dynamics Statistics separates the net change into establish-
ment entry and exit at NAICS-4.29 The net-count specification reproduces the CBP result (−0.026
per SD, p < 0.001; wild p = 0.009).

The split attributes it to entry: log entries fall 7.8% per SD (p = 0.003; wild p = 0.036) and the
entry rate falls 0.46 percentage points (p = 0.005; wild p = 0.048) against a manufacturing-wide
post-period entry rate of 7.2, a rate raised by the post-2020 national surge in business formation
(Dinlersoz et al., 2021; Decker and Haltiwanger, 2023). The exit rate is statistically flat (−0.17
percentage points, p = 0.11; wild p = 0.22), and log exits fall (−4.3% per SD, p = 0.017; wild
p = 0.050), the mechanical footprint of a shrinking stock at an unchanged hazard; even the 2020–21
cohort shows no differential closure.

Event studies show no significant pre-period coefficient on either margin, but the entry margin
is not powered to establish a flat pre-trend: the 2017 entry coefficient is −0.039 with a standard
error of 0.026, so the interval comfortably admits a pre-existing shortfall as large as the post-period
effect itself, and the non-rejection should be read as silence rather than as evidence. BDS flows
dated t cover March t − 1 through March t—the same timing that dates the post period at 2021—so
the 2020 entry coefficient (−0.065, p = 0.036) largely predates the shock and reads as an incipient
shortfall rather than the break itself; the gap is open in the first COVID cohort (−0.065, p = 0.026
in 2021), widens in 2022 (−0.081, p = 0.031), and remains open in 2023 (−0.072, p = 0.018).
BDS is published at the four-digit level, one level coarser than the paper’s six-digit panel, so these
standardized magnitudes are per NAICS-4 standard deviation and are not directly comparable to
the six-digit estimates.

Which margin carries the output loss. Establishment counts and output both fall, which
raises the question of whether the output response is the arithmetic shadow of a thinner stock
of plants. Log shipments decompose additively into log establishments and log shipments per
establishment, so estimating all three on one sample splits the response into an extensive and an
intensive margin that sum to it exactly. Detrending all three as the establishment series above
is detrended, the acute-window response divides −0.022 = −0.004 extensive (p = 0.20) + −0.018
intensive (p = 0.003; NAICS-3 CRV1 p = 0.077, wild p = 0.16). The extensive share of the gap
then climbs year by year: 15% in 2020, 28%, 34%, and 79% by 2023, when output per surviving
establishment is back at zero (−0.004, p = 0.79). Timing is what makes the acute year legible. CBP
references March 12, so the 2020 count predates the lockdowns and the denominator cannot yet

2986 manufacturing industries, the six-digit treatment aggregated to NAICS-4 with pre-period shipment weights,
2018–2023 with 2020 dropped, post dated at 2021, NAICS-4 and year fixed effects, the China-exposure control,
N = 430. Because the aggregated treatment varies at NAICS-4, primary inference clusters there (86 clusters), with
the 21-cluster NAICS-3 wild bootstrap as the conservative bound.
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respond; what fell was production at plants already standing. The margins operate in sequence, the
shock striking output at incumbent establishments and the entry shortfall converting that into a
durable capacity gap as it accumulated. The split also speaks to the factoryless alternative, since
reclassification out of manufacturing would move plants and shipments together and load on the
extensive margin, which in 2020 does not move.

Two limits. Pooled across the whole post period the extensive margin carries most of the
response (83% undetrended, 48% detrended, on an insignificant pooled intensive term). What the
split establishes is therefore the timing of the two margins; the pooled coefficient is a separate
question. And the intensive estimates, significant under the primary clustering, do not clear the
conservative NAICS-3 bound, the same power loss Table 6 documents throughout. Extensive shares
are ratios of two estimated coefficients and carry no standard error; inference rests on the intensive
coefficient.

