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1 Introduction

Since the early 2000s, the rapid integration of China into global trade has reshaped
production and labor-market outcomes across advanced economies. A large empirical
literature documents that this shift—commonly labeled the China shock—was driven by
substantial productivity gains in China, which fueled a steep rise in U.S. import penetration
(Autor et al., 2013). Over the same period, U.S. manufacturing experienced declining
output and rising labor-market strain, particularly in regions more exposed to Chinese
import competition, with especially pronounced effects among lower-skill workers.

Reduced-form evidence points to sizable impacts of Chinese import growth on em-
ployment, non-participation, and local economic conditions, but the aggregate welfare im-
plications of this shock remain less settled. Measuring absolute effects involves combining
reduced-form empirical results, which capture relative changes, with a general equilibrium
model that translates them into aggregate outcomes. Recent structural trade papers such as
Caliendo et al. (2019) and Rodrı́guez-Clare et al. (2022) have begun to address this ques-
tion in environments with short-run labor-market rigidities. Similarly, Galle et al. (2023)
and Burstein & Vogel (2017) analyze the impact of the China shock across different types
of workers in a static and national-level framework. However, to the best of my knowledge,
no existing framework quantifies the impact of the China shock on skilled and unskilled
workers separately across regions within a unified structural model with short-run fric-
tions. This gap is important: empirical work has documented heterogeneous responses for
college versus non-college workers 1, and given the large share of low-educated workers
in the U.S. labor force at the onset of the 2000s, before the China shock, accounting for
this dimension is crucial for any meaningful assessment of its aggregate welfare effects.

In this paper, I develop a quantitative framework to characterize the distributional and
welfare consequences of the China shock across skill groups and US states over time. I
follow the vast empirical literature and show two empirical facts using ACS microdata
that my quantitative model is going to match: (i) Employment losses and increases in non-

1See for example Autor et al. (2013) and Autor et al. (2025).
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participation are markedly larger and substantially more persistent for non-college work-
ers than for college-educated workers. (ii) Over the same period, the skilled-to-unskilled
wage-bill ratio rises, consistent with an increase in the relative remuneration of high-skill
workers following China’s productivity-led export expansion. Then, I use confidential
Irish data for the year 2000 to show the positive correlation between firm size, export sta-
tus, and firms’ skill worker composition. Highlighting the fact that less productive firms
are more intensive in low-skilled workers relative to exporter firms.

Motivated by these patterns, I build on the structural trade frameworks of Rodrı́guez-
Clare et al. (2022) (RUV) and Caliendo et al. (2019) (CDP), incorporating nominal wage
rigidities as in Schmitt-Grohé & Uribe (2016). I introduce an additional margin of within-
sector firm heterogeneity: each region and sector contains (i) a high-productivity Arming-
ton firm that sells both locally and abroad, and (ii) a low-productivity representative local
firm that serves only the domestic market. While both firms share the same value-added
share, Armington producers employ a higher skilled-to-unskilled ratio than purely local
firms, a difference summarized by a single parameter κ ∈ (0, 1), which disciplines relative
skill intensity in a tractable and hat-algebra-compatible manner.

In this environment, the China shock affects skilled and unskilled workers through four
channels: (i) import penetration interacts with the initial distribution of workers across sec-
tors—manufacturing, especially computers and textiles, carries the largest predicted shock
incidence; (ii) regional exposure varies substantially across U.S. states, driving heteroge-
neous local demand responses; and (iii) sectoral mobility elasticities and nominal wage
rigidity differ by skill group so workers with lower mobility face sharper short-run employ-
ment losses and higher unemployment risk. (iv) Low-productivity and high-productivity
firms may potentially face a different import competition effect, and so affect low-skill
workers differently than high-skill workers. To preserve tractability and isolate worker-
level incidence, migration elasticities and nominal-rigidity parameters vary by skill group
but remain constant across regions. This richer structure allows the model to account for
the heterogeneous reduced-form labor-market responses estimated in the data while deliv-
ering skill-specific welfare implications previously unquantified in a structural setting.
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I calibrate the quantitative spatial general equilibrium model to match key features of
U.S. and international data, including value added relative to sectoral revenues, input–
output coefficients, consumption expenditure shares, and bilateral trade shares. The cali-
bration also disciplines downward nominal wage rigidities and skill-specific sectoral mo-
bility frictions. In the baseline calibration, I choose the nominal rigidity parameters and
sectoral mobility elasticities so that the model reproduces the reduced-form effects in 2007
on unemployment and labor-force participation in response to Chinese import growth.2

Using the calibrated parameters, the baseline model predicts sizable heterogeneity in
the regional and distributional effects of the China Shock. Unskilled workers experience
welfare losses in 17 out of 50 U.S. states, with welfare changes ranging from −0.05% to
0.11%, with a weighted average of 0.01%. Skilled workers experience welfare declines in
only 7 states, but the dispersion is larger: welfare changes range from −0.37% to 0.92%,
with a weighted average of 0.31%. By the end of 2007, the model predicts an average
increase of the skill premium of 0.78%.

2 Literature Review

This paper is related to several strands of the literature that analyze the impacts of trade
shocks on different workers, regions, and countries. The closest benchmark frameworks
are those developed by RUV and CDP, with additional insights drawn from within-sector
firm heterogeneity mechanisms as in Burstein & Vogel (2017).

The seminal reduced-form evidence on U.S. import penetration from China is provided
by Autor et al. (2013), Autor et al. (2016), and Autor et al. (2021). A comprehensive
synthesis of this evidence and the evolution of the literature is documented in Autor et al.
(2025), which compiles key stylized facts on import competition, employment, labor force
non-participation, and the regional incidence of trade shocks across U.S. labor markets.

2Following the empirical conventions in CDP and RUV, I exclude Alaska and Hawaii when estimating
these reduced-form moments because commuting-zone data are limited to the mainland U.S.
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Within this broad literature, my paper extends the empirical evidence on the China
Shock along two dimensions: its persistence over time and its heterogeneous effects across
education groups. In particular, Autor et al. (2021) documented that the adverse effects
of the China Shock on wages and labor force participation persist well beyond 2010 and
remain statistically significant through 2019, nearly a decade after the peak of the shock.
They also show that while migration responses are negligible for the overall working-age
population (ages 18–65), positive migration effects emerge when focusing on younger co-
horts (ages 25–39). Moreover, they provide evidence of substantial heterogeneity across
local labor markets, showing that commuting zones with a lower share of high-skilled
workers experience significantly larger and more persistent adverse effects. In addition,
Autor et al. (2025) showed that most of the contribution to the reduction in employment in
manufacture were workers with less than a college degree 3 and almost all of the negative
earning effects were also coming from workers with less than a college degree 4. Comple-
mentary evidence on distributional heterogeneity is provided by Chetverikov et al. (2016),
who show that low-wage earners are disproportionately affected by the China Shock using
quantile regression methods. Building on these insights, my empirical design combines the
emphasis on heterogeneous exposure from this literature with the approach in Rodrı́guez-
Clare et al. (2022), who estimate the long-run persistence of trade-induced effects on non-
participation and unemployment. I show that both the magnitude and the persistence of
these effects differ sharply between non-college and college-educated workers.

A large set of quantitative trade papers has extended this evidence to general-equilibrium
structural models where the China shock is introduced as an increase in Chinese manu-
facturing firms’ productivity, and welfare changes can be computed by combining price,
production, employment, and demand responses. This class of models allows us to quan-
tify welfare gains and losses generated by trade shocks across groups, rather than only the
associated relative income effects, as emphasized in Caliendo et al. (2019) and Rodrı́guez-
Clare et al. (2022). Within this strand, Caliendo et al. (2019) introduces labor mobility
in the spirit of Artuç et al. (2010) and employment frictions across sectors and regions

3See Figure 6 panel C of the paper.
4See Figure 8, panels C and D.
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and shows that, despite positive average welfare gains from trade liberalization, there is
a reduction in the positive effects in comparison with models without these frictions. In
the same line, RUV incorporates nominal rigidities in wages and separates the elasticity
of mobility across sectors from the elasticity of migration across regions. Taking this into
account, they show that a substantial share of U.S. regions—roughly 40%—experience
welfare losses when calibrated to match the import competition effects of Autor et al.
(2013). Adao et al. (2019) similarly analyzes heterogeneous regional incidence, identify-
ing the importance of market-level import penetration for welfare outcomes.

In the context of Brazil, Dix-Carneiro & Kovak (2017) documents the effects of trade
liberalization on employment dynamics across regions, showing the central role of imper-
fect interregional labor mobility, slow capital adjustment, and agglomeration economies
in shaping the propagation of trade shocks on local labor demand. More recently, Dix-
Carneiro et al. (2023) emphasizes the importance of avoiding balanced-trade restrictions in
structural shock environments, showing that allowing endogenous shifts in trade deficits is
crucial to correctly quantify the manufacturing and employment implications of the China
shock. It is worth mentioning that all the papers mentioned above work in the context of a
representative worker in each region.

A closely related literature analyzes distributional outcomes when workers differ by
skill or occupation. Galle et al. (2023) combine an Eaton–Kortum model with a Roy
structure to introduce labor heterogeneity across sectors and quantify welfare effects at
the group level, finding that—even when average welfare rises—some labor groups ex-
perience losses up to five times larger than the average impact. The structural work of
Burstein & Vogel (2017) introduces within-sector skill-biased productivity (SBP) driven
by firm-level skill-intensity differences and shows that, relative to models without within-
industry heterogeneity, trade liberalization amplifies wage inequality by raising the skill
premium.

A growing literature has incorporated trade shocks into monetary and heterogeneous-
agent structural environments, including Kim et al. (2023) and Waugh (2023). The lat-
ter introduces financial frictions on households, allowing for heterogeneous agents’ asset
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choices and disciplined welfare transmission through endogenous trade elasticities, but
relies on stronger simplifications on the production side than state-of-the-art quantitative
trade models. Finally, Kim et al. (2023) studies the impact of the China Shock at the na-
tional level for the United States, but develops a novel New Keynesian model, emphasizing
the role of monetary policy and China’s exchange rate peg during the period 2000-2007.

Finally, I analyze the relation between firm size, export status, and the white-collar
share of workers across firms. Verhoogen (2008) shows that firms with higher domestic
sales have a higher share of white-collar workers. Accetturo et al. (2013) shows that
exports increase the share of skilled workers at the sectoral level. Bustos (2011) shows that
increased export opportunities make the adoption of new technologies more profitable,
thus raising aggregate demand for skilled workers. Similarly, Bernard & Jensen (1997)
finds that exporters account for almost all of the increase in the wage gap between high-
and low-skilled workers. I contribute to this literature by showing that for the year 2000,
using Irish confidential data, there is a positive correlation between firm size and workers’
distribution, and also between the export status of the firm and the share of white-collar
workers.

