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1. Introduction

Business dynamism describes the pace at which factors of production are reallocated

from low- to high-productivity enterprises through the processes of job creation, job

destruction, and firm entry and exit. Naturally, a trade shock affects all of these out-

comes, leading to the question: to what extent can recent decades’ declines in business

dynamism be explained by rising import competition from abroad? Since the pace of

reallocation is known to be a key driver of total factor productivity (TFP) growth, know-

ing the answer to this question is important (Foster et al., 2001). Consequently, this pa-

per seeks to answer the above question through the lens of a quantitative endogenous

growth model with trade in intermediate varieties.

Figure 1 plots the motivating time series. China became a member of the World

Trade Organization (WTO) in December 2001: following its entry, the pace of job real-

location in the United States began a sharp decline, and the volume of imports from

China to the United States began a sharp rise. By the end of the decade, job reallocation

was 30% lower than at its decadal peak. Notably, this decline in job reallocation be-

gan following the conclusion of the early-2000s recession—which ended in November

2001—and continued unabated through the Great Financial Crisis (GFC) of 2007–2009.

Motivated by such developments, this paper presents a model and new empirical

facts linking the recent decline in U.S. business dynamism to rising import penetration

from China. In the model, the key force driving declining business dynamism is the

classical Schumpeterian tradeoff between escape competition and strategic discour-

agement (Aghion et al., 2005; Acemoglu and Akcigit, 2012). In initially competitive in-

dustries, where home incumbents all have relatively similar production technologies,

a trade shock—modeled as a reduction in bilateral iceberg trade costs—induces fierce

competition among oligopolistically competitive domestic incumbents to attain lead-

ership in both newly accessible foreign markets and newly contested domestic markets.

Because home producers in these markets tend to be much farther ahead technologi-

cally than their foreign competitors, neither is particularly discouraged by the sudden

emergence of a low-productivity foreign producer. In contrast, in initially uncompet-

itive industries—where, before the shock, domestic leaders hold a large technological

advantage over both their domestic and foreign competitors—both foreign and home
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Figure 1: Recent trends. The solid blue line (left y-axis) plots the rate of gross reallocation in the United States between 1999
and 2011. The dashed red line (right y-axis) plots the value of imports from China, normalized by U.S. GDP, between 1999 and 2011.
The dashed gray line denotes December 2001, when China joined the World Trade Organization (WTO).

laggards must engage in a protracted innovation race to earn market leadership. Doing

so is costly. This induces strategic discouragement on the part of laggards; the leaders

internalize the discouragement of the laggards and themselves reduce their efforts to

stay far ahead of the competition. The net result is a less dynamic economy. In aggre-

gate, these two forces compete with one another, and the balance is determined by the

split of industries by competitiveness prior to the shock.

The emergence of such forces in the model is highly dependent on the chosen quan-

tification. Therefore, I adopt a conservative estimation strategy: I discipline the model

with moments exclusively drawn from U.S. business dynamics prior to the China shock;

no information on U.S.–China trade or Chinese firm dynamics informs the estimation.

To the extent that my model is capable of explaining the evolution of the macroeco-

nomic data over the relevant period of analysis, then, it is entirely through the theoreti-

cal structure of the model.

I then expose my chosen quantification to a variety of shocks and trace the impulse

response of the perfect-foresight transition. These shocks represent different hypothe-

ses for how exposure to foreign competition might affect U.S. firms. I consider higher

Chinese research productivity, increased knowledge spillovers from the United States to

China, and lower bilateral trade costs. USTR (2023) and related work document con-
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cerns about the transfer or misappropriation of U.S. firms’ intellectual property; I rep-

resent the associated increase in cross-border knowledge flows as a rise in ηHF . Among

the three counterfactuals, the trade-cost reduction most closely matches the qualita-

tive pattern in the data: it reproduces the direction of five of the six moment changes,

although the magnitudes differ and the markup response has the opposite sign.

The quantitative analysis shows that the model can reproduce much of the pattern

in the macroeconomic data, but does it do so through the channel outlined above? To

answer this question, I augment the quantitative analysis with microdata. Adopting the

instrumental-variables strategy of Acemoglu et al. (2016) and Borusyak et al. (2022), I

find that a rise in import exposure from China is associated with a statistically signifi-

cant decline in gross job reallocation and a statistically significant rise in productivity

dispersion. In my preferred industry specification, increased import exposure accounts

for roughly one-half of the decline in gross reallocation over the period of analysis. Run-

ning the same regressions in the model—by simulating a panel of home-country firms

over the perfect-foresight transition—I recover elasticities comparable in magnitude to

those from the empirical exercises. In both the model and the data, the effects are

stronger in initially more concentrated industries, consistent with the Schumpeterian

channels outlined at the outset.

My results extend our current understanding of how trade shocks propagate through

the economy. A key finding of the China shock literature has been a puzzling slowness

in reallocating factors of production—namely workers—from more affected to less af-

fected sectors and firms (Autor et al., 2014, 2016). The pace of reallocation is, in reality,

endogenous: firm decisions on how intensively to compete for market leadership are

key determinants. To my knowledge, mine is the first paper to explain how trade shocks

themselves are capable of slowing the pace of reallocation. Though the scope of this

paper is positive, the result may have substantial implications for optimal trade and

labor-market policy; the normative analysis is left for future work.

Literature review. This paper contributes to two distinct, rich literatures: on the China

shock and on declining U.S. business dynamism.

The China shock literature has found profound impacts of rising import exposure

from China on manufacturing employment. Directly, rising import exposure explains
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roughly 10–25% of the overall decline in U.S. manufacturing employment between 1990

and 2007 (Autor et al., 2013; Charles et al., 2019; Caliendo et al., 2019). Through input-

output linkages, the estimated employment losses range from 2.0 million to 2.4 million

jobs, with a key role assigned to China’s accession to the WTO (Acemoglu et al., 2016;

Pierce and Schott, 2016). Numerous auxiliary outcomes of interest have also been stud-

ied in the China shock literature. Though firm innovation is not the primary focus of

this paper, my model is drawn from a class of models that is often used to study firm

innovation outcomes, and the China shock, and trade shocks more broadly, have been

found to have mixed effects on the innovation efforts and outcomes of affected firms

(Bloom et al., 2016; Gong and Xu, 2017; Autor et al., 2020a; Hoberg et al., 2021; Liu et

al., 2021; Chakravorty et al., 2024; Fadeev, 2023). My contribution to this literature is

to bring in endogenous firm dynamics and general-equilibrium analysis in a fully dy-

namic setting. In doing so, I am able to explain slowness in the pace of reallocation. In

this sense, the closest paper to my own is that of Caliendo et al. (2019). In their paper,

frictions to reallocation are exogenous and all firms are ex ante and ex post identical. In

my paper, reallocation is slowed by optimal firm decisions; firms are ex post heteroge-

neous; and there is endogenous growth and heterogeneity in firm market power. The

drawbacks of my approach relative to theirs are an inability to study spatially heteroge-

neous outcomes in the home country and the restriction of my model to a two-country

trade environment.

Most closely related empirically, Asquith et al. (2019) use establishment-level data

to decompose the employment response to the China shock into job creation from es-

tablishment births and expansions, and job destruction from establishment deaths and

contractions. Section 4.5 explains how their cumulative adjustment measures relate to

my evidence on annual reallocation rates.

The literature studying declining business dynamism is similarly rich.1 Much of the

theoretical work in this literature has adopted modeling frameworks similar to my own,

namely that class of models first put forward by Aghion and Howitt (1992) and Klette

and Kortum (2004). I adopt an open-economy version of these models, similar to the

ones studied in Akcigit et al. (2018), Choi and Shim (2024), and Sui (2023). Indeed, nu-

merous complementary explanations for declining business dynamism have been pro-

1For a primer, see Decker et al. (2016b,c, 2017, 2020) and Akcigit and Ates (2021), among others.
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posed, ranging from declining knowledge diffusion (Akcigit and Ates, 2021, 2023); de-

clining financial discounts (Liu et al., 2022; Chikis et al., 2023); declining quality of lag-

gard innovations (Olmstead-Rumsey, 2022); and positive shocks to fixed-cost-intensive

technologies (Aghion et al., 2019; De Ridder, 2024). I do not claim to have the best or

only explanation; rather, my contribution is to highlight a potentially novel, empirically

relevant channel—international competition in product markets—through which do-

mestic business dynamism can decline. In this sense, the closest paper to my own is

Sui (2023), who shows that in the class of models studied, trade shocks have heteroge-

neous impacts on domestic leaders and domestic laggards, giving rise to forces that can

produce a less dynamic economy.

The remainder of the paper proceeds as follows. Section 2 presents the model; Sec-

tion 3 quantifies it. Section 4 provides further empirical support for the predictions of

the model, and Section 5 concludes.