Relative prices. Estimating equation (2) with the log industry PPI as the outcome (annual means
of the same series used for deflation, 300 industries) gives −0.001 per SD (wild p = 0.93) and −0.005
(p = 0.34) with the full controls; the event-study coefficients are small and insignificant in every post
year. The pre-period carries one small negative coefficient, −0.006 in 2018, which is statistically
significant (p = 0.002) and works against finding a post-2020 price rise. The foreign-input channel
shows a modest relative price decline over the window (−0.017, CRV1 p = 0.035), which annual
averaging over 2020–2023 can reconcile with the early-2020 import-price spikes documented at
monthly frequency by Meier and Pinto (2024); the contract-reliance price response is a precise zero
throughout.

Composition and inventory controls. The teleworkability index is each industry’s May-2019
occupation mix from the BLS Occupational Employment and Wage Statistics, weighted by the
work-from-home feasibility scores of Dingel and Neiman (2020) and mapped to NAICS; the physical-
proximity index applies the same occupation weighting to the O*NET physical-proximity score
(Mongey et al., 2021) and is essentially uncorrelated with reliance (r = −0.09). Pre-shock inventory
intensity (NBER-CES inventories over shipments, 2015–2018) is, if anything, slightly higher in
contract-reliant industries (cross-industry correlation +0.18), carries no output effect of its own
(−0.016, p = 0.13), and leaves the contract-reliance effect essentially unchanged when interacted
with post-2020 (−0.024 to −0.022, wild p = 0.019; the row in Table 5). What the data cannot
resolve is in-window inventory dynamics—whether contract-reliant firms drew down or failed to
rebuild stocks during 2020–2023—because the NBER-CES series ends in 2018 and the post-2018
Census instruments do not report inventory. Under the same composition controls the employment
effect attenuates by about a quarter, so part of it is composition.

Demand-rotation and detrending controls. The realized demand-rotation index is each
industry’s 2017 final-use composition—consumption (split by durability), equipment, other invest-
ment, exports, and government purchases, from the BEA benchmark use table—weighted by the
corresponding national real final-demand paths from the national accounts, expressed as log gaps
from 2019; the alternative interacts the final-use shares and durable status with year fixed effects, so
any industry with a given demand mix may follow any path. Reliance barely loads on the final-use
composition (no share correlation exceeds 0.11 in magnitude), and the realized rotation, if anything,
ran against contract-reliant industries (r = −0.15 with the 2022 index), which is why neither control
moves the estimate (Section 4.4). The industry-specific detrending fits each industry’s linear trend
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on 2015–2019 and extrapolates it forward. The choice of fitting window matters and we report both
with inference. On the 2015–2019 fit the acute estimate is −0.022 (CRV1 p = 0.013, wild p = 0.041)
and the full-window estimate −0.025 (p = 0.015, wild 0.051); fitting on 2012–2019 instead gives
an acute estimate of −0.019 that is marginal at the assignment level and fails the conservative
bound (p = 0.044, wild 0.109), and a full-window estimate of −0.019 that is insignificant at both
(p = 0.116, wild 0.186). The 2020 break is present on either window; the persistence beyond it is not
established on the longer one. The cross-system agreement of Table 4, not the detrending, carries
the persistence claim.

A sign-flip test (Tōhoku 2011). The framework predicts not just a smaller effect under a less
synchronized shock but a change of sign: contracting out diversifies idiosyncratic supplier risk, so
under a narrow, asynchronous disruption the contract-reliance coefficient should turn non-negative
(Section 5.2). The 2011 Tōhoku earthquake—a brief, Japan-specific supply shock—is such a case.
On the 188 industries observable over 2008–2011, the same design with the shock dated to 2011
gives a contract-reliance coefficient of 0.016 (insignificant), against −0.024 for those same industries
under COVID: the point estimate flips from significantly negative to positive, the direction the
framework predicts for a low-synchronization shock.