In this context, my paper contributes to the literature in two ways. First, I develop a
structural model that allows for calculating welfare for skilled and unskilled workers sep-
arately, while at the same time introducing firm heterogeneity without losing tractability
of the model. I build most closely on Rodrı́guez-Clare et al. (2022) (RUV) and Caliendo
et al. (2019) (CDP) by allowing for unemployment and mobility across sectors, but with
frictions. Guided by the empirical evidence linking exporter size to skill intensity pre-
sented in section 4, I introduce a tractable within-sector firm heterogeneity mechanism
featuring a purely local low-productivity representative firm (lp) alongside a productiv-
ity frontier Armington exporter (hp). Both firms have identical value-added shares, but
local firms have a more unskilled-intensive production function. Unlike Burstein & Vo-
gel (2017) —where a continuum of firms endogenously choose not to export—I impose
lp firms exogenously to preserve tractability in a model that is already high-dimensional.
This ad-hoc simplification retains the SBP transmission mechanism while allowing for a
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consistent hat-algebra representation of the model 5. Based on the empirical moments of
Autor et al. (2013) and the empirical estimates of the relation between firm size, exporting,
and workers’ distribution, I expand the labor side to distinguish skilled and unskilled work-
ers, allowing for differential nominal-wage rigidity (δg) and differential sectoral mobility
elasticities. RUV and CDP allow mobility across sectors; I maintain this dimension but
impose no movement across regions, consistent with micro evidence finding no significant
effects on population migration (Autor et al., 2013). Under these richer worker margins,
the model delivers skill-specific welfare effects that have not been quantified before.

3 Trade exposure, skill level, and stylized facts

This section documents a set of stylized facts on trade exposure and labor market
outcomes that motivate both the empirical analysis and the quantitative model developed
later in the paper. Building on the extensive reduced-form literature on the China Shock,
I first summarize the main aggregate patterns associated with the surge in Chinese import
penetration and then extend this evidence by explicitly distinguishing between skilled and
unskilled workers. The focus on skill heterogeneity is central, as prior work emphasizes
large and persistent distributional effects of trade shocks, yet comparatively less is known
about how these patterns differ across education groups over time and across regions.

I begin by defining the China Shock and describing its evolution during the period
under analysis. I then document national trends in import penetration, manufacturing
employment, and the U.S. trade balance, highlighting the sharp increase in exposure to
Chinese imports between 2000 and 2007 and its coincidence with a sustained decline
in manufacturing employment. Next, I turn to regional variation in trade exposure across
commuting zones and show how differences in exposure are systematically correlated with
local labor market outcomes. Throughout the section, I emphasize how these relationships
differ across skill groups, foreshadowing the heterogeneous and persistent responses that
are central to the empirical results and the structural mechanisms explored in the model.

5It is true that introducing exit and entry in the model could increase the effect of the SBP mechanism.
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As in the existing literature, I define the China Shock as the large increase in U.S.
manufacturing imports from China over the period 2000–2007:

(a) Chinese imports of goods (b) U.S. manufacturing employment

(c) Net exports (% of GDP)

Figure 1: Three stylized facts on the China Shock period.

Sources: (a) BEA data. (b) BLS–FRED. (c) U.S. Census and BEA.

Figure 1 highlights three aggregate patterns that characterize the period under analysis:
a sharp rise in the share of Chinese manufactured goods in U.S. consumption, a persistent
decline in manufacturing employment, and a steady deterioration of the U.S. trade balance.
These aggregate trends provide the backdrop for the regional analysis that follows and for
the decomposition of effects by skill group.
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3.1 Persistence Effect on Skilled and Unskilled Workers

To analyze the impact of the China Shock on various outcomes and its persistence
over time, we combine the approaches of ADH and RUV and extend them to examine
skilled and unskilled workers separately. Specifically, I employ the stacked first difference
methodology: I consider the period from 1990 to 2000 and, for each horizon h (ranging
from 7 to 21), the period from 2000 to 2000 + h. In addition, I merge the ADH repli-
cation package data with the three-year-pooled ACS samples and estimate the following
regression 6:

∆Yi,t+h = αt + β1h∆IP CU
i,τ + X ′

i,t β2 + εi,t+h (1)

where ∆Yi,t+h is the ten-year equivalent changes in the variable of interest and h goes
from 7 to 21. As noted above, both the control variables and the trade-exposure measure
are drawn from the ADH replication package, and I implement the same two-stage least
squares strategy as in ADH and RUV. Figure 2 shows the results when analyzing the un-
employment rate relative to the economically active population and the rate of individuals
not in the labor force. We observe that among unskilled workers, the impact is larger in
the initial period (2007) and remains more persistent. In particular, the effect on the non-
labor-force rate (NILF) for unskilled workers stays statistically significant even in the final
year of the sample. By contrast, for skilled workers, both NILF and the unemployment
rate lose statistical significance rapidly. Meanwhile, the estimated impact on wages for
each worker type is depicted in Figure 3. We can see a significant negative effect of import
exposure on average annual earnings within CZs. However, we observe that the effect is
even larger for unskilled workers and also slightly more persistent.

Finally, in Figure 4, I analyze the effect on the total income of skilled workers relative
to that of unskilled workers. I define the relative payment as:

6I consider workers between 16 and 64 years old as ADH. Residents of institutional group quarters, such
as prisons and psychiatric institutions are dropped along with unpaid family workers.
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Figure 2: NILF and unemployment rate evolution

(a) Unemployment College (b) Unemployment Non-College

(c) NILF College (d) NILF Non-College

The panels show, for each year on the horizontal axis, the two-stage least squares estimate of β1h in equa-
tion (1), along with its 95% confidence interval. Each point comes from a separate IV regression that stacks
the change in the outcome from 1990 to 2000 and from 2000 to that year.
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Figure 3: Annual wage evolution

(a) College (b) Non-College

The panels show, for each year on the horizontal axis, the two-stage least squares estimate of β1h in equa-
tion (1), along with its 95% confidence interval. In this case, the dependent variable is the average wage
for skilled or unskilled workers in each CZ. Each point comes from a separate IV regression that stacks the
decadal change in the outcome from 1990 to 2000 and the decadal change from 2000 to that year.

∑
s

wi,s,h,Skilled,2000+h Li,s,Skilled,2000+h∑
s

wi,s,Unskilled,2000+h Li,s,h,Unskilled,2000+h

×

∑
s

wi,s,h,Unskilled,2000 Li,s,Unskilled,2000∑
s

wi,s,h,Skilled,2000 Li,s,Skilled,2000

where we sum over all sectors s for each period h. We observe a permanent rise of 1%
to 3% for every 1000 US dollars of exposure to the China Shock in the relative income of
skilled workers compared to unskilled workers in more exposed areas.
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(a) Levels: skilled over unskilled wage payments (b) Log change: ∆log skilled over unskilled wage payments

Figure 4: Skilled Workers over Unskilled Workers total labor payments

The panels show, for each year on the horizontal axis, the two-stage least squares estimate of β1h in equa-
tion (1), along with its 95% confidence interval. Panel (a) uses the total wage payment of skilled workers
relative to unskilled workers in levels. Panel (b) uses the log change of the same ratio.

3.2 Exposure measure and WIOD data

Before turning to the structural model, it is useful to connect the empirical variation at
the commuting-zone level with the regional units used in the model. The model is defined
at the state level, so I construct state-level measures of exposure to rising Chinese import
competition by combining WIOD data at the national level with several US sources to map
it at the state level. Unlike in the empirical analysis, and for comparison, I compute two
measures—one for skilled workers and one for unskilled workers—given by 7:

Exposureij =
S∑

s=1

Lij,s,2000

Lij,2000

∆X̂2007−2000
C,US,s

RUS,s,2000

.

Here, Lij,s,2000 denotes the employment of skill group j in state i and sector s in 2000,
and Lij,2000 =

∑
s Lij,s,2000. The term ∆X̂C,US,s is the predicted change in U.S. imports

7For the structural approach, I use a unique exposure measure, following ADH. In addition, I scale up
the exposure measure such that the mean across states equals the mean in ADH at the CZ level.
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from China in sector s, following RUV and Autor et al. (2016).8 I begin by examining
exposure conditional on employment in manufacturing:

Exposure by state-skill level Exposure by skill level

Figure 5: Only Manufacturing

Skilled workers display higher exposure to the China shock within manufacturing.
However, as shown in Figure (6), when all sectors are included, the ranking reverses. This
shift reflects a simple composition effect. Skilled workers are more concentrated in service
and agricultural industries, which saw relatively small increases in Chinese import pene-
tration. Unskilled workers remain disproportionately employed in manufacturing sectors
that absorbed most of the import shock. As a result, aggregate exposure is higher for
unskilled workers.

These patterns underscore that exposure to rising Chinese import competition is shaped
jointly by workers’ skill composition and states’ sectoral mix. This motivates the heterogeneous-
worker, multi-sector structure of the model introduced in the next section. As mentioned
before, another important channel to analyze the impact of the trade shock is the within-
sector heterogeneity across firms. The next section shows this fact.

8Following ADH, the empirical specification uses labor rather than R in the denominator.
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Exposure by state-skill level Exposure by skill level

Figure 6: All Sectors

4 Firm size, export status and worker heterogeneity

A salient empirical regularity in the trade and inequality literature is that import-
competition shocks transmit unevenly across worker types, and that these effects are often
disciplined by the skill composition of employment within sectors. At the same time, a
complementary plant- and firm-level literature shows that exporters and larger producers
make more intensive use of high-skill labor. Motivated by this evidence, the model intro-
duces an additional within-sector productivity margin that disciplines how import compe-
tition is allocated across worker groups through differential skill intensity in production.

To justify this separation empirically, I rely on confidential Irish administrative firm-
level data provided for the period 1998–2001. Because the structural exercise uses the
year 2000 as the baseline, I retain observations from that year whenever possible. When a
firm appears multiple times in the sample, I keep only its 2000 observation to preserve a
one-to-one cross-sectional mapping between firm characteristics and model targets.

I combine data from the Irish Census of Industrial Production (CIP) with custom data
to determine the export status of each firm 9. The sample contains 5,613 firms. From these

9This confidential dataset has been used widely in the literature. See, for example Fitzgerald & Haller
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data, I compute the share of managers and technical workers relative to total employment
(managers, clerical, and industrial workers) at the firm level, and I compute the white-
collar share by including clerical workers 10. Table 1 provides more details about the data.

Table 1: Summary Statistics by Firm Size (Gross Output Terciles)

All Bottom tercile Middle tercile Top tercile

Gross Output 17.8 0.30 1.20 51.9
(175) (0.16) (0.48) (300)

Share Managers/Technical 0.152 0.127 0.164 0.165
(0.145) (0.145) (0.136) (0.149)

Share White Collar 0.268 0.219 0.288 0.297
(0.198) (0.215) (0.181) (0.189)

N 5613 1871 1871 1871

To measure the interaction between firm size and skill composition, I estimate the
following cross-sectional relationship:

hi

hi + li
= β0 + β1 log(Gross Outputi) + Sector FE + ϵi,

where the sector fixed effect corresponds to 2-digit industry definitions under NACE Rev. 2.
The dependent variable captures the skill intensity of a firm. I run the regression for the
share of managers and the share of white-collar workers as defined above.