2. Model

In this section, I propose a two-country model of trade and endogenous growth. Time

t is continuous (0 ≤ t < ∞). There is potentially unbalanced trade in every period and

no international trade in assets.2

2.1 Households and static equilibrium

There are two countries, H and F , indexed by c.3 Each country has a mass Lc of homo-

geneous workers that are infinitely lived and that provide labor perfectly inelastically

in each period. They choose streams of consumption and asset holdings to maximize

lifetime utility:

Uc = max
{Cc(t),Ac(t)}t≥0

∫ ∞

0

e−ρt logCc(t)dt

s.t. Pc(t)Cc(t) + Ȧc(t) ≤ rc(t)Ac(t) + wc(t)Lc + Tc(t)

(1)

2Thus, any trade imbalance takes the form of an exogenous transfer. See Appendix D for details.
3These will alternatively be labeled “home” and “foreign.”
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where ρ is the rate of subjective discount; wc(t) is country c’s wage at time t; rc(t) is

country c’s interest rate at time t, determined endogenously;Ac(t) is country c’s holdings

of assets at time t; Tc(t) is a lump-sum transfer for residents of country c; and Pc(t) is the

ideal price index of final-good consumption. In what follows, the home-country price

index will be the numeraire so that PH(t) = 1, without loss of generality. Intertemporal

optimization on the part of country c households implies an Euler equation:

gc(t) ≡
Ċc(t)

Cc(t)
= rc(t)− ρ (2)

where, under balanced growth, g ≡ gc(t) +
Ṗc(t)
Pc(t)

is common across all countries c.4

The final good is aggregated in each country under perfect competition according to

a nested Cobb-Douglas, CES production function. There is a continuum of intermediate

varieties indexed by (i, j) ∈ {H,−H,F} × [0, 1]

Yc(t) = exp

(∫ 1

0

log

[(
ψ1−β
H yHjc(t)

β + ψ1−β
H y−Hjc(t)

β + ψ1−β
F yFjc(t)

β
) 1

β

]
dj

)
(3)

where (1−β)−1 ∈ (0,∞) is the elasticity of substitution between a given variety (i, j) and

(i′, j) and ψH , ψF ∈ (0, 1) satisfy 2ψH + ψF = 1 and represent home bias. This gives rise

to the ideal price index of the final good:

Pc(t) = exp

(∫ 1

0

log

[(
ψHpHjc(t)

β
β−1 + ψHp−Hjc(t)

β
β−1 + ψFpFjc(t)

β
β−1

)β−1
β

]
dj

)
. (4)

In what follows I omit time indices where it causes minimal confusion. A firm is thus

fully described by a triple (i, j, c) where i ∈ {H,−H,F} denotes the firm (home leader;

home laggard; and foreign incumbent); j denotes the industry-level variety it produces;

and c ∈ {H,F} denotes the country or market—used interchangeably—it is selling to.

Given demand, (3), each firm i in j faces a demand curve in market c:

yijc =
ψ|i|p

1
β−1

ijc∑
i′ ψ|i′|p

β
β−1

i′jc

PcYc (5)

4Since the numeraire is the home-country final good, it can be shown that ṖH(t)
PH(t) = ṖF (t)

PF (t) = 0 along a
balanced growth path (BGP).
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where | − H| = H is a slight abuse of notation. Firms produce with a common, linear

production function in all markets they are active in

yijc =
qijlijc

1 + τX1{c ̸= |i|}
(6)

where qij is firm i’s labor productivity; lijc is labor it hires for production for sales in

market c; and τX ≥ 0 is a symmetric iceberg trade cost for selling in a foreign market.5

Assumption 1 Given some initial level of labor productivity, qij(0), labor productivity

can take on a countable number of values along a quality ladder; the rungs of this ladder

are indexed by a scalar parameter λ > 1 such that qij
qi′j

= λnii′j where nii′j ∈ Z is the

number of rungs along the quality ladder that firm i’s labor productivity leads that of

firm i′ in variety j. Note that nii′j = −ni′ij .

Assumption 2 Firms compete in prices (i.e. à la Bertrand).

Assumptions 1 and 2 will make all objects from the static equilibrium solely a function

of the relative gaps between home leaders and home laggards, nHHj ∈ N and home

leaders and foreign incumbents, nHFj ∈ Z, as well as the relative wage between home

and foreign, wH

wF
. Therefore, in what follows, I omit the index j wherever it causes min-

imal confusion. Firm i in line j, selling in market c, sets the following price and labor

schedule given its share of the market, zijc =
pijcyijc∑
i′ pi′jcyi′jc

:

pijc =
1− βzijc
β (1− zijc)

(1 + τX1 {c ̸= |i|})
w|i|

qij
(7)

lijc =
PcYc
w|i|

βzijc(1− zijc)

1− βzijc
(8)

These choices give rise to static period profits, Πijc:

Πijc =
zijc (1− β)

1− βzijc
PcCc (9)

Appendix A shows how to solve for market shares, zijc, given quality gaps, (nHHj, nHFj),

and relative wages, wH

wF
. For now, it suffices to know that—for a fixed relative wage wH

wF
—

5A firm i draws its labor from country |i|.
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zijc is weakly increasing in (nii′j, nii′′j) for all i, i′, i′′ ∈ {H,−H,F} and that this relation-

ship is strict whenever i ̸= i′ and i ̸= i′′.

Due to Assumptions 1 and 2, firms charge variable markups that are functions of

σ = (i, nHH , nHF ) in each line j. Let N ≡ N × Z denote the state space and let n =

(nHH , nHF ) ∈ N , where nHH ≥ 0 is the number of steps the home leader leads the home

laggard and nHF ∈ Z is the number of steps a home leader leads a foreign incumbent.6

For the purposes of aggregation, it suffices to keep track of a probability mass function

{µn}n, where µn = Pr{j has gap pair n}. Numerically, I impose a finite upper limit on

the number of steps a firm can lead its competitors.

2.2 Innovation

Firms undertake innovation in order to improve their own productivities. Doing so in-

creases their market share and, hence, profits according to (9). A firm i hiring G(x;B, γ)

scientists at wage rate w|i| achieves a Poisson arrival rate of innovation x where:

G(x;B, γ) =
( x
B

) 1
γ
. (10)

G(·) is a cost function of R&D; γ ∈ (0, 1) regulates its convexity andB > 0 is a cost shifter.

Innovation is step-by-step or “slow,” in the spirit of Acemoglu and Akcigit (2012). When

a firm attains an innovation, its productivity evolves according to qij(t+ dt) = λqij(t).

2.3 Knowledge diffusion

I will often speak of the firm i in j with the leading technology (qij ≥ maxi′ qi′j) as be-

ing “at the technological frontier.” Firms that are behind the technological frontier can

also improve their productivities by receiving knowledge spillovers from competitors.

Knowledge flows both between and within countries. With exogenous Poisson inten-

sity ηHH ≥ 0, knowledge diffuses from the home leader, H, to the home laggard, −H;

in like fashion, knowledge can flow from the foreign incumbent to the home incum-

bents, ηFH ≥ 0, or from either of the home incumbents to the foreign incumbent,

6When a foreign incumbent leads the home leader, nHF < 0.
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ηHF ≥ 0.7 When a knowledge spillover occurs, the receiving firm i’s productivity be-

comes the maximum of i’s current productivity and the productivity of the sending firm

i′: qij(t+ dt) = max{qij(t), qi′j(t)}.

2.4 Dynamic problem of the firm

I first consider the problem of the home leader in an industry with gap pairn = (nHH , nHF )—

where nHH > nHF > 0 and nHH > 1—in its recursive form. Let V n
i denote the value of

being a firm i ∈ {H,−H,F} in an industry with gap pair n.8,9 The Hamilton–Jacobi–

Bellman (HJB) equation for firm H is given by:

rHV
n
H = V̇ n

H + (1− τHH)Π
n
HH + (1− τFH)Π

n
HF+

max
xn
H

{
−(1− τR&D

H )wHG(x
n
H ;BH , γ) + xnH

(
V n+1
H − V n

H

)}
+

xn−H

(
V nHH−1,nHF

H − V n
H

)
+ xnF

(
V nHH ,nHF−1
H − V n

H

)
+

xn,E
H

(
V nHH−1,nHF

H − V n
H

)
+ xn,E

F

(
V nHH ,nHF−1
H − V n

H

)
+

ηHH

(
V 0,nHF

H − V n
H

)
+ ηFH (V nHF ,nHF

H − V n
H ) + ηHF

(
1

2

(
V nHH ,0
H + V n

H

)
− V n

H

)
(11)

where τR&D
H is an R&D subsidy, and τHH and τFH are corporate taxes facing the firm in

markets H and F . Entrant innovation intensities are given by {xn,E
c }c∈{H,F}; the entrant

problem is detailed in Section 2.5. Equation (11) has the usual interpretation: the left-

hand side equates the return from investing V n
H dollars in the safe asset and earning the

risk-free interest rate rH with the expected return of holding the risky asset. Namely,

owning firm H in an industry with gap pair n yields capital gains of V̇ n
H and flow profits

from sales in marketsH andF , ΠHH andΠHF , along with capital losses that accrue when

competitors—home laggards and foreign incumbents along with potential entrants in

both countries—achieve their own innovations or knowledge spills over (third, fourth,

and fifth lines, respectively). The firm’s choice, xnH , is made to maximize the capital gain

7Conditional on the event that knowledge flowed from home to foreign, I assume there is a uniform
probability of that flow originating from either of the two home incumbents. In some instances, then, the
knowledge spillover is useless to the foreign incumbent—for example when nHF ≤ nHH (i.e. when the
receiving firm is less behind the frontier than the sending firm).