The estimate stays insignificant at every rung of the clustering ladder (p = 0.19–0.26), and the
design is underpowered for the sharp question: the minimum detectable effect under the primary
NAICS-6 clustering is roughly 0.038, half again the COVID magnitude. What the interval does
support is a difference between the shocks: the 95% confidence interval, [−0.011, 0.042], excludes
the −0.024 COVID point estimated on the same industries, so the Tōhoku response, while not
established as positive, is unlikely to be the COVID response reappearing.30

A further heterogeneity prediction—that the loss should be larger where a contracted step is
hardest to bring back in house—is not identified at this resolution. Three pre-2020 proxies for weak
fallback (capacity utilization, capital intensity, average establishment size) give triple interactions
that are correctly signed on two of three but nowhere near significant, and the directional pattern
does not survive holding the R&D moderator fixed. The build and estimates are in the replication
package.

B The Gated Value Share

Contract work is a charge for an operation performed on materials the buyer owns, so the fee
understates the output that operation gates. A natural conjecture is that the magnitude discussed
in Section 4.5 is an accounting artifact of that gap. This appendix calibrates the conjecture and
rejects it, on routes and criteria registered before any parameter was measured.

Three parameters connect the fee to the output at risk: a toll rate τ , the contractor’s charge
as a share of the value of the item returned to the buyer; a throughput loss δ, the proportional
reduction in contractors’ ability to process during 2020; and a downstream multiplier m ≥ 1, the

30The contract-reliance estimate is positive but imprecise—one narrow event on 188 industries—so we read it as
the mechanism’s predicted sign, not a second magnitude. The flip is robust to how Japanese exposure enters: an
import-penetration measure (built as the China one, from Tōhoku-window TDM imports through Pierce-Schott)
and a BEA input–output measure of dependence on Japanese-penetrated suppliers both leave the contract-reliance
coefficient near 0.017. The Japanese coefficients themselves are uninformative at this resolution—penetration loads
positively (0.038, Japanese import competition receding), input dependence is a noisy zero (−0.004, only NAICS-3
granular)—so the test rests on the contract-reliance sign alone.
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ratio of buyer shipment value that cannot be completed to the value of the gated item. Gated
throughput per dollar shipped is CPR/τ , output at risk is m times that, and the loss is δ times
the output at risk. Writing A for the ratio of the estimated response to one standard deviation of
reliance, A = 0.024,17/0.015,87 = 1.523, the account requires

δ m/τ = A = 1.523. (4)

Note the multiplier. A one-parameter version of the conjecture, in which a toll rate near 15%
converts a 1.6% fee into a roughly 10% gated share, omits it: an operation sitting mid-chain blocks
more of the buyer’s shipments than passes through it. With three unknowns and one equation
this is a calibration rather than a test. It asks whether ordinary parameter values reproduce A, it
identifies no mechanism, and it bears on none of the interpretive limits recorded elsewhere in the
paper.

Measurement. τ = 0.511, the receipts-weighted own-account value-added share of shipments
among industries that sell contract manufacturing, with toll receipts netted from both sides. A
contractor performing an operation on another firm’s materials must recover the costs and margin
it earns performing that operation on its own account, which makes the own-account ratio the
structural analog of the toll charge. It is stable at 0.510 on the 2017 Economic Census and 0.512
on 2022 (medians 0.505 and 0.519, interquartile range 0.43–0.58), and moves only from 0.497 to
0.522 as the value-added content of toll receipts is swept from 1.00 down to 0.80. Contractors are
conversion-cost businesses, so a toll near half the returned item’s value is what their technology
implies.

δ = 0.050, the receipts-weighted 2019–2020 log decline in shipments among the 30 industries at
toll intensity of 5% or more, which hold $23.6 billion of the $41 billion in contract-manufacturing
receipts. Across all 178 industries with positive receipts it is 0.054. Contractor industries lost less
output in 2020 than manufacturing as a whole, which fell 9.7%, and this excess is negative at every
threshold.

m ∈ [1.00, 2.67], bounded above by the ratio of shipments to materials (median 2.06, shipment-
weighted 1.99, ninetieth percentile 2.67). An item returning from a contractor enters as a material,
and no single material gates more output than the whole material bundle supports.