I consider two complementary estimation approaches. First, I estimate β1 using OLS
with robust standard errors. Under this specification, I obtain β̂1 = 0.0027 (0.001) for
the share of manager and technical workers, and β̂1 = 0.0082 (0.001) for the share of
white-collar workers11, indicating a positive elasticity between firm output and skilled

(2014) and Fitzgerald et al. (2024). Some firms report themselves as exporters in the CIP dataset, but there
are no exports in the customs data. I assume that they are not exporters for the regression.

10I defined white-collar workers as the sum of managers, technical and clerical workers, and use it as a
proxy of skilled workers and industrial workers as non-skilled, respectively

11RSE in parentheses.
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employment share. Second, I estimate a fractional regression model following Papke &
Wooldridge (2008), which returns a point estimate β̂1 of 0.0207 (0.008) and 0.0428 (0.007)
with an average marginal effect of 0.0026 and 0.0081, respectively. These semi-elasticities
are aligned with the cross-sectional premia documented in Mexican manufacturing by
Verhoogen (2008), who finds a point estimate of 0.01.12

As expected, and in line with structural models (Melitz, 2003), Table 2 provides a short
description of the relation between firm size and export status. It is worth mentioning that
the relative size of exporter firms and non-exporter firms is almost equal to Bernard et al.
(2003), who reports that exporter firms are 5.6 times bigger than non-exporter firms for
US firms.

Table 2: Summary Statistics by Export Status

All Non-exporters Exporters

Gross Output 17.8 6.14 32.8
(175) (52.3) (256)

Share Managers 0.152 0.14 0.167
(0.145) (0.141) (0.148)

Share White-collar 0.268 0.248 0.292
(0.145) (0.20) (0.195)

N 5613 3155 2458

I continue by estimating the impact of firm size (gross output) on export status. To
do this, I run two complementary regressions, both controlling for sector FE as before.
Starting with an OLS estimation, I get a point estimate of 0.068 (0.003) for the effect of
(log) gross output on the binary variable equal to 1 if the firm exports and 0 otherwise. In
addition, I run a logit regression, and the average marginal effect is 0.078 (0.02).

Finally, I estimate the correlation between the export status of the firm and the share of
white-collar workers, controlling for sectoral fixed effects. As before, I run the regression
for the share of managers/technicals and for the share of white-collar workers as defined

12See Table II, last column.
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above. I find a coefficient of 0.012 (0.004) and 0.032 (0.005) for the share of managers
and white-collar workers, respectively.

Overall, these estimates support the model’s parsimonious productivity split governed
by κ ∈ (0, 1), capturing the empirically higher reliance on unskilled labor compensation
among low-productivity local firms relative to exporters or standard Armington firms. The
next section outlines the model and solution methodology.

5 Baseline Model

Building on Artuç et al. (2010), CDP, and RUV, I develop a dynamic, multi-sector
quantitative trade model with input–output linkages in which forward-looking workers
choose the sector in which to work within each region. To match the empirical patterns
documented before separately for skilled and unskilled workers, I extend CDP and RUV
along several dimensions: (i) wage rigidity (and unemployment) for each skill group; (ii)
a labor-supply structure that allows different households to have distinct elasticities for
switching across sectors (including non-employment), with these elasticities differing by
skill 13; and (iii) within-sector skill-biased productivity (SBP) in the spirit of Burstein &
Vogel (2017), which generates systematic differences in the relative demand for skilled
and unskilled labor across sectors and regions.

Basic Assumptions

Time is discrete, and there is no aggregate uncertainty. The world consists of multiple
regions: M U.S. regions and N−M foreign regions, following RUV and CDP. Each region

13Autor et al. (2025) showed that the reduction in the manufacturing to population ratio comes mainly
from a change in the entry decision of new workers, and not from a real swith from manufacturing to
non-manufacturing workers. However, trade pressure does increase the probability that incumbent workers
transition to non-employment. I take the simplifying assumption of no new workers and assume that all the
effects come from mobility across sectors of current workers.
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contains S market sectors and one home-production sector (sector 0). In every region j,
sector s, and period t, there is a mass of skilled workers NjHs,t and unskilled workers
NjLs,t. Households consume a composite good Cj,t at price Pj,t and allocate all income to
consumption. Aggregate consumption is Cobb–Douglas across the S market sectors with
expenditure shares ϕj,s. Consumption in each sector is a CES aggregator over varieties
produced in the N regions, with elasticity of substitution σs. All prices and wages are
expressed in U.S. dollars. Firms pay a sector- and skill-specific wage Wjgs,t, while workers
receive a wage wjgs,t, which may differ due to wage rigidity and unemployment. Workers
are forward-looking with perfect foresight and remain in their region. They select the
sector in which to work—potentially including non-employment—while facing sectoral
mobility costs that govern reallocation dynamics.

On the production side, each sector in every region features two types of firms: (i) low-
productivity local firms, which sell only domestically, and (ii) standard Armington firms,
which produce tradable varieties sold both locally and internationally. This structure gen-
erates within-sector productivity differences consistent with the skill-biased mechanism
discussed above and allows trade shocks to propagate differentially to skilled and unskilled
workers.

Firm Side

Each region i and sector s is populated by two types of producers: (i) local firms, which
serve only the domestic market, and (ii) Armington firms, which sell both domestically and
internationally. Both types share the same production technology but differ systematically
in their skill intensity. A firm of type p ∈ {local,Armington} operating in region i, sector
s, and time t produces output according to

ypis = Tis

([
µ
1/ρ
is,pL

(ρ−1)/ρ
iHs + (1− µis,p)

1/ρL
(ρ−1)/ρ
iLs

] ρ
ρ−1

)αis∏
k

xαiks
iks ,
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where Tis is sectoral productivity, αis is the value-added share, αiks are intermediate-input
shares, and ρ governs the elasticity of substitution between skilled and unskilled labor at
the firm level 14. The parameter µis,p determines the relative weight of skilled labor in the
composite labor input.

To capture the empirical fact that exporters and larger firms employ relatively more
skilled workers than purely local firms, I allow the skill weight to vary by firm type and
assume

µis,local = κµis,Armington, 0 < κ < 1,

so that local firms place a lower weight on skilled labor and therefore employ a more
unskilled-intensive workforce. Cost minimization implies that, for any firm type p, the
relative demand for skilled and unskilled labor satisfies

Lp
iHs

Lp
iLs

=
µis,p

1− µis,p

(
WiLs

WiHs

)ρ

,

which yields the cost-share ratio

WiHsL
p
iHs

WiLsL
p
iLs

=
µis,p

1− µis,p

(
WiLs

WiHs

)ρ−1

.

Since firms of each type face the same wages (WiHs,WiLs), differences in labor com-
position are governed entirely by the parameter µis,p, and therefore by κ. It is convenient
to summarize the labor composite with the unit cost index

W p
is =

[
µis,pW

1−ρ
iHs + (1− µis,p)W

1−ρ
iLs

] 1
1−ρ ,

so that a firm of type p implicitly chooses its skilled and unskilled inputs by choosing total
labor Lp

is at price W p
is. This formulation generates within-sector productivity differences

consistent with the skill-biased mechanism discussed above and plays a key role in shaping
how trade shocks transmit to different worker groups.

14In Appendix E I show that ρ is not equal to the elasticity of substitution. However, for empirically
relevant values of κ, it is very close to it.
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Sectoral Prices

Within each sector s, consumers in region j aggregate varieties from all regions using a
CES aggregator with elasticity of substitution σs. This structure delivers standard demand
functions with constant trade elasticities and implies that firms face a constant markup over
marginal cost. The parameter σs governs both the degree of substitution across varieties
within sector s and the sensitivity of trade flows to relative prices.

Given the cost structure described above, the optimal price set by an Armington firm
located in country i and selling to country j in sector s is

pijs =
τijs
Tis

Wαis
is

∏
k

Pαiks
ik , (2)

where τijs denotes iceberg trade costs from i to j, Tis is a productivity shifter, Wis is
the sectoral labor cost index, and {Pik} are sectoral input prices.

Low-productivity local firms sell only in their domestic market and therefore do not
incur trade costs. Their optimal price in sector s is given by

plp
iis =

1

T lp
is

(
W lp

is

)αis∏
k

Pαiks
ik , (3)

where T lp
is and W lp

is denote the productivity and labor cost index of local firms. The sectoral
price index in market j for sector s then aggregates all available varieties under CES
preferences. Relative to the standard Armington model, the key difference is that each
sector now includes, in addition to the Armington varieties from all regions, an extra local
variety supplied by low-productivity firms. The resulting price index is

P 1−σs
js =

N∑
i=1

p1−σs
ijs +

(
plp
jjs

)1−σs

,

so that the presence of local low-productivity firms expands the set of varieties available
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in the domestic market and affects the sensitivity of sectoral prices to trade shocks.

Goods Market

Goods market clearing equates the value of production of each variety (i, s) with global
demand across all destinations. Let Ris denote revenues of region i in sector s. Under the
CES structure introduced above, bilateral demand for the Armington variety produced in
(i, s) takes the standard gravity form, so that

Ris =
∑
j

Xijs.

Using sectoral final expenditure shares ϕjs, final consumption CjPj , and intermediate-
input coefficients {αjsk}, the goods-market condition becomes

Ri,s =
∑
j /∈US

λij,s ϕj,sCjPj + ϕUS,s

∑
j∈US

λij,sCjPj +
N∑
j=1

λij,s

K∑
k=1

αjskRjk. (4)

Household expenditure in region i satisfies

PiCi =
∑
s

wiHsLiHs +
∑
s

wiLsLiLs +∆i, (5)

where ∆i denotes net foreign transfers (trade deficits or surpluses) that close the expendi-
ture identity, taken as exogenous in the spirit of Dekle et al. (2007).

Local vs. Armington Shares. Because each sector includes two distinct domestic
varieties—one produced by the low-productivity local firm and one by the Armington
firm—the CES aggregator must distinguish between their market shares. Let Pis denote
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the sectoral price index in region i. Demand for the local low-productivity variety is

λlp
iis =

(plpiis)
1−σs

P 1−σs
is

,

while demand for the domestic Armington variety is

λhp
iis =

(piis)
1−σs

P 1−σs
is

.

These two terms replace the single home share in the standard Armington model and
reflect the presence of two domestic producers with different productivities and skill in-
tensities.