8In the finite numerical approximation to N , I reflect transitions at the boundaries. See Appendix B.
9Below and throughout, addition and subtraction of scalars to and from vectors are elementwise.
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of a successful innovation, ∆V n
H = V n+1

H −V n
H , net of R&D costs, taking competitor strate-

gies as given. Given the global convexity of (10), the equilibrium choice of innovation

by the firm satisfies:

xnH = max

{
BH

[
∆V n

H

wH(1− τR&D
H )

BHγ

] γ
1−γ

, 0

}
. (12)

The problem of the foreign incumbent can be formulated similarly. It will often be

helpful to work with the scaled value functions, vni =
V n
i

P|i|C|i|
. Along a BGP, note that (2)

implies that r|i| = ρ+ Ċ
C
+ Ṗ

P
so that under the same restrictions as above for n, the scaled

value function of the foreign incumbent can be expressed as:

ρvnF = (1− τHF )π
n
FHψ̃HF + (1− τFF )π

n
FF+

max
xn
F

{
−(1− τR&D

F )ωFG(x
n
F ;BF , γ) + xnF

(
vnHH ,nHF−1
F − vnF

)}
+

xnH
(
vn+1
F − vnF

)
+ xn−H

(
vnHH−1,nHF

F − vnF
)
+

xn,E
F (0− vnF ) + xn,E

H

(
vnHH−1,nHF

F − vnF
)
+

ηHH

(
v0,nHF

F − vnF
)
+ ηFH (vnHF ,nHF

F − vnF ) + ηHF

(
1

2

(
vnF + vnHH ,0

F

)
− vnF

)
(13)

where ωc =
wc

PcCc
, πn

cc′ =
Πn

cc′
Pc′Cc′

, and ψ̃cc′ =
PcCc

Pc′Cc′
. The remaining Hamilton-Jacobi-Bellman

(HJB) equations are presented in Appendix B.

2.5 Entry

In each period t and each country c ∈ {H,F} there is a unit mass of entrants who direct

their entry to a particular sector j with gap pair n. They choose an innovation intensity

xn,E
c ≥ 0 under innovation cost function G(·;BE

c , γ). If successful, they enter one step

ahead of the less productive domestic incumbent; otherwise, they exit and are imme-

diately replaced by a new entrant firm.10 Let ME,c
n (i,n′) : {H,−H,F} × N → [0, 1] =

Pr{(i,n′)|n, Successful c entrant innovation}.11 The recursive country c entrant prob-

10In industries where nHH = 0, home entrants replace either home incumbent with equal probability.
11For example, in the example studied in Section 2.4, ME,F

nHH ,nHF
(F, nHH , nHF −1) = 1—zero otherwise.

See Appendix B for full specification.
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lem is given by:

rcV
n,E
c − V̇ n,E

c = max
xn,E
c

{
−wcG(x

n,E
c ;BE

c , γ) + xn,E
c

∑
i,n′

ME,c
n (i,n′)

(
V n′

i − 0
)}

. (14)

2.6 Keeping track of the economy’s state

The state of the economy is a probability mass function {µn}n which gives the mea-

sure of industries j ∈ [0, 1] where the gap pair is n.12 At all periods t, it satisfies the

Kolmogorov forward equation (KFE):

µn(t+ dt)− µn(t)

dt
= Inflown({µn}n)− Outflown({µn}n). (15)

For the industry studied in Section 2.4:

Inflown({µn}n) = xnHH−1,nHF−1
H µnHH−1,nHF−1 + ηFH1nHH=nHF

∑
n′
HH>nHF

µn′
HH ,nHF

+
(
xnHH+1,nHF

−H + x
(nHH+1,nHF ),E
H

)
µnHH+1,nHF +

(
xnHH ,nHF+1
F + x

(nHH ,nHF+1),E
F

)
µnHH ,nHF+1

(16)

and

Outflown({µn}n) =
( ∑

i∈{H,−H,F}

xni +
∑

c∈{H,F}

xn,E
c + ηHH1nHH>0+

ηFH1nHH>nHF
+ ηHF1nHF>0

(
1− 1

2
1nHF<nHH

))
µn. (17)

Complete formulae for Inflown and Outflown are given in Appendix C.

2.7 Equilibrium

A full statement of the model equilibrium is provided in Appendix D. For now, a trun-

cated statement suffices. An equilibrium of the model presented above is a collection of

12Since j ∈ [0, 1], this measure can be thought of as a probability measure.
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prices and quantities, Υ:

Υ =

{
{Yc(t), Cc(t), Ac(t), Pc(t), wc(t), rc(t)}c∈{H,F} ,

{yijc(t), pijc(t), lijc(t)}i∈{H,−H,F},c∈{H,F} , {x
n
i (t),

cxni (t), v
n
i (t)}i∈{H,−H,F},n∈N ,

{xn,E
c (t)}n∈N,c∈{H,F}, {µn(t)}n∈N

}
t∈[0,∞)

(18)

such that all markets clear and all firms and households optimize. In calibrating the

model, I focus on balanced growth path (BGP) equilibria; these are equilibria where all

detrended nominal variables are time invariant. See Acemoglu and Akcigit (2012) for

a proof of existence and uniqueness of balanced-growth-path equilibria in this class of

models. Appendix E discusses a solution algorithm for the model.

2.8 Model extensions

In subsequent sections, I extend the model along the following lines to represent more

realistically the various tradeoffs facing firms and countries under international com-

petition for market leadership.

2.8.1 Offshore R&D

There is considerable offshore R&D activity that the model cannot currently account for

(Fan, 2025). If research productivity is higher in country H than in country F , firm F

may want to hire R&D labor in country H. Conversely, if the relative wage were lower

in country F , then country H may want to hire research labor in country F . Generally,

since G(·) is globally convex, to avoid diminishing returns, firms will generally want to

spread out their R&D labor. In an extension, I allow for this cross-border activity. So

long as firm i is restricted to drawing production labor from country |i|, tractability is

maintained. The inner maximization problem of firm i becomes:

max
x
n,|i|
i ,x

n,C̃(|i|)
i

{
−

(
(1− τR&D

|i||i| )w|i|G(x
n,|i|
i ;B|i|, γ) + (1− τR&D

C̃(|i|)|i|)wC̃(|i|)G(x
n,C̃(|i|)
i ;BC̃(|i|), γ)

)
+

(
x
n,|i|
i + x

n,C̃(|i|)
i

)
∆V n

i

}
(19)
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where C̃(·) is defined in Appendix B. The only additional modification is to account for

cross-border R&D in labor market clearing (Appendix D).

2.8.2 Trade wars

Since 2018, there has been an ongoing trade war between the United States and China,

in which each side has imposed tariffs on either a retaliatory or a preemptive basis, jus-

tified on national security grounds or on the grounds that the competing country is

behaving unfairly. Following Choi and Shim (2024), in an extension, I introduce tariffs

as an additional iceberg cost (levied after the fundamental iceberg cost). This affects the

static equilibrium as follows:

yijc =
qijlijc

1 + τX1{c ̸= |i|}
1

1 + tc1{c ̸= |i|}
(20)

pijc =
1− βzijc
β (1− zijc)

(1 + τX1 {c ̸= |i|}) (1 + tc1{c ̸= |i|})
w|i|

qij
(21)

where tc is the tariff rate of country c.

2.8.3 National security costs

The trade war was undertaken, at least in part, on perceived national security grounds.

To better study optimal policy, following Akcigit et al. (2024), I introduce a cost of losing

leadership in certain industries. Let Ωcc′ be the measure of industries in country cwhere

the leading firm is from country c′. I propose a quadratic cost denominated in country

c’s aggregate expenditure:

C(Ωcc′) =

χ0Ω
2
cc′PcYc , c ̸= c′

0 , c = c′
(22)

where χ0 is a cost shifter. Results for these extensions will be presented in Appendix F.

2.9 Discussion of relevant model forces

Though explicit, analytical characterizations of the forces underlying the model are gen-

erally difficult to derive, the literature has pointed to several prominent ones that bear
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consideration for this paper’s application.

1. Escape competition effect. This force was first introduced into the endogenous

growth literature by Aghion et al. (2005) and is present in my model. It induces

more innovation and dynamism in industries where firms are “neck-and-neck,”

or where nHH and |nHF | are “small,” because the rents from “winning the race”—

getting to the frontier—are quite large relative to the cost.

2. Discouragement effect. In contrast, in industries where nHH and |nHF | are large,

there is likely to be strategic discouragement. Firms far behind the frontier recog-

nize that a costly R&D race is unlikely to be won and that, even if won, victory is

unlikely to have a positive present value. Leader firms anticipate laggards’ reduced

innovation incentives and engage in strategic accommodation. These discourage-

ment forces are a focus of recent work by Liu et al. (2022). The cumulative effects

of the escape competition and discouragement effects depend on the overall dis-

tribution of competition in the economy, as summarized by {µn}n.

3. Market size effect. There are powerful scale effects at play. All else equal, a larger

population implies a lower marginal cost of production through a lower market-

clearing wage. The implications for innovation are ambiguous. On the one hand, a

larger labor force may induce firms to innovate less and rely more on cheap labor

to win the competition for market share. On the other hand, a larger labor force

implies a larger domestic market for goods, higher potential period profits, and

thereby heightened efforts directed to winning the competition for market leader-

ship through technology, qij .

3. Quantification

In this section, I quantify the theoretical model presented in Section 2.