Table A3. The gated value share reproduces at most a fifth of the estimated response

δ m τ implied A share of A = 1.523
0.054 1.00 0.511 0.106 7%
0.054 2.06 0.511 0.217 14%
0.054 2.67 0.511 0.283 19%

Notes: Rows set the downstream multiplier at its lower bound,
its median, and its ninetieth percentile. δ is the all-contractor
value; the toll-intensive cut gives 0.050 and lowers every row.
Implied A is δm/τ from equation (4), to be compared with
A = 1.523.

Verdict. The most generous admissible combination reproduces 19% of the estimated response.
Closing the gap would need m = 14.4 against a measured ceiling of 2.67, or δ = 0.778 at m = 1,
or a toll rate of 3.5% against 51% measured. A coherence condition fails independently: at the
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effective sample’s mean reliance of 5.6%, a gated output share of at most one requires m/τ ≤ 17.9,
and reproducing A needs 217. The registered failure criterion was δ > 0.50 or m > 4, and both are
breached by wide margins.

Two disclosures follow the registered reporting rule. A narrower cut at toll intensity of 10%
or more returns a far more favourable δ = 0.007 and is not used: it is six industries dominated
by ammunition, government-owned and contractor-operated defense capacity on a procurement
path, whose shipments grew 5.7% in 2020. An upper-end benchmark from HTS heading 9802 was
registered in advance as weak and is likewise unused; it would not have helped, since dutiable value
added abroad runs 42 to 86% of entered value and corroborates a high toll rate.

Measurement leaves two soft spots. δ is built on contractor industries’ annual shipments rather
than on the toll flow itself, since receipts are collected only in Economic Census years, so a toll
segment that collapsed while own-account business held up would leave δ understated. And the
calibration is annual on both sides, so a sub-annual outage averaged into an annual δ is invisible
here. Neither is small, and neither is close to the order of magnitude the verdict would have to move.
We report this as a bounded negative result: it closes the deflationary reading of the magnitude
without replacing it with an identified alternative.

C Cross-Country Data and Comparability

This appendix documents the data behind Section 4.7: what each source collects and how, what its
subcontracting variable measures, how the underlying data-generating processes differ, and which of
those differences the empirical model absorbs. The design principle throughout is that the estimation
never compares countries to each other. Each economy contributes only the within-country ranking
of its industries and the within-industry time path of its own real output; everything cross-country
is differenced out or standardized away.

C.1 Sources and collection

United States. The treatment and outcome come from the Census Bureau’s establishment surveys
described in Section 2: a mandatory annual sample survey (ASM) benchmarked by quinquennial
censuses, reporting establishment-level dollar values that Census aggregates to NAICS-6. The
contract-work item is defined as the cost of work done by others on materials furnished by the
establishment; the outcome is the dollar value of shipments, with a PPI-deflated variant in Table 5.

Europe. Payments to sub-contractors come from the Structural Business Statistics, compiled by
national statistical offices under a common EU regulation, at the enterprise (not establishment)
level and disseminated at NACE four-digit.31 The legal definition is broader than the U.S. item: a
subcontracting relationship requires that the customer participate in the conception of the product
or provide the materials to be processed, so the European variable pools furnished-materials tolling
(the U.S. concept) with design-specification subcontracting in which the contractor buys its own
inputs.

31Variable V23110, drawn largely from a mix of business surveys and administrative or tax records. It was collected
triennially; the 2017 wave is the pre-COVID cross-section, divided by value added at factor cost (V12150) from the
same framework.
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The outcome is the short-term-statistics industrial production index, a volume index built from
deflated turnover or physical quantities with base-year weights; four-digit publication is voluntary,
which is what restricts the fine panel to Germany, Italy, France, Spain, and Greece. A German
validation anchors the broad treatment to the narrow concept: the Destatis cost-structure survey
collects the strict furnished-materials item (Kosten für Lohnarbeiten), and across German four-digit
industries the two intensities correlate at Spearman 0.77 (Pearson 0.87), so the harmonized variable
preserves the ranking the design uses.