Labor Market

Labor demand must account for the fact that total revenue Ris is generated by two
types of producers. For foreign destinations (i ̸= j), all sales are made by the Armington
firm. However, for domestic sales (i = j), revenues must be split between the Armington
firm and the low-productivity local firm. Thus, Ris represents total sectoral revenue in
region i, combining domestic and export sales from Armington firms and domestic sales
from local firms. Using the domestic CES shares defined above, revenues for each type of
firm in region i, sector s, and period t are

Rlp
ist = λlp

iistEist,

Rhp
ist =

∑
j

λijstEjst −Rlp
ist,
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where Ejst = ϕjsCjPj+
∑

k αjskRjk is total sectoral expenditure in (j, s). Unskilled labor
demand satisfies

WiLsLiLs = (1− µhp
is )

(
W hp

is

WiLs

)ρ−1

αis R
hp
is + (1− µlp

is)

(
W lp

is

WiLs

)ρ−1

αisR
lp
is, (6)

and skilled labor demand satisfies

WiHsLiHs = µhp
is

(
W hp

is

WiHs

)ρ−1

αisR
hp
is + µlp

is

(
W lp

is

WiHs

)ρ−1

αisR
lp
is. (7)

These expressions make explicit how differences in skill intensity across firm types—
captured by µhp

is and µlp
is = κµhp

is —translate sectoral revenues into demand for skilled and
unskilled labor.

Nominal Rigidity

I introduce downward nominal wage rigidity following Schmitt-Grohé & Uribe (2016).
Wages are set in local currency units (LCU), and for each skill group g and sector s,
nominal wages must satisfy

WLCU
igs ≥ δg W

LCU
igs,−1, δg ≥ 0.

Since the model is expressed in U.S. dollars, let ei,US,t denote the exchange rate be-
tween region i’s currency and the U.S. dollar, expressed as region-i currency for each unit
of US dollars. Nominal wages in dollars are then

Wigs =
WLCU

igs

ei,US,t

.
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Rewriting the rigidity constraint in dollars gives

Wigs ≥
ei,US,t

ei,US,t−1

δg︸ ︷︷ ︸
≡δig

Wigs,−1. (8)

Under flexible exchange rates, I assume δig = 0 for all foreign regions (i ̸= US) and
δig = 1 for U.S. regions in my baseline specification, similar to Rodrı́guez-Clare et al.
(2022). Thus, downward nominal wage rigidity binds only in the United States.

Labor supply in each region i, sector s, and skill group g is given exogenously by Nigs,
while firms demand Ligs units of labor. The labor-market condition is therefore

Ligs ≤ Nigs. (9)

Downward rigidity implies the following complementary-slackness condition:

(Nigs − Ligs) (Wigs − δigWigs,−1) = 0. (10)

Temporary Equilibrium

Following CDP, a temporary equilibrium characterizes the static allocation in a given
period, taking as given the distribution of workers across regions, sectors, and skill groups.
All other variables in the static block—sectoral prices, revenue, expenditure shares, and
trade flows— are algebraic functions of wages and employment.

Definition 1. Given the stock of workers {Nigs} across regions i, sectors s, and skill

groups g ∈ {H,L}, a temporary equilibrium is a vector of wages and employment levels

{Wigs, Ligs}i,s,g

such that:
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1. Optimal Pricing. Firms set prices according to the optimal-pricing condition equa-

tion (2) and (3) implied by wages and input costs.

2. Goods-market-consistent revenues. The sectoral revenues implied by {Wigs, Ligs}
satisfy the goods-market condition (4) and (5).

3. Labor demand. Skilled and unskilled labor demand satisfy the labor-demand con-

ditions for both firm types (equations (6)–(7)).

4. Nominal wage rigidity. Wages satisfy the downward nominal rigidity constraint (8).

5. Labor-supply feasibility. Employment satisfies (9).

6. Complementary slackness. Wage rigidity and employment satisfy (10).

All remaining variables—prices, price indices, revenues, trade flows, and expenditure
shares—are obtained as algebraic functions of the equilibrium wages and employment
levels.

Migration Choice

At the beginning of each period, workers take as given the prevailing conditions in
all labor markets and the realization of their idiosyncratic preference shocks. Workers
who are matched to a sector supply labor and earn the corresponding wage, while those
not employed receive home-production utility. After receiving their flow utility, all work-
ers—regardless of employment status—decide whether to remain in their current sector or
switch to another one within the same region.

Let vj,g,s,t denote the lifetime utility of a worker with skill type g ∈ {H,L} located in
region j, employed in sector s, and making a choice at time t. The value function satisfies

vj,g,s,t = Uj,g,s,t︸ ︷︷ ︸
Flow utility

+ max
k∈{0,...,S}

{
β E[vj,g,k,t+1]− κj,s,k,g + νg ϵj,g,k,t

}
,
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where κj,s,k,g is the mobility cost of switching from sector s to sector k, and ϵj,g,k,t are i.i.d.
Type-I extreme value shocks with distribution

F (ϵ) = exp

(
−

S∑
k=0

exp{−ϵj,g,k,t}

)
.

Let Vj,g,s,t = E[vj,g,s,t] denote the ex-ante value function. Standard results for nested logit
imply

Vj,g,s,t = Uj,g,s,t + ln

(
S∑

k=0

exp(βVj,g,k,t+1 − κj,s,k,g)
1/νg

)νg

+ γνg, (11)

where νg governs the elasticity of sectoral mobility and γ is Euler’s constant. The corre-
sponding migration probabilities—i.e., the fraction of workers transitioning from sector s
to sector k—are

µg
j,s,k,t =

exp
(
βVj,g,k,t+1 − κj,s,k,g

)1/νg
S∑

h=0

exp
(
βVj,g,h,t+1 − κj,s,h,g

)1/νg . (12)

Given these mobility flows, worker stocks evolve according to

Nj,g,k,t =
S∑

s=0

Nj,g,s,t−1 µ
g
j,s,k,t−1. (13)

For tractability, I assume log utility. In addition, each worker with skill type g in region
i and sector s receives labor income equal to the average wage in that labor market:

wi,g,s,t =
Wi,g,s,t Li,g,s,t

Ni,g,s,t

.

Nominal Anchor

With downward nominal wage rigidity, the level of nominal variables matters for the
extent to which the constraint binds. Following RUV, I impose a simple nominal anchor

27



by assuming that world nominal GDP in U.S. dollars remains constant over time. This
prevents a purely nominal drift in which all wages and prices grow fast enough that the
rigidity constraint never binds and unemployment fails to materialize. Under this assump-
tion, the parameter δg captures all nominal rigidities in the model. If the exogenous growth
rate of world nominal GDP were different from zero, changing the level of world nominal
GDP would rescale δg up or down without altering real allocations. For this reason, I nor-
malize the path of world nominal GDP to be constant and interpret the calibrated values
of δg as summarizing the effective degree of downward nominal wage rigidity, in line with
the approach in RUV.

Sequential Competitive Equilibrium

Following the notation and structure in CDP, I now define a sequential competitive
equilibrium for the dynamic economy. The state of the economy at the beginning of period
t is summarized by the distribution of workers across regions, sectors, and skill groups,
{Nj,g,s,t}, and by past wages {Wi,g,s,t−1}, which determine the extent to which nominal
rigidities may bind.

Given initial conditions {Wi,g,s,0, Li,g,s,0, Nj,g,s,0} and sequences of exogenous funda-
mentals (trade costs, productivities, and net transfers), a sequential competitive equilib-

rium is a collection of sequences

{Wi,g,s,t, Li,g,s,t, Nj,g,s,t, Vj,g,s,t, µ
g
j,s,k,t}

∞
t=0

such that, for all t ≥ 0:

1. Household problem. The value functions {Vj,g,s,t} satisfy the dynamic program-
ming equation given migration costs and future continuation values, as in equa-
tion (11).

2. Migration choices. Sectoral mobility decisions are consistent with optimal choice
probabilities, i.e. migration flows µg

j,s,k,t satisfy equation (12).
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3. Law of motion for worker stocks. The distribution of workers across sectors and
skill groups evolves according to the flow equation (13).

4. Static block (temporary equilibrium). For each period t, given the worker distri-
bution {Nj,g,s,t} and past wages, the vectors of wages and employment {Wi,g,s,t, Li,g,s,t}
constitute a temporary equilibrium as defined above: they are consistent with goods-
market clearing, firm optimality, labor demand, nominal wage rigidity, and the labor
supply and complementary slackness conditions.

6 Hat Algebra

Since the economy begins from a stationary equilibrium, all variables are constant
prior to the China shock. This allows me to use dynamic hat algebra, expressing every
endogenous variable xt in terms of its gross rate of change ẋt ≡ xt/xt−1 in the economy
where the shock is realized. Throughout, period t = 1 denotes the pre-shock steady
state, so ẋ1 = 1 for all variables given that the shock occurs in period 2. I therefore
express all counterfactual paths directly in terms of ẋt, rather than in terms of their x̂t

notation.15 I now restate the full model in dynamic hat-algebra form. All objects indexed
by t − 1 are stationary steady-state variables. Given that low-productivity local firms are
the new feature of the model, I denote their variables with a superscript lp. For the standard
Armington firms, I keep the notation without a superscript (or with hp when needed for
clarity).

Prices.

The labor cost of a low-productivity local firm is

Ẇ 1−ρ
is,lp,t =

κµisW
1−ρ
iHs,t−1

κµisW
1−ρ
iHs,t−1 + (1− κµis)W

1−ρ
iLs,t−1

Ẇ 1−ρ
iHs,t+

(1− κµis)W
1−ρ
iLs,t−1

κµisW
1−ρ
iHs,t−1 + (1− κµis)W

1−ρ
iLs,t−1

Ẇ 1−ρ
iLs,t,

15CDP and RUV define ŷt = ẏ′t/ẏt. In a stationary baseline, ẏt = 1 for all t, so ŷt = ẏ′t. I therefore work
directly with ẏt. This notation indeed generates problems in the first period of the shock, but I take it into
careful consideration while solving the model.
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while the labor cost of a traditional Armington firm is

Ẇ 1−ρ
is,t =

µisW
1−ρ
iHs,t−1

µisW
1−ρ
iHs,t−1 + (1− µis)W

1−ρ
iLs,t−1

Ẇ 1−ρ
iHs,t+

(1− µis)W
1−ρ
iLs,t−1

µisW
1−ρ
iHs,t−1 + (1− µis)W

1−ρ
iLs,t−1

Ẇ 1−ρ
iLs,t.

The sectoral price index in market j and sector s is

Ṗ 1−σs
js,t =

∑
i ̸=j

λij,s,t−1

[
τ̇ijs,t

Ṫis,t

Ẇαis
is,t

∏
k

Ṗαiks
ik,t

]1−σs

+ λhp
jj,s,t−1

[
τ̇jjs,t

Ṫjs,t

Ẇ
αjs

js,t

∏
k

Ṗ
αjks

jk,t

]1−σs

+ λlp
jj,s,t−1

[
(Ẇjs,lp,t)

αjs

Ṫjs,lp,t

∏
k

Ṗ
αjks

jk,t

]1−σs

.

Trade shares and goods market clearing.

For i ̸= j, the Armington trade shares evolve as

λij,s,t =
λij,s,t−1

[
τ̇ijs,t
Ṫis,t

Ẇαis
is,t

∏
k Ṗ

αiks
ik,t

]1−σs

Ṗ 1−σs
js,t

.