3.1 Calibration strategy

I calibrate the model in one step. I assume the economy is in steady state in 1991. The

two countries, H and F , correspond to the United States and China, respectively; I refer
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to them as home and foreign interchangeably. To discipline the initial BGP, I use only

moments informative about U.S. business dynamism in 1991; neither trade data nor

data from China are used to discipline the initial equilibrium.13 Then, I shock the ice-

berg trade cost parameter, τX , by 50% and trace the impulse response of the model econ-

omy. Therefore, if the dynamics of the transition resemble reality, it is entirely through

the mechanics of the model. I also experiment with shocks to China’s research produc-

tivity and knowledge diffusion between the United States and China and find they have

less explanatory power than a pure trade shock.

I choose moments that the firm-dynamics literature has identified as relevant for

studying the decline in business dynamism in the first two decades of the 21st century:

the growth rate of aggregate TFP; the rate of gross reallocation, a common measure of

churn in the economy; the dispersion of firm growth rates; average markups; and the

firm entry rate.

3.2 Externally calibrated parameters

Following the literature, I set the curvature parameter for R&D production, γ, to be 0.35

and the subjective rate of time preference, ρ, to be 5% on an annual basis (Acemoglu

et al., 2018). I assume R&D labor and profits are subsidized and taxed, respectively,

at a rate of 20%, common to both countries; these values are broadly in line with the

literature (Akcigit and Ates, 2023). Since there are two home firms and one foreign firm

in each industry, in order for there to be symmetry, I impose that 2ψH = ψF = 0.50

(Choi and Shim, 2024). I choose the elasticity of substitution between varieties within

the CES nest to be 6 following Broda and Weinstein (2006); the iceberg trade cost is

externally calibrated to be 0.50 following Anderson and van Wincoop (2004). Lastly, I

set the trade deficit to unity—∆ = 1 (Appendix D). Of course, there is a meaningful

trade deficit between the United States and China, and in future work, I hope to explore

this issue in further detail.

13The one exception is the externally calibrated LF , discussed in further detail in Section 3.3.
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3.3 Discussion on choices of LH and LF

The last two parameters to be externally calibrated are LH and LF , the sizes of the home

and foreign labor forces. These choices require careful justification: I normalize the

home labor force to unity and set the foreign labor force to 65% of the home labor force.

Since China, in 1991, had a population roughly five times larger than that of the United

States, some discussion is in order.

3.3.1 Private sector, urban manufacturing employment

Due to the presence of considerable nontradable economic activity in both the United

States and China—in contrast to the model, where all sectors are tradable—the rele-

vant comparison is not between each country’s total population or total labor force.

The literature studying the China shock has typically focused on economic outcomes in

manufacturing sectors, which I follow in Section 4 (Autor et al., 2013; Acemoglu et al.,

2016).

Thus, to calibrate LH and LF , my analysis focuses on manufacturing employment in

the United States and China. Data for the United States are readily available; data for

China present challenges. As discussed by Banister (2005) and Benedetto (2018), na-

tionwide manufacturing-employment counts for China are not consistently measured

across sources and years, especially near the turn of the millennium. Practitioners often

rely on data from China’s National Bureau of Statistics (NBS)—specifically, the count of

manufacturing workers in urban areas (Lardy, 2015). The remaining issue is whether

to include the sizable urban manufacturing employment in state-owned enterprises

(SOEs). Determining whether SOEs are major players in export markets is important:

even if their motives are not well captured by the profit-maximizing behavior posited

in the model, it would be difficult to justify excluding them if they are major exporters.

However, Khandelwal (2015), in a comment on Hsieh and Song (2015), finds that 73%

of exports by value during the China-shock period originated from the private sector,

implying that SOE activity is likely to be segmented from the dynamics relevant for the

model.
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3.3.2 Innovation employment

In the model, labor is homogeneous: the same labor that is used for R&D is used for

production. Therefore, there is an argument for using research employment as the rel-

evant comparison between the United States and China, as this is likely to be the “rate-

limiting” step.

3.3.3 Constructing the labor-force ratio

Based on the discussion in Section 3.3.1, I compare the number of manufacturing work-

ers in the private sector in urban areas from Banister (2005) with the total number of

manufacturing workers in the United States (from FRED) for the most recent post-1991

period after a structural break in the Chinese data. This yields a ratio of 0.66.14 Second,

using World Bank data, I obtain the number of researchers per million people in China

and the United States for 1996—the most recent year for which data are commonly

available—and multiply it by population to obtain the number of researchers in each

country. This yields 0.64: for every researcher in China in 1996, there are 0.64−1 ≈ 1.6 re-

searchers in the United States. I then take the simple average of these numbers to arrive

at 0.65.

3.4 Internally calibrated parameters

The remaining parameters to be calibrated are the knowledge spillover parameters (ηHH ,

ηFH , ηHF ); the productivity step size parameter, λ; and the scale parameters for R&D

production (BH , BF , BE
H , BE

F ) in both countries. I follow the literature and discipline

these using simulated method of moments (SMM) (Lentz and Mortensen, 2008). Let

Θ = (ηHH = ηFH = ηHF , λ, BH , BF , B
E
H , B

E
F ) be a vector of free parameters and let M(Θ)

be the vector of moments obtained through these parameters. I search for a Θ∗ such

that:

Θ∗ ∈ argmin
Θ

 ∑
m∈M(Θ)

wm
|Modelm − Datam|

1
2
(|Modelm|+ |Datam|)

 (23)

where w is a vector of subjective weights. When calibrating, I set all weights to unity.

14Banister (2005) reports 11.44 million in 1998 (the most recent year after a structural break in the se-
ries); FRED reports 17.45 million in December 1998— 11.44

17.45 ≈ 0.66.
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Parameters Moments
Parameter Description Value Source Description Model Data Source
LH Home-country labor force 1.00 Normalization TFP growth rate, g 1.14% 0.91% Fernald (2015)
LF Foreign-country labor force 0.65 FRED, World Bank, and Banister (2005) Gross reallocation 23.98% 24.65% BDS Decker et al. (2016c)
τHR&D = τFR&D Subsidy rate 20.00% Literature Firm growth standard deviation 56.00% 50.19% Decker et al. (2016c)
τH = τF Tax rate 20.00% Literature Firm growth P90− P10 63.99% 59.51% Decker et al. (2016c)
ρ Discount rate 5.00% Literature Mean markup 33.66% 39.50% De Loecker et al. (2020)
ψF = 2ψH Home bias 0.50 Externally calibrated Firm entry rate 12.86% 10.59% BDS Decker et al. (2016c)
γ Curvature, R&D cost 0.35 Literature
(1− β)−1 Elasticity of substitution 6.00 Broda and Weinstein (2006)
τX Iceberg trade cost 0.50 Anderson and van Wincoop (2004)
ηHH = ηFH = ηHF Knowledge diffusion 0.05 SMM
λ Productivity step size 1.01 SMM
BH Cost parameter, home R&D 6.72 SMM
BF Cost parameter, foreign R&D 1.57 SMM
BE

H Cost parameter, home entrant 0.80 SMM
BE

F Cost parameter, foreign entrant 0.95 SMM

Table 1: Model calibration.

3.5 Results

Table 1 shows the results of the model calibration. The quality of fit is quite good. The

model economy features incumbent U.S. firms that have higher research productiv-

ity than their Chinese competitors; U.S. entrants and Chinese entrants appear to have

roughly similar research productivities. Both the productivity step size parameter, λ,

and the knowledge diffusion parameters, η··, have values broadly in line with those pre-

viously reported by the literature.

3.6 Implications of a trade shock for U.S. business dynamism

To what extent can various proposed shocks explain the decline in business dynamism

witnessed over 1991–2007? In particular, was the China shock primarily (i) a trade shock,

modeled as a reduction in τX ; (ii) a research-productivity shock, modeled as a rise inBF

and BE
F ; or (iii) a knowledge-diffusion shock, modeled as a rise in ηHF ? To answer these

questions, I shock the calibrated model and compare BGPs. I then solve for and simulate

the model’s full transition.

3.6.1 A reduction in iceberg trade costs

China acceded to the World Trade Organization (WTO) in 2001. This accession made

foreign markets more accessible to Chinese exporters and Chinese markets more acces-

sible to foreign exporters. Thus, it is natural to think of this as a reduction in bilateral

iceberg trade costs. To study whether this shock might induce the changes in business

dynamism witnessed over the period in question, I shock the iceberg trade cost parame-
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Moment Data, ∆1991→2007 Model, ↓ τX , ∆1991→2007 Model, ↑ BF , B
E
F , ∆1991→2007 Model, ↑ ηHF

TFP growth rate, g -31.47% -0.44% 5.28% 3.84%
Gross reallocation -9.45% -3.83% 1.30% 1.04%
Firm growth standard deviation -8.28% -1.85% 0.53% 0.16%
Firm growth P90− P10 -9.94% -10.51% 1.90% 1.31%
Firm entry rate -5.62% -2.67% 1.10% 0.63%
Mean markup 35.67% -6.48% -0.04% -0.10%

Table 2: Comparison of BGPs in response to a 50% reduction in iceberg trade costs, τX .

ter, τX , by 50%. The effect is shown in Table 2. A reduction in iceberg trade costs predicts

changes with the same sign as the data for five of the six pre-shock moments; the coun-

terfactual markup response differs from the observed response.15

3.6.2 A rise in Chinese research productivity

An alternative way of viewing the China shock is through a rise in the productivity of

Chinese firms in generating innovations. This could arise because of large human-

capital investments in China during the period in question or an easing of misallocation

unleashed by widespread privatization during the intervening period (Hsieh and Song,

2015). A natural way to capture this is to shock the research productivities of incum-

bents and entrants. I test this by increasing BF and BE
F by 50%. The results are reported

in Column (4) of Table 2; this shock predicts changes opposite in sign to the data for

every moment.