Japan. Japan’s treatment comes from the final Census of Manufactures (reference year 2019),
an establishment census whose cost breakdown—published for establishments with 30 or more
employees at JSIC four-digit—separates the cost of consigned production on furnished materials (the
closest foreign analog of the U.S. item) from production-support outsourcing such as maintenance,
inspection, and packaging; the intensity is the former over shipments, with the broader sum as a
robustness variant. The outcome is the METI production index, built from roughly six hundred
item-level quantity relatives aggregated with value-added weights. Because the index’s industry
categories are goods-based rather than JSIC-based, we construct a concordance of 75 cells, each
flagged for whether its mapping is exact or approximate, and estimate a conservative 22-cell sector
panel alongside it.32

Mexico. Mexico is the one economy whose annual manufacturing survey publishes both sides of
the market—the payer-side item (gastos por maquila, spending on industrial processing performed
by another firm on the establishment’s materials, the closest analog of the U.S. item) and a seller-side
item split by client location—and it is used in Section 3.1 only to check that the reliance concept is
domestic to first order. No estimate from it enters the comparison here. Its payer-side treatment
carries a pre-existing relative decline and its seller-side variation is close to collinear with the sectoral
bloc that carries Mexico’s lockdown incidence, so neither side supports a clean acute estimate; the
detail is in the replication package.

C.2 What the variables measure, and how their processes differ

The U.S., European, and Japanese treatments are payer-side: they record what an industry’s
producers spend on having outside firms perform production. They differ in breadth. The U.S.,
German, and Japanese items require that the customer own the materials; the harmonized European
item does not. The unit differs too: U.S. and Japanese data are establishment-based, European
data enterprise-based, so tolling between two plants of one European firm nets out. So does the
frame, since the Japanese breakdown covers larger establishments only and European small-cell
values are suppressed.

Those differences leave the distributions at very different levels—contract work averages about
1.2% of shipments in the United States, the strict German item about 3% of production value, the
Japanese item about 5% of shipments, and the broad European measure, taken over value added,
reaches ten times that in Italy—with a long right tail in every country. Those level differences mix
institutions (Mittelstand tolling networks, Japanese consignment production) with definitions, and
no part of the analysis interprets them. The outcome processes differ too: the U.S. outcome is a

32Where one JSIC three-digit group spans several index industries, the index rows are combined with their published
weights; where one cell spans several JSIC groups, the treatment is aggregated as the ratio of summed numerators to
summed denominators. At the 22-cell sector level the mapping is one-to-one by construction.
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nominal dollar aggregate from a survey, while the European and Japanese outcomes are constructed
volume indexes with their own base years, weights, and revision practices. The choice matters. On
the same five European countries and sample, the volume index shows the acute effect while the
nominal SBS value added does not (−0.017 against −0.007, insignificant), so nominal outcomes wash
out a real-quantity effect; the U.S. panel, where deflation leaves the estimate unchanged (Table 5),
does not share this sensitivity.

C.3 What the empirical model absorbs

Each layer of the specification is aimed at one class of the differences above.
Standardization within country. The treatment is z-scored within each economy, so only the

ranking of industries inside a country identifies β; the level differences across concepts never
enter. Where a broader concept (V23110) proxies a narrower one (tolling), classical measurement
error in the ranking attenuates the estimate, so the harmonized European coefficients are, if
anything, conservative; the German Spearman of 0.77 bounds how much reranking the broad
concept introduces.

Industry (country-by-industry) fixed effects. Any time-invariant feature of an industry’s measurement—
concept breadth, size cutoffs, enterprise versus establishment units, suppression patterns, the index’s
base-year normalization—is a level and is absorbed. This also handles the index rebasing (2015=100,
2020=100, 2021=100) mechanically, since a base change is a multiplicative constant in logs.