For domestic sales (i = j), there are two types of firms. The Armington (high-
productivity) domestic share is

λhp
ii,s,t =

λhp
ii,s,t−1

[
τ̇iis,t
Ṫis,t

Ẇαis
is,t

∏
k Ṗ

αiks
ik,t

]1−σs

Ṗ 1−σs
is,t

,

and the local (low-productivity) domestic share is

λlp
ii,s,t =

λlp
ii,s,t−1

[
τ̇iis,t
Ṫis,t

Ẇαis
is,lp,t

∏
k Ṗ

αiks
ik,t

]1−σs

Ṗ 1−σs
is,t

.
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Total domestic share is then
λii,s,t = λhp

ii,s,t + λlp
ii,s,t.

Aggregate expenditure and revenues satisfy the same goods-market-clearing structure
as in the baseline model:

PjCj =
∑
s

ẆjHs,tL̇jHs,tWjHs,t−1LjHs,t−1 +
∑
s

ẆjLs,tL̇jLs,tWjLs,t−1LjLs,t−1 +∆jt,

Ris,t =
N∑
j=1

λij,s,t

(∑
k

αjskRjk,t + ϕjsPjCj

)
.

Once aggregate sectoral revenue Ris,t is determined, I recover revenues by firm type as

Rlp
is,t = λlp

ii,s,tEis,t, Rhp
is,t = Ris,t −Rlp

is,t,

where Eis,t =
∑

k αiskRik,t + ϕisPiCi denotes total expenditure on sector-s varieties in
region i.

Labor Market Clearing.

Using Rhp
is,t and Rlp

is,t, labor demand by skill group is

ẆiLs,tL̇iLs,tWiLs,t−1LiLs,t−1 = (1− µis)

(
Ẇis,tWis,t−1

ẆiLs,tWiLs,t−1

)ρ−1

αisR
hp
is,t

+
(
1− κµis

)(Ẇis,lp,tWis,lp,t−1

ẆiLs,tWiLs,t−1

)ρ−1

αisR
lp
is,t,

ẆiHs,tL̇iHs,tWiHs,t−1LiHs,t−1 = µis

(
Ẇis,tWis,t−1

ẆiHs,tWiHs,t−1

)ρ−1

αisR
hp
is,t

+ κµis

(
Ẇis,lp,tWis,lp,t−1

ẆiHs,tWiHs,t−1

)ρ−1

αisR
lp
is,t.
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The rigidity system and the definition of real income in hats are unchanged:

Ligs,t−1L̇igs,t ≤ Nigs,t, Ẇigs,t ≥ δgėi,US,t for g ∈ {H,L},

ẇj,g,s,t =
Ẇj,g,s,t

Ṗjg,t

L̇j,g,s,t

Ṅj,g,s,t

.

Migration choice.

The migration block in hat algebra is:

µg
j,s,k,t =

µg
j,s,k,t−1 u̇

β/νg
j,g,k,t+1∑S

h=0 µ
g
j,s,h,t−1 u̇

β/νg
j,g,h,t+1

,

u̇j,g,s,t = ẇj,g,s,t

(
S∑

k=0

µg
j,s,k,t−1 u̇

β/νg
j,g,k,t+1

)νg

,

Nj,g,s,t =
S∑

k=0

Nj,g,k,t−1 µ
g
j,k,s,t−1.

Treatment of period 2.

Because period 1 corresponds to a steady state with no anticipation of the shock, mo-
bility choices in period 1 reflect steady-state continuation values. In period 2, however,
workers observe the shock unexpectedly, so the usual hat-algebra relations do not apply
between period 1 and period 2. As in CDP, the correct hat relation for utility in period 2 is

u̇shock
j,s,2 = ω̇shock

j,s,2

[
S∑

k=0

µj,s,k,1

(
u̇shock
j,k,3

)β/νg (
u̇shock
j,k,2

)β/νg]ν
.

Similarly, the period-2 migration shares satisfy

µj,s,k,2 =
µj,s,k,1

(
u̇shock
j,k,2

)β/νg (
u̇shock
j,k,3

)β/νg∑S
h=0 µj,s,h,1

(
u̇shock
j,h,2

)β/νg (
u̇shock
j,h,3

)β/νg .
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7 Data

This section summarizes the dataset used in the quantitative analysis, with full details
provided in Appendix A. The final dataset combines information on trade flows, produc-
tion, and employment for 50 U.S. states, 36 individual foreign countries, and an aggregated
“rest of the world”, yielding a total of 87 regions over the period 2000–2007, all sourced
from the WIOD 2013 release.

The analysis is conducted at the level of 16 market sectors. Following Rodrı́guez-
Clare et al. (2022) and Caliendo et al. (2019), I distinguish 12 manufacturing sectors, one
agricultural sector, and three service sectors, which I classify as skilled services, unskilled
services, and other services.

Bilateral trade flows. I construct a sector–region bilateral trade flow matrix covering
50 U.S. states and 37 foreign regions. The procedure consists of five steps.

First, I compute bilateral sectoral trade flows between foreign countries directly from
WIOD 2013. This yields a complete 37× 37 matrix of country-by-country flows for each
sector.

Second, I construct bilateral manufacturing trade flows among U.S. states. To do so, I
combine the regional trade shares from the replication package of Caliendo et al. (2019)
with WIOD 2013. From WIOD, I obtain total U.S. domestic sales by sector, and I scale
the state-level trade shares from Caliendo et al. (2019) so that aggregate domestic sales
match the WIOD totals.

Third, I complete the manufacturing block by constructing trade flows between U.S.
states and foreign countries. For this, I use the state–sector export and import flows from
the U.S. Census Bureau’s Merchandise Trade Statistics. State-level exports are available
beginning in 2002, and imports beginning in 2008. Following RUV, I assume that each
state’s relative importance in exports (or imports) with each partner country is constant
from the first year of availability back to 2000. I apply the same procedure to agriculture.
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Fourth, I compute bilateral trade flows in services among U.S. states and between
U.S. states and foreign regions. Following RUV, I combine state-level production and
expenditure in services from the BEA Regional Economic Accounts, WIOD data, and
bilateral distances to construct service-sector flows consistent with a gravity structure.
The methodology is described in detail in Appendix A.

Finally, I construct bilateral agricultural trade flows among U.S. states. The procedure
parallels the approach used for services, with the key difference that state-level expen-
diture in agriculture is not directly observed. For production, I combine the 2002 and
2007 Agriculture Censuses, the National Marine Fisheries Service Census, and data from
the U.S. Energy Information Administration (EIA). Given production by state and sector
and observed expenditure for all other sectors, I infer an implied state-level agricultural
expenditure consistent with the model’s accounting structure.

Labor and intermediate input shares. For each region i and sector s, I require
measures of the labor share, intermediate-input shares, CES parameters, and consump-
tion shares. I begin by computing intermediate-input shares for each country–sector pair
directly from WIOD 2013. Under Cobb–Douglas specification, each intermediate-input
coefficient corresponds to the ratio of intermediate inputs to total output in that sector.
The national labor share is therefore given by one minus the sum of all intermediate-input
shares.

I then construct labor shares at the U.S. state level. Using BEA data, I compute value
added for each state by subtracting taxes and subsidies from state-level GDP. For each
manufacturing sector, I then calculate the share of national value added produced in each
state, and combine these shares with national sectoral value added from WIOD to obtain
state–sector value added. Dividing this quantity by state–sector total production yields

αis =
Value Addedis

Ris

.

Following CDP, whenever the implied labor share exceeds one, I truncate it at one. Intermediate-
input coefficients at the state level are then rescaled proportionally to ensure that the labor

34



share and intermediate shares sum to one, while preserving their relative magnitudes across
U.S. states. For agriculture and services, I assume that each state’s labor share equals the
national labor share.

The next step is to split labor compensation between skilled and unskilled workers.
Using the WIOD Socio-Economic Accounts for the year 2000, I compute skilled and
unskilled labor compensation by country and sector, and choose µis to match these shares
given parameters ρ and κ. The latter governs the relative skill intensity of low-productivity
local firms compared with Armington firms. In section (4), in line with the empirical
evidence, I show that exporters and larger firms employ a significantly higher share of
skilled workers than non-exporters (Brambilla et al., 2012, 2017; Breinlich & Criscuolo,
2008; Oi & Idson, 1999; Criscuolo et al., 2021). Guided by this evidence, I choose κ

such that high-productivity firms exhibit approximately a 5% higher proportion of skill
workers than low-productivity firms. To recover µis for each U.S. state, I draw on Census
2000 microdata to allocate workers between skilled and unskilled categories. I compute
the share of state–sector value added attributable to each skill group and multiply these
shares by state–sector value added, yielding skilled and unskilled labor compensation at
the sector–state level. For regions outside the US, I use WIOD and repeat the exact same
process.

Finally, I allocate domestic revenues between low-productivity local firms and the rep-
resentative Armington firm. For simplicity, I assume a common domestic revenue split
across sectors and countries. Bernard et al. (2003) document that only 21% of plants ex-
port, exporters are 5.6 times larger than non-exporters, and exporters sell 4.8 times more
to the U.S. market than non-exporters. Similarly, using manufacturing data for Mexico,
Verhoogen (2008) shows that exporters hired 414.29 workers, while non-exporter firms
hired 308.37 workers during the period from 1993 to 2001. Guided by this evidence, in
the baseline exercise, I set the domestic market share of local firms to 40% and that of
Armington firms to 60%.

Number of workers and initial wages. To construct the initial distribution of workers
and wages, I begin by using WIOD to obtain the number of workers engaged in produc-

35



tion in each country by skill group (skilled vs. unskilled) for the year 2000. Given these
employment counts and the corresponding labor compensation by skill group (constructed
in the previous step), I recover initial equilibrium wages for all countries.

For U.S. states, I follow a parallel procedure. Using the 2000 IPUMS USA microdata,
I compute total employment by state and sector and identify the shares of skilled and
unskilled workers within each state–sector pair. I then apply these skill shares to total
national employment in each sector from WIOD to allocate national employment across
U.S. states in a manner consistent with both sources.

With state–sector employment levels for each skill group and the state–sector labor
compensation constructed earlier, I recover the initial equilibrium wages for skilled and
unskilled workers in each region using the initial equilibrium production structure.