3.6.3 Rising knowledge diffusion from the United States to China

Hoberg et al. (2021), Office of the United States Trade Representative (2023), and related

work document concerns about the transfer or misappropriation of U.S. firms’ intellec-

tual property. I represent the associated increase in cross-border knowledge flows as a

rise in ηHF . I therefore test the implications of a 50% rise in ηHF . The results are reported

in Column (5) of Table 2; as with a rise in Chinese research productivity, this shock does

not explain the evolution of the data over the period considered.

15The iceberg trade cost enters delivered marginal costs in Equation (7); equilibrium markups also de-
pend on the distribution {µn}n.
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Gross reallocation TFP dispersion Growth rate dispersion
(1) (2) (3) (4) (5) (6) (7) (8) (9)

∆ Foreign share -0.969∗∗∗ -0.230∗ -0.133 0.321∗∗∗ 0.168∗∗ 0.155∗ -0.531∗∗∗ -0.021 -0.003
(0.10) (0.11) (0.13) (0.06) (0.06) (0.08) (0.10) (0.11) (0.14)

∆ Foreign share × Initial concentration — — -0.175 — — 0.024 — — -0.032
— — (0.13) — — (0.08) — — (0.14)

Initial concentration control — ✓ ✓ — ✓ ✓ — ✓ ✓

Table 3: Model regressions. Standard errors are robust to heteroskedasticity. Sample size is 9,861 simulated industry-level
observations.

3.7 Transition results

In this section, I solve the full transition of the calibrated model from Section 3.5, af-

ter reducing the iceberg trade cost parameter by 50%. Of particular interest is whether,

cross-sectionally, industries that are more exposed to imports see larger declines in dy-

namism. This provides more direct evidence of what the steady-state results from Sec-

tion 3.6 suggested. To run this regression, I simulate 9,861 industries—each composed

of a home leader, home laggard, foreign incumbent, and two potential entrants—over

the transition for 10 years. In the first 5 years, the iceberg parameter is 0.50; in the last 5

years it is 0.25. Then, I run the following first-difference regressions (all changes are à la

Davis, Haltiwanger and Schuh 1998).

∆Yj,t→t+∆t = α + β∆Foreign sharej,t→t+∆t + εjt (24)

∆Yj,t→t+∆t = α + γHome concentrationt + β∆Foreign sharej,t→t+∆t + εj,t (25)

∆Yj,t→t+∆t = α + γHome concentrationt + β∆Foreign sharej,t→t+∆t+

ω∆Foreign sharej,t→t+∆t × 1{Above median concentration}j,t + εj,t
(26)

Later, in Section 4, I run analogs of these regressions in the data. Equation (24) tests

whether more import-exposed industries experience larger declines in various dynamism

measures (β); Equation (25) tests the same hypothesis but controls for initial concentra-

tion (β); and Equation (26) asks whether more initially concentrated industries experi-

ence more pronounced declines in dynamism (β + ω). The goal is to understand which

forces elucidated in Section 2.9 might be driving the comparative statics in Table 2.
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(a) Gross reallocation. (b) TFP dispersion. (c) Growth rate dispersion.

Figure 2: Model regressions. Plots are binscatter plots. Sample size is 9,861 simulated industry-level observations. Best-fit
lines correspond to Columns (1), (4), and (7), respectively, of Table 3. Standard errors are robust to heteroskedasticity.

3.7.1 Gross reallocation

Results for gross reallocation are shown in Columns (1)–(3) of Table 3 and Figure 2a.

Both unconditionally and conditional on initial domestic concentration, more import-

exposed industries see larger decreases in dynamism. After interacting import exposure

with initial concentration, the interaction estimate is no longer statistically significant

at conventional levels, but the point estimates have the same direction: more import-

exposed industries see larger declines in dynamism, with an additional decline in indus-

tries that were initially more concentrated. This is reminiscent of Aghion et al. (2005),

where initially more concentrated industries experience strategic discouragement (Sec-

tion 2.9).

3.7.2 TFP dispersion

Results for TFP dispersion are similar to those for gross reallocation. TFP dispersion

rises more in industries that are more import-exposed, even after controlling for ini-

tial concentration. In the fully interacted regression, the point estimate has the same

direction but is not statistically significant at conventional levels.

Due to lack of detailed, publicly available microdata, TFP dispersion is a nontar-

geted moment. Akcigit and Ates (2023) discuss why TFP dispersion may be a relevant
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moment for considering the decline in dynamism: if market leaders become many mul-

tiples more productive than market laggards, laggards may become discouraged and

the economy may witness a decline in churn (proxied by gross reallocation) and overall

competitiveness. Andrews et al. (2015) find evidence that leaders have indeed pulled far

ahead of laggards during the period of analysis.

3.7.3 Growth rate dispersion

Growth rate dispersion has declined in the data and in the comparison between steady

states in the model, as reported in Table 2. In the model, this result appears to correlate

with changes in import exposure, but it is the weakest result: after controlling for initial

concentration, the point estimate is not statistically significant at conventional levels.

To match how I treat the data, I use DHS employment-growth rates. In the model,

these growth rates have a counterintuitive implication: conditional on survival, the

most productive firms shrink in terms of their overall employment. This occurs because,

when firms get very far ahead of their nearest competitors, strategic accommodation re-

duces their innovation incentives, while their high productivity allows them to charge

a high price—essentially substituting markups for output—and thereby reduce over-

all employment. However, entry and exit still drive growth dispersion in the expected

way.16 In the aggregate, this counterintuitive behavior of firm employment growth does

not prevent the model from matching the macroeconomic data over the period in ques-

tion, but conditioning on initial concentration—where this behavior is more observable

because of the presence of large incumbent leaders—leads to empirically ambiguous

results.

4. Empirical evidence in support of the model

In this section, I explore more direct empirical evidence consistent with the model pre-

sented in Sections 2 and 3. I also present new facts linking declining U.S. business

dynamism to rising import exposure from China, using both industry-level and geo-

graphic variation.

16Entering firms have DHS growth rates of +200%; exiting firms have DHS growth rates of −200%.
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4.1 Data

Data for studying the business dynamics of U.S. firms and establishments come from

the Business Dynamics Statistics (BDS) of the U.S. Census Bureau (Chow et al., 2021).

Import-penetration data are from Autor et al. (2013, 2014), and commuting-zone em-

ployment data are from Acemoglu et al. (2016). Total factor productivity (TFP) data

come from the NBER-CES Manufacturing Industry Database (Becker et al., 2021). Data

on productivity dispersion come from the U.S. Census Bureau’s Dispersion Statistics on

Productivity (DiSP) (Cunningham et al., 2023). Data on concentration in the manufac-

turing sector come from the 1992 Economic Census, publicly available on the Census

Bureau’s website.

4.2 Empirical strategy

I follow Autor et al. (2013) and Acemoglu et al. (2016) and define geographic and industry-

based measures of changes to exposure to Chinese import competition as follows.

∆IP Ind.
j,t→t+∆t =

∆MUC
j,t→t+∆t

Yj,1991 +Mj,1991 −Xj,1991

(IND)

∆IPGeo.
c,t→t+∆t =

∑
j

Ec,j,t∑
j′ Ec,j′,t

∆IP Ind.
j,t→t+∆t (GEO)

∆MUC
j,t→t+∆t is the dollar-value change in imports from China to the United States in in-

dustry j between periods t and t+∆t; Yj,1991 is total industry shipments in industry j in

1991; and Mj,1991 −Xj,1991 is net industry j imports in 1991. ∆IPGeo.
c,t→t+∆t is the change in

import penetration for commuting zone c between t and t + ∆t; it is an employment-

weighted average of the industry-level shocks.17

To assess how changes in Chinese import competition have affected outcomes of

17These weights may not sum to one because some employment in commuting zone c is in nontradable
sectors, which, by default, have ∆IP Ind.

j,t→t+∆t = 0. I follow Borusyak et al. (2022) and adjust for this in my
regression analysis by controlling for the total initial-period share of tradable-sector employment in a
commuting zone, interacted with a period dummy.
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interest, I run the generalized regressions

∆Yj,t→t+∆t = αj + δt + β∆IP Ind.
j,t→t+∆t +X′

j,0γ + εj,t (27)

∆Yc,t→t+∆t = δt + β∆IPGeo.
c,t→t+∆t +X′

c,0γ + εc,t. (28)

Here, j denotes an industry; c denotes a commuting zone (CZ); and t denotes a period.

αj and δt are industry and period fixed effects, respectively.18

Where does identification come from? To fix ideas, in markets where American and

Chinese firms compete, equilibrium outcomes respond to contemporaneous supply

and demand shocks for American and Chinese varieties. The supply shock of interest

for this paper is the rise in Chinese manufacturing productivity, which is potentially het-

erogeneous across specific subsectors, j, and would ideally be proxied by ∆IP Ind.
j,t→t+∆t.