Country-by-year fixed effects. In the pooled European panel, each country’s entire aggregate
path—the severity and timing of its lockdowns, its inflation, its fiscal response, any revision or
redesign of its statistical system in a given year—is differenced out, so identification is within country
and year, across industries. It is also why employment does not travel as an outcome: employment
responses ran through country-specific short-time work schemes that a country-year effect absorbs
only in the aggregate, so real output is the outcome carried across countries.

A pre-determined treatment. The treatment is fixed at its pre-2020 cross-section (2017 in Europe,
2019 in Japan, the 2015–2019 mean in the U.S.), so post-period statistical redesigns—the 2021
European business-statistics reform, which changed the SBS population, and Japan’s 2020–2021
change of survey vehicle—cannot contaminate it. The outcome indexes are maintained as continuous
series across those reforms.

Inference and stress tests. With few clusters, cluster-robust p-values are reported alongside
randomization inference that permutes the treatment within country (full-window pooled p = 0.067).
The clustering ladder of Section 4.4 travels: moving from country-by-NACE-2 clusters to country-
by-NACE-3 to the country-by-NACE-4 unit, the pooled acute p falls from 0.002 to 0.0004 to 0.0002
and the full-window p from 0.137 to 0.102 to 0.066, in line with the within-country randomization
p of 0.067; Japan’s acute estimate is p = 0.007 clustered on the 75 concordance cells against
0.020 on JSIC-2 sectors. Assignment-level clustering does not rescue the individually imprecise
countries—Germany (p = 0.34), Spain (0.34), and France (0.62) stay insignificant—so the sign
pattern, and no single country, continues to carry the cross-country evidence. The pooled European
point estimate is stable across fixed-effects structures (−0.015 to −0.022 under common-year effects,
separable country effects, country trends, and weighting), but its full-window significance leans on
Greece and Italy—dropping either roughly halves it—and the pooled event study has a small positive
2018 coefficient (0.010), both stated in the text. Japan’s acute estimate is robust to the broad
treatment definition (−0.031, p = 0.012) but attenuates to −0.017 (p = 0.18) on exact-concordance
cells only, and the between-sector panel is flat. A broader European panel at two-digit detail
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(seventeen countries) gives −0.038 (p = 0.065), directionally consistent but too coarse to weight. A
quartile dose-response in the pooled European panel is not monotone, so the European evidence
rests on the linear-in-standard-deviation gradient rather than on curvature, as in the United States
(Appendix A).

Table A4. Full-window estimates by economy

Economy Acute 2018–20 Full window
United States −0.022 −0.024
EU-5 pooled −0.027 −0.016

Germany −0.015 −0.010
Greece −0.035 −0.046
Spain −0.019 0.010
France −0.005 0.006
Italy −0.062 −0.039

Japan −0.028 −0.006
Notes: Specifications and sources as in Table 7; the
acute column is repeated from it for comparison. The
full window is 2018–2024 for Europe and Japan and
2018–2023 for the United States. The U.S. loss per-
sists while the European and Japanese gaps close by
2022–2023, so the full-window estimates abroad are
attenuated, and in Spain and France recovery over-
shoots the acute dip far enough to turn the point esti-
mate mildly positive. The acute window is therefore
the object compared across economies (Section 4.7).

What is not absorbed. Two things remain outside the design. Differences in effect size across
economies cannot be separated from differences in measurement breadth, so the paper draws no
cross-country magnitude comparisons; the exhibit content of Figure 4 is the sign pattern and the
event-study shape. And countries whose production indexes exist only at two-digit detail are
excluded from the fine panel rather than pooled with it, trading coverage for a common industry
resolution.
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D Summary statistics