Initial production. In a model with only countries, the available data and calibrated
parameters map one-to-one into the equilibrium conditions. This is no longer the case
when working with regional (state-level) data. Given the calibrated objects described
above—such as bilateral trade shares and total expenditure by country—I recover region–
sector production levels by choosing Ris to satisfy the gravity equation (4). The resulting
production matrix aligns closely with observed data; Appendix A provides additional de-
tails on the procedure and on the empirical fit. 16

Initial migration flows. To discipline sectoral mobility in the initial steady state, I use
monthly CPS data on worker transitions across industries. Given the limited number of
observations and to avoid sparse transition matrices with many zeros, I follow an approach
similar to Rodrı́guez-Clare et al. (2022) and pool multiple years of data. I extend the win-
dow to 1995–2002 in order to retain a sufficiently large sample after splitting workers into
skilled and unskilled groups.17 Using these pooled data, I construct empirical transition
probabilities between sectors and then adjust them to ensure that the implied initial allo-
cation of workers corresponds to a steady-state equilibrium—i.e., there is no change in

16The correlation between the revenue data and the model generated revenue is higher than 0.999.
17The extended window is necessary because I estimate mobility separately for skilled and unskilled

workers.
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sectoral employment in the absence of shocks. The correlation between the adjusted tran-
sition matrix and the raw empirical mobility patterns exceeds 99%. For regions outside
the United States, I assume no sectoral mobility frictions. Additional details on the con-
struction of the transition matrix and the steady-state adjustment procedure are provided
in Appendix C.

Not in the labor force. For U.S. regions, I compute the share of individuals not in
the labor force directly from Census 2000 microdata, distinguishing skilled and unskilled
groups using the same education-based classification applied elsewhere in the paper. For
foreign countries, I rely on labor-force participation rates from the World Bank. To ob-
tain skill-specific non-participation rates, I use the World Bank’s educational attainment
categories and map them into unskilled (basic education) and skilled (advanced educa-
tion). The non-participation rate for each skill group is then constructed as one minus the
corresponding labor-force participation rate. This provides a consistent measure of the
mass of individuals who remain outside the labor force across all regions in the baseline
equilibrium.

8 Calibration

This section describes the calibration of the model. I discipline three key components:
(i) the evolution of China’s productivity over time and across sectors, (ii) the degree of
downward nominal wage rigidity by skill group, and (iii) the elasticities governing migra-
tion responses of skilled and unskilled workers. Unless otherwise stated, the calibration
targets moments over the period 2000–2007.

China shock. China’s productivity is modeled as the product of an aggregate, time-
varying component and a sector-specific component,

Tt,s = Tt Ts.
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These two components are calibrated separately using variation in U.S. imports from
China. I first discipline the aggregate productivity path {Tt} using the time-series evolu-
tion of U.S. imports from China. As in Autor et al. (2013), I construct a leave-out measure
of the China shock using a set of high-income comparison countries18 and estimate the
regression

∆XC,US,t = a+ b1∆XC,OC,t + εt,

where ∆XC,US,t denotes the change in U.S. imports from China at time t, and ∆XC,OC,t

denotes the corresponding change for the comparison group. Let ∆X̂C,US,t denote the
fitted values from this regression. I choose the aggregate productivity sequence {Tt} so
that the model reproduces this predicted time path of U.S. imports from China.

I next calibrate the sectoral productivity terms {Ts} to match the cross-sectional vari-
ation in import growth across sectors. Specifically, I estimate

∆X2007−2000
C,US,s = b1∆X2007−2000

C,OC,s + εs,

where ∆X2007−2000
C,US,s denotes the change in U.S. imports from China in sector s between

2000 and 2007, and ∆X2007−2000
C,OC,s is the corresponding change for the comparison group.

Let ∆X̂2007−2000
C,US,s denote the fitted values. I then choose {Ts} so that the model-implied

changes in U.S. imports from China by sector match these predicted values.

Overall, the calibration matches seven aggregate moments governing the time path
of import growth and sixteen sectoral moments governing its cross-sectional distribution,
using seven aggregate and sixteen sector-specific productivity parameters, respectively.

Trade elasticity. In the baseline calibration, I assume a common trade elasticity across
sectors and set σs = 6 for all s, a value standard in the quantitative trade literature.

18Australia, Germany, Denmark, Spain, Finland, and Japan.
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Wage rigidity and migration elasticities. I jointly calibrate the downward nominal
wage rigidity parameters and the migration elasticities for skilled and unskilled workers
to match key reduced-form labor market effects of the China shock estimated by Autor
et al. (2013). Specifically, I target four moments: a $1,000 increase in Chinese imports
per worker leads to (i) an increase in unemployment of 0.119 percentage points for skilled
workers and 0.282 percentage points for unskilled workers, and (ii) an increase in the share
of individuals not in the labor force (NILF) of 0.304 percentage points for skilled workers
and 0.831 percentage points for unskilled workers.

I choose the wage rigidity parameters δg and the migration elasticities by skill group
so that the model’s response to the calibrated China shock matches these four moments.
In the baseline calibration, this procedure yields migration elasticities of νlow ≈ 0.07 and
νhigh ≈ 0.48, and wage rigidity parameters of δlow ≈ 0.994 and δhigh ≈ 0.98. Finally, I set
κ = 0.90, implying that high-productivity firms employ, on average, approximately 5%
more skilled workers than low-productivity firms.

Given the calibrated parameters, the next section studies the welfare implications of
the China shock through the lens of the model.

9 Welfare Effects

Following CDP, in Appendix D we show that the life-time welfare change for low-
skilled and high-skilled workers in each (initial) sector and state can be computed using
the following equation:

ln(∆w
js) =

∞∑
t=1

βt [ln (ω̇jst)− ν ln (µ̇jss,t)] .

Then, for my baseline calibration, Figure 7 shows the average welfare gains at the state
level for each type of worker. A clear distinction is evident between the two types of work-
ers. In particular, the welfare implications for high-skill workers are orders of magnitude
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bigger in comparison with low-skill workers. On average, high-skill workers face an in-
crease of 0.31%, while low-skill workers face an almost null welfare improvement, with
an average of 0.01%.

(a) Skilled-workers (b) Unskilled-workers

Figure 7: Welfare Change

Similarly, we can analyze the impact on long-run wages. Taking the initial distribution
of workers across sectors in each state, Figure 8 shows the weighted-average long-run
effect on wages for each state. We can see a clear difference between skill levels. I find an
increase of real wages between 0.5% and 2% for most of the states with respect to high-
skill workers. However, the real wage increment for low-skill workers is almost null. As
expected, the negative effects on welfare come from the short-run rigidities. In particular,
the unemployment-to-population rate of the United States evolves as shown in Figure 9.
We can see a sizable difference between the unemployment-to-population rate of high skill
workers and low skill workers in terms of magnitude and persistence.

Finally, Figure 10 shows the change in the risk premium between the initial year (2000)
and the final year of the shock (2007). On average, the skill premium increases 0.78% in
all states and, for mainland states, an increase of 1 in the exposure to the China Shock
increases the skill premium by 0.54 %.

Table 3 compares the empirical estimates with the moments generated by the model.
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(a) Skilled-workers (b) Unskilled-workers

Figure 8: Long-Run Wage Change

Figure 9: Unemployment Evolution
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By construction, the model matches the targeted moments in terms of unemployment and
not in the labor force participation change. It is worth mentioning that the non-targeted
moments are not far from the point estimates. In particular, they lie inside the empirical
95% confidence intervals, with the exception of the manufacturing employment change
for low skill workers, for which the moment generated by the model is slightly lower. I
run several alternative specifications. The column Lower κ assumes that low-productivity
firms have a share of skill workers that is 11% less than high-productivity firms, in contrast
with our baseline estimation of 5%. However, the results do not change significantly. The
mobility elasticity for low-skilled workers increases from 0.067 to 0.071, and most of the
moments remain constant. The weighted-average skill premium increases from 0.78% to
0.79%. This implies that high-productivity firms face a similar contraction in their residual
demands, despite having access to international markets.

Figure 10: Skill-Premium
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Table 3: Empirical Moments vs. Baseline Model

Moment Empirics Empirics (CI) Baseline Model Lower κ

Unemployment low-skill (t) 0.282∗ [0.11,0.45] 0.282 0.282
Unemployment high-skill (t) 0.119∗ [0.04,0.2] 0.119 0.119
NILF low-skill (t) 0.831∗ [0.42,1.24] 0.831 0.831
NILF high-skill (t) 0.304∗ [0.08,0.53] 0.304 0.304
Manufacturing emp. low-skill (nt) -0.581∗ [-0.77,-0.40] -0.864 -0.864
Manufacturing emp. high-skill (nt) -0.592∗ [-0.84 ,-0.35] -0.371 -0.368
Non-Mfg emp. low-skill (nt) -0.531∗ [-0.93,-0.13] -0.249 -0.25
Non-Mfg emp. high-skill (nt) 0.168 [-0.07, 0.41] -0.052 -0.055
Skill Premium (nt) 1.7%∗ [0.8%, 2.6%] 0.55% 0.54%
Weighted avg. Welfare low-skill - - 0.01% 0.02%
Weighted avg. Welfare high-skill - - 0.31% 0.31%

νlow - - 0.07 0.07
νhigh - - 0.47 0.47
δlow - - 0.994 0.994
δhigh - - 0.98 0.98
κ - - 0.90 0.75
Low-Productivity share - - 0.4 0.4
Rigidity - - Mfg Mfg

NOTE: we denote (t) for targeted moments and (nt) for non-targeted moments. The empirical moments
come from Autor et al. (2013) and section (3). Variables with ∗ are statistically significant, and the

confidence interval reported is the 95% CI.
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10 Conclusion

This paper develops a dynamic quantitative trade model with wage rigidities, sectoral
mobility frictions, and heterogeneity at both the firm and worker level to study the distri-
butional consequences of trade shocks. Building on the dynamic structure in Rodrı́guez-
Clare et al. (2022), I introduce a CES demand for labor at the firm level together with a
positive relationship between firm productivity and the share of skilled workers employed
within a sector. This extension allows the model to combine, in a tractable dynamic frame-
work, heterogeneity on the firm side and on the worker side within each sector and region,
bringing the model closer to the empirical patterns emphasized in the literature and to the
kind of quantitative discipline typically pursued in dynamic trade models.

The key quantitative implication is that the China Shock has markedly different welfare
consequences across skill groups. In line with the empirical evidence, the model predicts
that unskilled workers experience essentially no welfare gains on average, and that their
long-run real wage remains broadly unchanged. In contrast, skilled workers experience
meaningful welfare gains, with an average welfare increase of about 0.30%, and long-run
real wages rising between 1% and 3%. These gaps are consistent with the large differences
in point estimates documented in Autor et al. (2013) and Autor et al. (2025), which high-
lights that the labor-market impacts of the China Shock differ substantially across worker
types. In the model, these distributional differences arise despite the fact that both groups
are exposed to the same aggregate trade disturbance: once firm heterogeneity and within-
sector differences in skill usage are taken into account, the same trade-driven reallocation
can translate into sharply different wage and welfare outcomes across workers.

Beyond the headline results, the analysis underscores a broader lesson for quantita-
tive trade models used to assess winners and losers from globalization. Treating labor as
homogeneous can obscure the fact that trade shocks interact with within-sector firm het-
erogeneity and skill composition in a way that changes the mapping from trade exposure
to wage and welfare outcomes. By embedding worker heterogeneity and firm-level labor
demand into a dynamic setting with wage rigidities and mobility frictions, the framework
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provides a disciplined way to quantify these distributional effects over time, while remain-
ing compatible with dynamic solution methods used in the literature.