However, realized ∆IP Ind.
j,t→t+∆t reflects simultaneous supply and demand shocks. There-

fore, estimation of Equations (27) and (28) is confounded by simultaneity bias. To cred-

ibly identify β, I follow Acemoglu et al. (2016) and employ an instrumental-variables

strategy, constructing foreign counterparts of ∆IP Ind.
j,t→t+∆t.

∆IPOInd.
j,t→t+∆t =

∆MOC
j,t→t+∆t

Yj,1988 +Mj,1988 −Xj,1988

(IND-O)

∆IPOGeo.
c,t→t+∆t =

∑
j

Ec,j,1988∑
j′ Ec,j′,1988

∆IPOInd.
j,t→t+∆t (GEO-O)

where the superscript O refers to a collection of eight high-income economies.19,20 The

identifying assumption is that industry demand shocks are uncorrelated across coun-

tries, but that industries’ exposure to the Chinese manufacturing productivity shock is

common.

An important challenge to consider in the above empirical strategy is the possibil-

ity of industry- or region-specific confounders. For example, if an industry or region

was hit by a shock that is correlated with the China trade shock—and this shock goes

18Unless otherwise specified, for ∆Yj,t→t+∆t, I follow Autor et al. (2020a) and consider growth rates à
la Davis, Haltiwanger and Schuh (1998) (DHS growth rates): ∆Yj,t→t+∆t =

Yj,t+∆t−Yj,t

0.5(Yj,t+∆t+Yj,t)
. Thus, the β

coefficients have the approximate interpretation of elasticities.
19These economies are Australia, Denmark, Finland, Germany, Japan, New Zealand, Spain, and Switzer-

land.
20I follow Acemoglu et al. (2016) and use 1988 employment shares for (GEO-O).
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(a) Gross reallocation.
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(b) TFP dispersion.

Figure 3: Binscatter for data. Both panels use industry variation—Equation (IND). The change in import exposure is
uninstrumented. Both panels project out year fixed effects. The dashed red line is the OLS best-fit line. The size of each dot is
proportional to the weights used in the regressions in Tables 4 and 6.

unmodeled—β is no longer identified.21 To address this, I add a battery of j-specific

controls to (27) and (28) that, in the stacked first-difference specification above, remove

industry- and region-specific trends.22 For the industry-level regressions, out of concern

for overfitting, I alternatively follow Acemoglu et al. (2016) and control for variation only

at the single-digit supersector level.

By removing these industry-specific effects, the likelihood of confounding shocks is

significantly diminished. I also provide falsification exercises using outcomes measured

before the China trade shock (Table 5).
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4.3 Declining business dynamism and import exposure

A large literature has explored the effects of rising Chinese import competition on em-

ployment in tradable sectors.23 A somewhat distinct literature has focused on the sec-

ular decline in U.S. business dynamism.24 To what extent, however, can rising Chinese

import competition explain declining business dynamism?

To answer this question, I run industry- and commuting-zone-level regressions on

common measures of business dynamism. Aligning with the nontargeted moments ex-

plored in Section 3.7, my chosen measures of dynamism are gross job reallocation and

productivity (TFP) dispersion.25 Figure 3 shows that the correlations in the data match

those in the model. However, as discussed above, these correlations are confounded by

simultaneity bias and industry-specific confounders.

Therefore, I estimate Equations (27) and (28). Results are shown in Table 4. Across

specifications, a rise in import exposure—at either the industry or commuting-zone

level—is associated with a decline in gross reallocation and a rise in productivity dis-

persion, consistent with the macroeconomic data and with the microdata generated by

the model (Table 3).

Column (1) presents estimates from a two-stage least-squares (TSLS) regression with

(IND-O) and (GEO-O) as the instruments for Panels A and B, respectively. A 1% rise in

import exposure at the industry level is associated, on average, with a 0.32% decline

in gross reallocation and a 0.27% rise in TFP dispersion. These are small but economi-

cally relevant elasticities. As a rough back-of-the-envelope calculation, the mean indus-

try’s 5.6% rise in import exposure implies a predicted 1.8% decline in gross reallocation.

Because the mean industry experienced a 10.3% decline in gross reallocation between

21Examples could be the secular decline in manufacturing-sector activity (Charles et al., 2019) or the
secular, broad-based decline in business-dynamism measures such as gross job reallocation (Decker et
al., 2016b, 2017).

22Industry controls are at the j level (i.e., four-digit SIC fixed effects). Geographic controls are at the
Census-division level (i.e., nine Census divisions). I do not include commuting-zone-level fixed effects
because, following Borusyak et al. (2022), I control for initial tradable-sector employment in the com-
muting zone interacted with period dummies, which would be collinear with commuting-zone-level fixed
effects.

23For example, see Autor et al. (2013); Acemoglu et al. (2016); and Pierce and Schott (2016).
24For example, see Decker et al. (2016b, 2017) and Akcigit and Ates (2021, 2023).
25Gross reallocation is the sum of the job creation and job destruction rates and is a common mea-

sure of dynamism in the economy. My concept of productivity is five-factor (capital, production labor,
nonproduction labor, energy, and nonenergy materials) total factor productivity (TFP).
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Panel A: Industry variation
(1) (2) (3)

Gross reallocation -0.315*** -0.281** -0.768*
(0.079) (0.105) (0.298)

TFP dispersion 0.271** 0.304** 0.838**
(0.100) (0.109) (0.304)

Panel B: Geographic variation
Gross reallocation -4.359* — -3.347*

(1.637) — (1.568)
∗—5% confidence; ∗∗—1% confidence; ∗∗∗—0.1% confidence.

Table 4: The effect of rising import competition on domestic business dynamism. Column (1) lists the
results of a TSLS regression in stacked first differences over 1991–1999 and 1999–2007 with period fixed effects—for Panel B, the
controls are the commuting-zone-level sum of shares used to define the instrument in (GEO-O), interacted with period dummies
as recommended by Borusyak et al. (2022). Column (2) lists the results of a TSLS regression in first differences over 1991–1999 and
1999–2007 with time and single-digit SIC fixed effects. Column (3) lists the results of a TSLS regression in first differences over 1991–
1999 and 1999–2007 with period and four-digit SIC fixed effects—for Panel B, the controls are nine Census-division dummies and the
commuting-zone-level sum of shares used to define the instrument in (GEO-O), interacted with period dummies as recommended
by Borusyak et al. (2022). For Panel A, standard errors are clustered at the four-digit SIC-code level; observations are weighted by the
average of 1990 and 1991 four-digit SIC-code employment. For Panel B, standard errors are clustered at the state level; observations
are weighted by 1990 commuting-zone population. For “TFP dispersion,” I map six-digit NAICS codes to four-digit SIC codes using
the crosswalk of Autor et al. (2013). For “Gross reallocation,” I map four-digit NAICS codes to four-digit SIC codes using the crosswalk
of Autor et al. (2013).

1991 and 2007, these estimates account for roughly one-fifth of that decline.

One potential objection to lending the above analysis a causal interpretation is that

sectors in which China has experienced rising productivity—and hence rising import

exposure—may coincide with sectors experiencing secular declines in the chosen mea-

sures of dynamism. I first note that the declines in dynamism are widely acknowledged

to be widespread across sectors, but most severe in retail trade and high tech (Decker

et al., 2016a), both of which have zero exposure to trade in my data. To address this

concern more directly, I add sectoral controls at the four-digit sector level (Column (3)),

which, in the first-difference specification, remove sectoral trends from the identifying

variation. Column (3) is my preferred specification. A back-of-the-envelope calculation

using this specification attributes roughly one-half of the decline in gross reallocation

to the rise in import exposure from China.26

Controlling for four-digit sector fixed effects is quite demanding because the identi-

26In Autor et al. (2013), Acemoglu et al. (2016), and related papers, standard practice is to load Xj0 with
many controls to address industry- or commuting-zone-level confounds. In contrast, my use of j-level
fixed effects nonparametrically captures any j-level confounds that these papers’ controls parametrically
project out. For example, Acemoglu et al. (2016) use the change in the overall employment share for
industry j between 1976 and 1991 as a control. In my specification, a j-level fixed effect would be perfectly
collinear with this control and any other j-level control.
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With controls No controls
Industry variation, 1979–1989 0.013 0.025

(0.055) (0.055)
Geographic variation, 1979–1989 -5.313* -3.731

(2.184) (2.819)

Table 5: Falsification tests. The table shows the results of regressing changes in gross reallocation over 1979–1989 on the
mean change in China import exposure over 1991–1999 and 1999–2007. Weights are given by sector employment shares in 1979.
For industry variation, controls are the single-digit sector controls from Table 4. For geographic variation, controls are the Census-
division controls along with the initial manufacturing-sector employment shares.

fying variation is at the four-digit sector × period level, and there are only two periods;

this may raise concerns of overfitting. Therefore, I follow Acemoglu et al. (2016) and

control for single-digit sector trends. Results are preserved and shown in Column (2).

Panel B repeats the above analysis at the commuting-zone level. Results are quanti-

tatively much larger. Here, there are only two estimates because I am unable to control

for commuting-zone-level fixed effects: the adjustment of Borusyak et al. (2022) would

be perfectly collinear with a commuting-zone-level fixed effect. I interpret these results

cautiously for the reasons described in the next paragraph.