Table A5. Summary statistics, NAICS-6 manufacturing panel

Mean SD p10 p50 p90
Panel A. Industry-year panel, 2005–2023
Contract-production reliance (CPR) 0.012 0.015 0.001 0.007 0.029
TFP (NBER-CES, 2012=1) 1.00 0.12 0.87 1.00 1.10
Non-production worker share 0.31 0.12 0.18 0.28 0.46
log employment (thousands) 3.0 0.9 1.9 3.0 4.2
Panel B. Pre-COVID industry cross-section
Contract-production reliance, 2015–19 mean 0.012 0.016 0.001 0.007 0.028
China-input exposure, 2015–19 mean 0.067 0.119 0.000 0.019 0.179
Import penetration of intermediates, 2015–19 mean 0.230 0.232 0.000 0.166 0.541
Inventory intensity, 2015–18 mean 0.133 0.065 0.061 0.128 0.207
Teleworkable employment share, 2019 0.222 0.135 0.110 0.171 0.399
Physical proximity (O*NET, 1–5), 2019 3.25 0.11 3.13 3.25 3.36
Establishments per industry, 2015–19 mean 810 1651 100 395 1501
Industries: 358 Years: 2005–2023 (2017 gap) Industry-years: 5226

Notes: Contract-production reliance is the cost of contract work over shipments. Panel A pools industry-
years; TFP is NBER-CES through 2016, the non-production share through 2018, and employment is
in thousands. Panel B reports each treatment and control in the pre-determined cross-sectional form
in which it enters the COVID design (Section 4): China-input exposure and import penetration of
intermediates are built from the HS10-to-NAICS6 concordance of Pierce and Schott (2012); inventory
intensity is NBER-CES inventories over shipments; the teleworkable share and the physical-proximity
index weight OEWS occupation mixes by Dingel and Neiman (2020) and Mongey et al. (2021) scores
and match 249 of 358 industries at NAICS-4 (the estimation merges add coarser fallbacks); establish-
ment counts are County Business Patterns.
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Figure A1. Pooled European event study
Notes: Coefficients on pre-COVID subcontracting intensity (one within-country SD, Eurostat
SBS 2017 wave) interacted with year dummies, base year 2019; log STS production index,
five countries at NACE four-digit, country-by-industry and country-by-year fixed effects, 95%
intervals clustered on country-by-NACE-2. The gap opens at 2020 (−0.022, t ≈ 2.8) and closes
by 2023; the small positive 2018 coefficient (0.010) is discussed in Section 4.7 and Appendix C.
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Figure A2. Japan event study
Notes: Coefficients on pre-COVID consigned-production intensity (one SD, final Census of
Manufactures, 2019) interacted with year dummies, base year 2019; log METI production
index, 95% intervals clustered on JSIC-2. The fine panel (75 cells, JSIC-3 concordance) shows
the 2020 break and recovery; the 22-cell sector panel, which retains only between-sector
variation, is flat—the identifying variation is across industries within sectors, as in the U.S.
panel (Section 2).
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Figure A3. Dose-response: post-2020 output gap by pre-COVID reliance quartile
Notes: Post-2020 log-output gap relative to the least-reliant quartile (Q1), from
equation (2) with quartile-by-post interactions, 2018–2023. Whiskers are wild
cluster bootstrap 95% intervals (21 NAICS-3 clusters). Only the top quartile is
individually significant under the primary NAICS-6 clustering, and no quartile
is individually precise once whole NAICS-3 sectors are resampled (Appendix A),
which is why the exhibit is read for the direction of the gradient rather than for
its curvature.
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Figure A4. The weighting path: from the average industry to the average dollar
Notes: The CPRpre×post coefficient from equation (2) under weights wi = sα

i , where si is 2019 shipments and
α runs from 0 (the unweighted baseline) to 1 (dollar weights); whiskers are 95% intervals clustered at NAICS-6.
Hollow markers cap any industry at one percent of total weight: the uncapped dollar weights concentrate
(Kish effective N ≈ 61; petroleum refining alone is a tenth of the weight), which widens the intervals without
moving the persistence contrast. The acute 2018–2020 output cell is not drawn: under full dollar weights its
nominal-shipments coefficient is an uninformative +0.023 (standard error 0.037), the footprint of the 2020
petroleum price collapse in the least reliant giant industries (Appendix A).
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