The quantitative exercise also has limitations that point to promising directions for fu-
ture work. First, the model uses a simplified firm structure with two firm types per sector.
Second, workers within each sector-region are modeled as receiving an average of sector-
region income, rather than explicitly allowing for a fraction of agents to be unemployed
and earn zero income while the employed earn the market wage. Third, while the model
includes frictions to sectoral reallocation, it abstracts from productivity costs of switching
sectors and from agglomeration forces that could amplify or dampen the long-run effects
of reallocation. These simplifications limit the range of mechanisms the model can speak
to. At the same time, the framework remains useful for the purpose of this paper: it de-
livers a tractable quantitative laboratory that can isolate and quantify the starkly different
welfare implications of trade shocks for skilled and unskilled workers. Overall, the results
emphasize the importance of separating worker groups and evaluating distributional con-
sequences in greater detail when using quantitative trade models to assess the effects of
globalization.
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A Data Construction

List of Countries. I follow closely RUV and Caliendo et al. (2019) and use data for
50 U.S. states, 37 other countries including a constructed rest of the world. The list of
countries is: Australia, Austria, Belgium, Bulgaria, Brazil, Canada, China, Cyprus, the
Czech Republic, Denmark, Estonia, Finland, France, Germany, Greece, Hungary, India,
Indonesia, Italy, Ireland, Japan, Lithuania, Mexico, the Netherlands, Poland, Portugal, Ro-
mania, Russia, Spain, the Slovak Republic, Slovenia, S. Korea, Sweden, Taiwan, Turkey,
the United Kingdom, and the rest of the world. I add Luxembourg, Malta and Latvia to
the rest of the world.

Data on bilateral trade between countries. World Input-Output Database (WIOD).
Release of 2013. We use data for 2000-2007. I map the sectors in the database to our
16 sectors in the following way: 1) Agriculture (c1) and c(2) - NAICS 11, 211 - 213;
2) Food Products, Beverage, and Tobacco Products (c3) - NAIC 311 and 312; 3) Textile,
Textile Product Mills, Apparel, Leather, and Allied Products (c4-c5) - NAIC 313-316;
4) Wood Products, Paper, Printing, and Related Support Activities (c6-c7) - NAIC 321 -
323; 5) Petroleum and Coal Products (c8) - NAICS 324; 6) Chemical (c9) - NAICS 325;
7) Plastics and Rubber Products (c10) - NAICS 326; 8) Nonmetallic Mineral Products
(c11) - NAICS 327; 9) Primary Metal and Fabricated Metal Products (c12) - 331-332;
10) Machinery (c13) - NAICS 333; 11) Computer and Electronic Products, and Electrical
Equipment and Appliances (c14) - NAICS 334-335; 12) Transportation Equipment (c15) -
NAICS 336; 13) Furniture and Related Products, and Miscellaneous Manufacturing (c16)
- NAICS 337-339; 14) Construction (c18), Wholesale and Retail Trade (c19-c21), Trans-
port Services (c23-c26) - NAICS 23,42-45,481-488; 15) Information Services (c27), Fi-
nance and Insurance (c28), Real Estate (c29- c30); Education (c32); Health Care (c33) -
NAICS 511-518,521-525,531-544, 61, 621-624; 16) Accommodation and Food Services
(c22), and Other Services (c34) - NAICS 493, 541,55,561,562,711-713,811-814,721-722.
I called the first service sector unskilled and the second skilled.

Data on bilateral trade in manufacturing between U.S states. I combined Caliendo

52



et al. (2019) regional trade shares and WIOD 2013. From the WIOD database, we compute
the total U.S. domestic sales for our 12 sectors. And I take from Caliendo et al. (2019)
the shares such that total sales add up to the WIOD 2013 dataset. For the year 2005-
2007, I followed RUV and compute the shares using the closest CFS publication (2007). I
follow Caliendo et al. (2019) and use Table 12 of CFS 2007 to move from SCTG to NAIC
codes. For those NAIC codes in which a corresponding SCTG has a value of S, I replace
it with 0. Then, for example, NAIC code 311 (Food Manufacture) is composed of 40% of
SCTG code 7 (Other prepared foodstuffs and fats and oils), 28% of SCTG code 5 (Meat,
fish, seafood, and their preparations), 17% by SCTG code 6 (Grains, alcohol, and tobacco
products), 8% of SCTG code 4 (Animal feed and products of animal origin, nec) and the
other 7% are the other codes.

Data on bilateral trade in manufacturing and agriculture between U.S states and
the rest of the countries. I followed RUV and used Import and Export Merchandise
Trade Statistics, which is compiled by the U.S. Census Bureau. Data for exports at the
state×sector level starts in 2002. Data for imports at the state×sector level starts in 2008. I
scale state-level imports and exports data from the Import and Export Merchandise Trade
Statistics to match the U.S. totals in WIOD.

Data on bilateral trade in low-skill services. I follow RUV and combine WIOD
2013 (from 1995 to 2011) with a gravity structure for services and agriculture separately
to compute trade flows between US states. I start with the standard gravity equation:

Xij,s =

(
pij,s
Pj,s

)1−σs

Ejs

Where the optimal price is satisfied:

pjs =
τijs
Ti,s

WαiHs
iHs WαiLs

iLs

∏
k

Pαiks
ik = τijsci,s

At the same time we know that:
Ri,s =

∑
j

Xij,s

53



Combining this expressions we have Ri,s =
∑

j

(
τij,sci,s

(
∑N

i=1 p
1−σs
ijs )

1
1−σs

)1−σs

Ej,s and so we

can write this as:

Ri,s = c1−σs
is

∑
j

 τij,s(∑N
i=1 p

1−σs
ijs

) 1
1−σs


1−σs

Ej,s

︸ ︷︷ ︸
Π̃is

As a consequence, we have the exact same system of equations as in RUV:

Π̃is =
∑
j

τ̃ij,sP̃
−1
js Ejs

P̃js =
∑
i

τ̃ij,sΠ̃
−1
is Ris

where every variable x̃ implies x1−σ. The second expression came from the fact that
P 1−σs
js = P̃js =

∑N
i=1 p

1−σs
ijs =

∑N
i=1 τ

1−σs
ij c1−σs

i,s =
∑N

i=1 τ̃ijRi,sΠ̃i,s. Again, given Eis,
Ris and τ̃ij,s, this has a unique solution up to a constant (Fally (2015)). This indeterminacy
requires a normalization.

As inputs, I need total expenditures in services for each region and total production
in services. For the case of countries, I take this directly from WIOD. For the case of
U.S. states, I take these variables from the Regional Economic Accounts of the Bureau of
Economic Analysis. I scale the state-level services production and expenditures so that
they aggregate to the U.S. totals in WIOD. While for the production of services, BEA
generates a detailed description of them, this is not the case for expenditure. To solve this
problem, I make a proportionality assumption: each state consumes the same share of each
type of service as the US.

Given the solution to the system, we can calculate export-import flows:

Xij,s = P̃−1
j,s Ej,sp̂

1−σs
ij,s = P̃−1

j,s Ej,sRi,sΠ̃
−1
i,s τ̃ij
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However, I need to calibrate the trade costs. I impose the following extended structure:

τ 1−σs
ij,s = τ̃ij,s = β0β

ιij
1 distanceβ2

ij exp(ϵij,s)

And so log(τ̃ij,s) = log β0+ ιijlog β1+β2 log(distanceij)+ ϵij,s, where ιij in an indicator
equal to 1 if i and j are in the same country and 0 otherwise. To calculate the distance
between two countries, I followed the GeoDist dataset of CEPI provided by Mayer &
Zignago (2011). In particular, they used the following definition of distance between two
countries:

distij =

(∑
r∈i

∑
s∈j

(
popr
popi

)(
pops
popj

)
d−1
rs

)−1

which corresponds to the formula that is traditionally used in the literature. I combined
this formula with the assumption about the trade cost functional form and run a standard
gravity equation regression. Table 4 has the results for several specifications.

For distances between countries (including the US), I used data from simplemaps19.
Following the same methodology as Mayer & Zignago (2011), I take the 25 more popu-
lated cities for each country. The only two exceptions are Cyprus and Estonia, given that
I have 14 and 20 cities in the dataset, respectively. For RoW, I take the 25 most populated
cities that are not part of any country listed before and use this subset to run the regres-
sion mentioned before. In addition, I calculate distances between states in the US. I used
the US Census population data in 2010 and take every county in the database. I used the
Haversine distance to calculate the distance between regions. I aggregate distances be-
tween counties to states using the formula mentioned above. Finally, I calculate distances
between US states and other countries. To do that, I combined simplemaps and the US
Census Population data as mentioned before.

Given my estimates, I followed RUV and set the bilateral resistance term in each sector
using the estimates from Model 4. For the US states, the only binding dummy is Domestic
by construction. To solve the model, I need to calculate Ri,s and Ei,s for every sector s and
every region/country i. For non-US countries, I used WIOD. For US state expenditures, I

19https://simplemaps.com/data/world-cities
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Table 4: Estimation of Own-Country Dummy and Distance Elasticity for low skill service

Dependent Variable: ln Exports
Model: (1) (2) (3) (4)

Variables
log(distance) -0.4132∗∗∗ -0.5123∗∗∗ -0.5892∗∗∗ -0.5902∗∗∗

(0.0468) (0.0396) (0.0387) (0.0399)
Domestic 7.458∗∗∗ 7.113∗∗∗ 6.825∗∗∗ 6.821∗∗∗

(0.1883) (0.1680) (0.1642) (0.1681)
Common Language Dummy -0.7216∗∗∗ -0.6780∗∗∗ 0.0195

(0.1687) (0.1681) (0.1521)
Share Border Dummy 0.7528∗∗∗

(0.0786)
Colonial Link Ever 1.686∗∗∗ 1.884∗∗∗

(0.0940) (0.0989)

Fixed-effects
origin country num-year f Yes Yes Yes Yes
destination country num-year f Yes Yes Yes Yes

Fit statistics
Observations 24,548 24,548 24,548 24,548
Adjusted R2 0.57640 0.57525 0.56914 0.56916

Heteroskedasticity-robust standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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use the Regional Economic Accounts of the Bureau of Economic Analysis. Given that the
decomposition across services is limited, I aggregate at the service level and assume that
each state consumes shares of each type of service equal to the national proportions. For
US state production, I also use the Bureau of Economic Analysis. I scale up or down the
production and expenditure such that it matches the WIOD US data. Given that the data
is disaggregated, I matched industry classification with the service sectors following the
same procedure as before. Finally, we can rewrite the system of equations in a similar way
to RUV:

Π̃is =
∑
j

τ̃ij,sP̃
−1
js Ejs i ∈ US

P̃js =
∑
i

τ̃ij,sΠ̃
−1
is Ris j ∈ US

λ̃∗
isΠ̃is =

∑
j∈US

τ̃ij,sP̃
−1
js Ejs i /∈ US

λ̃jsP̃js =
∑
i∈US

τ̃ij,sΠ̃
−1
is Ris j /∈ US

Where λ̃js is the share of imports from the US and λ̃∗
is is the share of exports to the US:

λ̃js =

∑
i∈US Xij,s

Ejs

and λ̃∗
is =

∑
i∈US Xij,s

Ris

Given this new system of equations, we only need to calibrate τ̃ij,s for the cases where i or
j are in the US. Following the results of McCallum (1995), I assume that the value of the
domestic dummy for States is equal to 1 if both the origin and the destination are the same
region.