As a final empirical exercise, I run falsification regressions of changes in business-

dynamism outcomes during the decade before the shock on mean changes in import

exposure over 1991–1999 and 1999–2007, with and without covariates. Evidence sup-

porting the design would be estimates close to zero, with confidence intervals that ex-

clude economically meaningful pretrends. Results are presented in Table 5.27 For the

most part, the estimated coefficients are close to zero or have the opposite sign and are

statistically indistinguishable from zero. However, the controlled geographic estimate

for gross reallocation is statistically significant and negative. I therefore interpret the

Panel B estimates in Table 4 cautiously.

4.4 Schumpeterian theory

Aghion et al. (2005) observe that canonical theories of competition and innovation pre-

dict a negative correlation between the two. However, there is weak empirical evidence

in support of this prediction. They build a model in which, in initially competitive in-

dustries, competition shocks are pro-innovation and pro-dynamism, while in initially

27Data for TFP dispersion do not extend far enough back in time to permit a falsification exercise.
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Panel A: Import exposure
(1) (2) (3)

Gross reallocation -0.262*** -0.269** -0.544*
(0.072) (0.096) (0.243)

TFP dispersion 0.264* 0.290* 0.589*
(0.128) (0.135) (0.265)

Panel B: Import exposure × 1{More concentrated}
Gross reallocation -0.138 -0.130 -1.119*

(0.138) (0.151) (0.436)
TFP dispersion 0.012 0.035 0.866*

(0.156) (0.178) (0.379)
∗—5% confidence; ∗∗—1% confidence; ∗∗∗—0.1% confidence.

Table 6: Regression results when interacted with initial concentration. Panel A shows the regression loading for
β in (29); Panel B shows the regression loading and standard error for ω. Column (1) has no controls. Column (2) controls for period
and single-digit SIC fixed effects. Column (3) controls for period and four-digit SIC fixed effects. Weights are the same as those used
in Table 4. Standard errors are clustered at the four-digit SIC level.

uncompetitive industries, competition shocks are anti-innovation and anti-dynamism.

As discussed in Section 2.9, similar forces are nested within my model. The estimates

in Table 3 provide some support for the view that escape-competition and strategic-

discouragement forces drive the quantitative results. I test for similar relationships in

the data by running the following regression:

∆Yj,t→t+∆t = αj + δt + β∆IP Ind.
j,t→t+∆t+

ω∆IP Ind.
j,t→t+∆t × 1{Above median concentration}j,0 +X′

j,0γ + εj,t. (29)

Following Autor et al. (2020b), I measure concentration using the share of sales ac-

counted for by the top 20 firms in an industry in 1992.28 Results are shown in Table 6. In

the preferred specification—with period and sector fixed effects—more import-exposed

industries undergo larger declines in dynamism; this effect is stronger in industries that

are initially more concentrated, consistent with the evidence presented in Table 3 and

with the theory.

4.5 Relationship to existing literature

Autor et al. (2013) and Acemoglu et al. (2016) show that regions and industries more

exposed to Chinese import competition experienced steeper declines in employment.

28The 1992 Economic Census is the closest year to 1991 for which data are available.
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At face value, my negative estimate for gross job reallocation is difficult to square with

this result: accommodating an employment decline would seem to require greater job

destruction and hence greater gross reallocation.

The distinction is between a cumulative net change and the pace of annual churn.

The employment literature typically studies

logEj,t+∆t − logEj,t, (30)

whereas my outcome is the change in the annual gross-reallocation rate,GRj,t = JCj,t+

JDj,t:

∆GRj,t→t+∆t =
GRj,t+∆t −GRj,t

0.5 (GRj,t+∆t +GRj,t)
. (31)

Employment can therefore decline over a period even if the annual pace of job creation

and destruction is lower at its end.

The closest empirical antecedent is Asquith et al. (2019), who use NETS establish-

ment data to decompose the employment response to the China shock into job cre-

ation from establishment births and expansions, and job destruction from establish-

ment deaths and contractions. In their baseline manufacturing IV specification, im-

port exposure substantially increases job destruction while leaving job creation approx-

imately unchanged; establishment deaths account for more than 70% of the gross em-

ployment adjustment attributed to the shock. Their finding is therefore one of predom-

inantly one-sided displacement through establishment closure, rather than offsetting

creation and destruction.

Their estimates do not directly corroborate my negative reallocation coefficient: adding

their job-creation and job-destruction responses implies greater cumulative gross ad-

justment. But neither do they identify the same object. Their measures are constructed

over seven- to twelve-year windows and decompose the employment change between

endpoints into contributions from establishment births, deaths, expansions, and con-

tractions. My outcome instead measures how the annual rate of job creation plus de-

struction changes between those endpoints. The findings are thus consistent with an

adjustment involving substantial establishment deaths within a period and a lower an-

nual pace of churn at its end, although neither design identifies that complete within-

period path.
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This qualification also clarifies a limitation of my design. Because I measure changes

in annual reallocation between endpoints, my estimates do not capture a transitory in-

crease in job destruction occurring within the period and are not evidence against the

establishment-death response documented by Asquith et al. (2019). Instead, they sug-

gest that the shock not only displaces employment but is associated with a subsequent

deceleration in the annual reallocation of productive factors.

5. Conclusion

This paper studies how the China trade shock affected U.S. business dynamism. In

my preferred industry-level IV specification, increased import exposure accounts for

roughly half of the observed decline in gross job reallocation. A dynamic two-country

model of oligopolistic competition rationalizes this pattern through firms’ innovation

responses to increased foreign competition.

The framework also points to future research on optimal policy responses to trade

shocks that slow reallocation in the broader economy.
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A. Solving the static equilibrium

Let znHc, z
n
−Hc denote the equilibrium market shares of firms H and −H in market c ∈

{H,F} in a line j with gap n = (nHH , nHF ). Given ωH , ωF , and ψ̃HH , prices as a function

of market shares can be defined as:

pHH

p−HH

= λ−nHH
1− βznHH

β(1− znHH)

β(1− zn−HH)

1− βzn−HH

(A.1)

pHH

pFH

= λ−nHF
ωH

ωF

ψ̃HF
1

τX

1− βznHH

β(1− znHH)

β(znHH + zn−HH)

1− β(1− znHH − zn−HH)
(A.2)

pHF

p−HF

= λ−nHH
1− βznHF

β(1− znHF )

β(1− zn−HF )

1− βzn−HF

(A.3)

pHF

pFF

= λ−nHF
ωH

ωF

ψ̃HF τX
1− βznHF

β(1− znHF )

β(znHF + zn−HF )

1− β(1− znHF − zn−HF )
. (A.4)

Using Equations (A.1)–(A.4), we can define an implicit system of equations that yields

equilibrium market shares:

znHH =
ψH

ψH + ψH

(
p−HH

pHH

) β
β−1

+ ψF

(
pFH

pHH

) β
β−1

(A.5)

zn−HH =
ψH

ψH + ψH

(
pHH

p−HH

) β
β−1

+ ψF

(
pFH

p−HH

) β
β−1

(A.6)

znHF =
ψF

ψF + ψF

(
p−HF

pHF

) β
β−1

+ ψH

(
pFF

pHF

) β
β−1

(A.7)

zn−HF =
ψF

ψF + ψF

(
pHF

p−HF

) β
β−1

+ ψH

(
pFF

p−HF

) β
β−1

. (A.8)

Given an initial guess of {znHc, z
n
−Hc}c, Equations (A.1)–(A.8) can be solved numerically.

B. HJB equations

Let Mi,n(i
′,n′) : {H,−H,F} × N → [0, 1] = Pr{(i′,n′)|(i,n), Successful innovation} be

a conditional probability mass function such that
∑

i′,n′ Mi,n(i
′,n′) = 1 for all (i,n).

ME,c
n (i′,n′) is defined as in Section 2.5. For the finite numerical approximation, I reflect
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transitions at the boundaries.29 For example, for |nHF | < n̄HF :

MH,(n̄HH ,nHF )(i
′,n′) =

1 , n′
HH = n̄HH , n

′
HF = nHF + 1, i′ = H

0 ,otherwise
(B.1)

MH,(n̄HH ,n̄HF )(i
′,n′) =

1 , n′
HH = n̄HH , n

′
HF = n̄HF , i

′ = H

0 ,otherwise
. (B.2)

Let C̃(i) be the competitor country; for example, C̃(H) = F . And let Ĉ(i) be the domestic

incumbent competitor; for example, Ĉ(H) = −H and Ĉ(F ) = ∅. Lastly, let all decisions

σ = (H, (0, nHF )) be identical to those for σ = (−H, (0, nHF )).

Then, the Hamilton-Jacobi-Bellman equation for any firm i ∈ {H,−H} can be writ-

ten as:

r|i|V
n
i − V̇ n

i = (1− τ|i||i|)Π|i||i| + (1− τC̃(|i|)|i|)Π|i|C̃(|i|)+

max
xn
i

{
−(1− τR&D

|i| )w|i|G(x
n
i ;B|i|, γ) + xni

∑
i′,n′

Mi,n(i
′,n′)

(
V n′

i′ − V n
i

)}
+

xnĈ(i)

∑
i′,n′

MĈ(i),n(i
′,n′)

(
V n′

Ĉ(i′) − V n
i

)
+ xnC̃(|i|)

∑
i′,n′

MC̃(|i|),n(i
′,n′)

(
V n′

i − V n
i

)
+

xn,E
|i|

∑
i′,n′

ME,|i|
n (i′,n′)

((
1− 1i′=i +

1

2
1i=H,nHH=0

)
V n′

Ĉ(i′) − V n
i

)
+

xn,E

C̃(|i|)

∑
i′,n′

ME,C̃(|i|)
n (i′,n′)

(
V n′

i − V n
i

)
+ ηHH

(
V 0,nHF

|i| − V n
i

)
+ ηFH1nHF<nHH

(
1nHF<0V

0,0
|i| + (1− 1nHF<0)V

nHF ,nHF
i − V n

i

)
+

ηHF1nHF>0

(
1nHF>nHH

(
1

2
V nHH ,0
i +

1

2
V nHH ,nHH
i

)
+ (1− 1nHF>nHH

)

(
1

2
V n
i +

1

2
V nHH ,0
i

)
− V n

i

)
(B.3)

29Note that reflection can imply nontrivial productivity spillovers. In practice, there is sufficiently small
probability mass at the relevant boundaries that this is not a major concern.
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and for i = F as:

r|i|V
n
i − V̇ n

i = (1− τ|i||i|)Π|i||i| + (1− τC̃(|i|)|i|)Π|i|C̃(|i|)+

max
xn
i

{
−(1− τR&D

|i| )w|i|G(x
n
i ;B|i|, γ) + xni

∑
i′,n′

Mi,n(i
′,n′)

(
V n′

i′ − V n
i

)}
+

xnC̃(|i|)

∑
i′,n′

MC̃(|i|),n(i
′,n′)

(
V n′

i − V n
i

)
+ xn−C̃(|i|)

∑
i′,n′

M−C̃(|i|),n(i
′,n′)

(
V n′

i − V n
i

)
+

xn,E
|i| (0− V n

i )+

xn,E

C̃(|i|)

∑
i′,n′

ME,C̃(|i|)
n (i′,n′)

(
V n′

i − V n
i

)
+ ηHH

(
V 0,nHF

|i| − V n
i

)
+ ηFH1nHF<nHH

(
1nHF<0V

0,0
|i| + (1− 1nHF<0)V

nHF ,nHF
i − V n

i

)
+

ηHF1nHF>0

(
1nHF>nHH

(
1

2
V nHH ,0
i +

1

2
V nHH ,nHH
i

)
+ (1− 1nHF>nHH

)

(
1

2
V n
i +

1

2
V nHH ,0
i

)
− V n

i

)
.

(B.4)

All that remains is to fully characterize Mi,n(i
′,n′) and ME,c

n (i′,n′) for all (i,n) and all

(c,n), respectively.

Mi,n(i
′,n′) =



1 , i = H, i′ = H,n′
HH = nHH + 1, n′

HF = nHF + 1

1 , i = F, i′ = F, n′
HH = nHH , n

′
HF = nHF − 1

1 , i = −H, i′ = −H,nHH > 1, n′
HH = nHH − 1, n′

HF = nHF

1 , i = −H, i′ = H,nHH = 1, n′
HH = 0, n′

HF = nHF

0 ,otherwise

(B.5)

ME,c
n (i′,n′) =



1 , c = H,nHH > 1, i′ = −H,n′
HH = nHH − 1, n′

HF = nHF

1 , c = H,nHH = 1, i′ = H,n′
HH = 0, n′

HF = nHF

1, c = H,nHH = 0, i′ = H,n′
HH = 1, n′

HF = nHF + 1

1, c = F, i′ = F, n′
HH = nHH , n

′
HF = nHF − 1

0 ,otherwise

. (B.6)
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C. KFE equations

Using (B.5) and (B.6) we can very easily characterize Inflown({µn}n) and Outflown({µn}n)
for all n. Combined with (15), this yields the fully specified Kolmogorov Forward Equa-

tions (KFE).

First, note that (17) is valid for all n. That just leaves the inflows to be specified.

Inflown({µn}n) =
∑

i′,i′′,n′

µn′
xn

′

i′ Mi′,n′(i′′,n) +
∑
c,i′,n′

µn′
xn

′,E
c ME,c

n′ (i
′,n)+

ηHH1nHH=0

∑
n′

µn′
1n′

HH>0 + ηFH1nHH=nHF

∑
n′

µn′
1n′

HH>nHF
+

ηHF

∑
n′

µn′
(
1n′

HH>nHF
1nHH=nHF

1

2
+ (1− 1n′

HH>nHF
)

(
1

2
1nHH=nHF

+
1

2
1nHF=0

))
. (C.1)

D. Equilibrium

An equilibrium of the model is a collection of prices and quantities, Υ:

Υ =

{
{Yc(t), Cc(t), Ac(t), Pc(t), wc(t), rc(t)}c∈{H,F} ,

{yijc(t), pijc(t), lijc(t)}i∈{H,−H,F},c∈{H,F} , {x
n
i (t),

cxni (t), v
n
i (t)}i∈{H,−H,F},n∈N ,

{xn,E
c (t)}n∈N,c∈{H,F}, {µn(t)}n∈N

}
t∈[0,∞)

(D.1)

such that

1. Intertemporal optimization. Given prices, {Pc(t), wc(t), rc(t)}, households choose

{Cc(t), Ac(t)} optimally while satisfying their budget constraints—(1)–(2).

2. Static optimization. Given prices and demand {Pc(t), Yc(t), wc(t)}, firms choose

{pijc(t), yijc(t), lijc(t)} optimally—(5), (7), and (8). These imply static period profits,

{Πcc′(t)}.

3. Markov perfection. Given prices, period profits, competitor innovation decisions,

and expected firm values {wc(t),Πcc′(t),
cxni (t), v

n
i (t)}, firms choose their innova-

tion decisions, {xni (t)}optimally (i.e. satisfying the relevant Hamilton-Jacobi-Bellman

4



equations). As a consequence, innovation decisions are symmetric: {cxni (t) =

xni (t)}

4. Market clearance. All markets clear.

(a) Asset market clearance.

AH(t) =
∑
n

µn(t)
(
V n
H (t) + V n

−H(t) + V n,E
H (t)

)
(D.2)

AF (t) =
∑
n

µn(t)
(
V n
F (t) + V n,E

F (t)
)

(D.3)

(b) Trade market clearance. Let∆(t) > 0 represent a potentially exogenous trade

deficit between home and foreign (the gross fraction by which home imports

exceed home exports—balance is given by ∆(t) = 1):

1

∆(t)

∑
n µ

n(t)znFH(t)∑
n µ

n(t)
(
znHF (t) + zn−HF (t)

) = ψ̃FH(t). (D.4)

(c) Goods market clearance.

YH(t) = CH(t) YF (t) = CF (t) (D.5)

(d) Labor market clearance.

LH(t) =

∫ 1

0

 ∑
c∈{H,F}

(lHjc(t) + l−Hjc(t)) + l̃Hj(t) + l̃−Hj(t) + l̃EHj

 dj (D.6)

LF (t) =

∫ 1

0

 ∑
c∈{H,F}

(lFjc(t)) + l̃Fj(t) + l̃EFj

 dj (D.7)

where ∫ 1

0

l̃ij(t)dj =
∑
n

µn(t)G (xni (t);B, γ) (D.8)∫ 1

0

l̃Ecj(t)dj =
∑
n

µn(t)G
(
xn,E
c (t);BE

c , γ
)
. (D.9)
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E. Solution algorithm

I solve the model as follows.

1. I guess that the model converged to a BGP in T periods.

2. I posit a guess for {ωH(t), ωF (t), ψ̃HF (t)}Tt=0. Note that this guess must satisfy 0 ≤
ωH(t) ≤ 1

LH(t)
; 0 ≤ ωF (t) ≤ 1

LF (t)
; and 0 ≤ ψ̃HF (t) <∞.

3. Using this guess, I solve for the static equilibrium following the procedure de-

scribed in Appendix A.

4. Adapting the HJBs for discrete time—I set dt = 2−5 and shrink as necessary to

ensure convergence—I solve the model backward from t = T to t = 0. This gives

me {{xn,E
c (t)}c,n, {xni (t)}i,n}Tt=0.

5. Using {{xn,E
c (t)}c,n, {xni (t)}i,n}Tt=0, I solve the KFEs forward. This gives me {{µn(t)}n}Tt=0.

6. If the guess was correct—that the model converged to a BGP inT periods—continue.

Otherwise return to step 1 and update T according to T ′ = 2T .

7. I check for the {ωH(t)
′, ωF (t)

′, ψ̃HF (t)
′}Tt=0 that clear the trade and labor markets—

Equations (D.4) and (D.6). If

max
t∈{0,...,T}

{
||(ωH(t)

′, ωF (t)
′, ψ̃HF (t)

′)′ − ((ωH(t), ωF (t), ψ̃HF (t))
′||∞

}
< ϵ (E.1)

then stop: the model has converged. Otherwise, update the guess according to:

(ωH(t)
′′, ωF (t)

′′, ψ̃HF (t)
′′)′ = λ(ωH(t), ωF (t), ψ̃HF (t))

′+

(1− λ)(ωH(t)
′, ωF (t)

′, ψ̃HF (t)
′)′, ∀t, λ ∈ [0, 1] (E.2)

and return to step 3.

F. Model extensions

F.1 Offshore R&D activity
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F.2 Optimal tariff policy
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