Once I find the solution for the same system of equations described above, I compute
the final bilateral trade matrix for the sector.

Data on bilateral trade in high-skilled services between US states. I repeat the same
procedure as before. The estimation of the gravity equations gives the following results:
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Table 5: Estimation of Own-Country Dummy and Distance Elasticity for high skill service

Dependent Variable: ln Exports
Model: (1) (2) (3) (4)

Variables

log(distance) -0.0076 -0.1099∗∗∗ -0.1720∗∗∗ -0.1904∗∗∗

(0.0470) (0.0403) (0.0392) (0.0398)
Domestic 9.015∗∗∗ 8.659∗∗∗ 8.426∗∗∗ 8.354∗∗∗

(0.1927) (0.1741) (0.1700) (0.1718)
Common Language Dummy -0.2546∗ -0.2096 0.3535∗∗∗

(0.1471) (0.1468) (0.1306)
Share Border Dummy 0.7770∗∗∗

(0.0854)
Colonial Link Ever 1.316∗∗∗ 1.521∗∗∗

(0.0882) (0.0910)

Fixed-effects

origin country num-year f Yes Yes Yes Yes
destination country num-year f Yes Yes Yes Yes

Fit statistics

Observations 24,548 24,548 24,548 24,548
Adjusted R2 0.60970 0.60845 0.60441 0.60419

Heteroskedasticity-robust standard-errors in parentheses

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Once I find solutions for the same system of equations described above, I compute the
final bilateral trade matrix for the sector.

Data on bilateral trade in other services for US states. Again, I follow the same
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procedure as before. The gravity equation estimation is:

Table 6: Estimation of Own-Country Dummy and Distance Elasticity for other service

Dependent Variable: ln Exports
Model: (1) (2) (3) (4)

Variables

log(distance) -0.1571∗∗∗ -0.2176∗∗∗ -0.2769∗∗∗ -0.2980∗∗∗

(0.0571) (0.0488) (0.0482) (0.0482)
Domestic 9.730∗∗∗ 9.519∗∗∗ 9.297∗∗∗ 9.214∗∗∗

(0.2370) (0.2154) (0.2126) (0.2129)
Common Language Dummy -0.1577 -0.1311 0.4065∗∗

(0.1848) (0.1833) (0.1658)
Share Border Dummy 0.4596∗∗∗

(0.1312)
Colonial Link Ever 1.331∗∗∗ 1.452∗∗∗

(0.1429) (0.1457)

Fixed-effects

origin country num-year f Yes Yes Yes Yes
destination country num-year f Yes Yes Yes Yes

Fit statistics

Observations 24,548 24,548 24,548 24,548
Adjusted R2 0.52361 0.52336 0.52112 0.52095

Heteroskedasticity-robust standard-errors in parentheses

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Data on bilateral trade in agriculture for US states. I start by estimation the same
regression as before:
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Table 7: Estimation of Own-Country Dummy and Distance Elasticity for agriculture

Dependent Variable: ln Exports
Model: (1) (2) (3) (4)

Variables

log(distance) -1.707∗∗∗ -1.712∗∗∗ -1.736∗∗∗ -1.758∗∗∗

(0.0191) (0.0163) (0.0163) (0.0165)
Domestic 2.245∗∗∗ 2.226∗∗∗ 2.137∗∗∗ 2.052∗∗∗

(0.1149) (0.1097) (0.1097) (0.1111)
Common Language Dummy 0.2029∗∗∗ 0.2053∗∗∗ 0.4200∗∗∗

(0.0730) (0.0720) (0.0778)
Share Border Dummy 0.0411

(0.0522)
Colonial Link Ever 0.5689∗∗∗ 0.5798∗∗∗

(0.0655) (0.0600)

Fixed-effects

origin country num-year f Yes Yes Yes Yes
destination country num-year f Yes Yes Yes Yes

Fit statistics

Observations 24,548 24,548 24,548 24,548
Adjusted R2 0.76984 0.76985 0.76909 0.76867

Heteroskedasticity-robust standard-errors in parentheses

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

The main difference between services and agriculture is that I do not have data on state
expenditure. For production, I combine the Agriculture Census from 2002 and 2007 with
the National Marine Fisheries Service Census and the US Energy Information Adminis-
tration (EIA). The National Marine Fisheries Service Census has annual data from 2000
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to 2007. However, given that the Agriculture Census has data only for 2002 and 2007, I
continue as follows: I compute total production for the year 2002 (2007) in each state for
agriculture and fisheries. Then, I compute the share of production over the total. Given the
shares, I multiply them by WIOD US production for the year 2002 (2007), only for the c1
category (which does not include mining). For those states that are missing in the National
Marine Fisheries Service Census, I imputed a value of 0. Then, I need to compute the other
component of the sector: mining. To do that, we proxy the share of sales for each state
using the US Energy Information Administration (EIA). They provide data for the annual
thousand of barrels for each state. Given that I only need the share, under the assumption
that prices does not vary between states, we can compute the share of production for each
state and multiply it by the national production level in the c2 category for US in WIOD.
Finally, we add c1 and c2 categories to get total production of sector 1 for each state. I
continue with the expenditure side. Total expenditure in region j - sector k is:

Ejk =
∑
s

αjksRjs + ϕjk (WjLj +∆j)

For j ∈ US, we have:

Ejk =
∑
s

αjksRjs + ϕUSk (WjLj +∆j)

Note that we need to find an expression for (WjLj +∆j) and then we can solve the level
of agricultural expenditure in each state j. To do that, note that household consumption is
equal to Ejk+

∑
r ̸=k (Ejr −

∑
s αjrsRjs)−

∑
s αjksRjs. As a result, we can write regional

expenditure in agriculture ( k = AG) as:

Ej,AG =
∑
s

αj,AG,sRjs +
ϕUS,AG

1− ϕUS,AG

∑
r ̸=AG

(
Ejr −

∑
s

αUS,rsRjs

)

Given that we have production in each sector and state and we have expenditure for all the
other sectors, we can compute the expenditure by state in agriculture. After calculating ex-
penditure for each state, we can use a gravity system similar to that of services. However,
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for agriculture we have data on imports and exports between US states and other countries.
Then, we only need to calculate bilateral flows among US states. The system of equation
simplifies to:

µ̃∗
isΠ̃is =

∑
j∈US

τ̃ij,sP̃
−1
js Ejs i ∈ US

µ̃jsP̃js =
∑
i∈US

τ̃ij,sΠ̃
−1
is Ris j ∈ US

where:

µ̃js =

∑
i∈US Xij,s

Ejs

and µ̃∗
is =

∑
j∈US Xij,s

Ris

Labor and intermediate input shares. For each region i and sector s, I need data
to compute the labor shares, intermediate input shares, and consumption shares. I start
by computing the intermediate input shares for each sector in each country from WIOD.
Given that in our model there are no profits, the assumption of the Cobb-Douglas produc-
tion function implies that total labor share (αWIOD

is = αjHs + αjLs) is equal to one minus
the sum of all the intermediate input shares. For simplicity, I assume that US national
intermediate input shares are common across US regions and so total labor shares are also
equal. However, I allow different intensities between skilled and unskilled workers for
each US region in all sectors. Then, I use WIOD to calculate the labor input share for
skilled and unskilled workers separately. I compute αiLs/αiHs as the share of total labor
compensation for unskilled level against skilled labor. Then, I combine this equation with
αiLs +αiHs = αWIOD

is to pin down both coefficients for each country and sector. I include
medium-skilled workers as unskilled workers to fit our framework. Note that WIOD does
not provide data for RoW. To solve this problem, given that this is not a relevant region,
I take the average for all the other countries in our exercise. For US states, I combine
IPUMS data with my WIOD database.

Initial Production. Conditional on all the calibrated parameters mentioned before,
the trade shares and total expenditure by country, I calculate sector-region production such
that the model clears. In particular, I choose Ris,2000 such that the following equations are
satisfied:
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PiCi = Wi,HLi,H +Wi,LLi,L +∆i

Ri,s =
∑
j /∈US

λij,sϕjsCjPj + ϕUS,s

∑
j∈US

λij,sCjPj +
N∑
j=1

λij,s

K∑
k=1

αjskRjk

WigLig =
∑
s

αi,g,sRi,s

∆i =
∑
n

Xni −
∑
n

Xin = Ei −
∑
i

Ris

I assume that all shares are exogenous (calibrated), and I solve for sectoral production in
each region such that this system of equations holds.

Figure 11: Production: Data vs Model
Equilibrium

Figure 12: Unbalanced Trade: Data vs
Model Equilibirum

B Appendix B: Exposure

In the data section we use the following expression to calculate the exposure of each
type of worker:

Exposureij =
S∑

s=1

Lij,s,2000

Lij,2000

X̂2007−2000
C,US,s

RUS,s,2000
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Where Lijs,2000 is the total employment of workers with skill level j in region i for sector s
in the year 2000. In addition, X̂2007−2000

c,US,s is the predicted difference in imports from China
to US in sector s. To calculate this predicted change in imports, I follow Autor et al. (2013)
and regress:

∆X2007−2000
C,US,s = b1∆X2007−2000

C,OC,s + ϵs

Following Autor et al. (2013) and RUV, we include Australia, Germany, Denmark, Spain,
Finland, and Japan in the RHS of the regression. we define X̂2007−2000

c,US,s as the predicted
value of this regression. We can see the comparison between the predicted value and the
observed change in US imports from China:

Figure 13: Predicted and observed change

The denominator is total sales in sectors. Then, I need to calculate employment for
each skill level, region, and sector in the US. For this, I use two different datasets for
robustness.

IPUMS CPS.I consider only people older than 24. I also exclude those who are out
of the labor force (EMPSTAT higher than 29), without information (EMPSTAT 0), or
in the army (EMPSTAT 13-15). I use EDUC99 to divide between high-skilled workers
and low-skilled workers. In particular, If EDUC99 < 12, the worker is unskilled, and
if EDUC99 ≥ 12 the worker is skilled. This means that I consider high skilled worker
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an adult with an associate degree or higher. I move to the occupation. I delete all the
observations where IND is equal to 0 (occupation not specified) and any job related to
the government (IND equal or higher than 900). Given that we do not have the elec-
tricity sector, I delete IND 450-451-452-470 and 472. I also delete the postal service
(IND 412). Then, we need to match IND codes with our WIOD sectors; Agriculture:
10, 11, 30, 31, 32, 40, 41, 42, 50, 230. Food Products, Beverage, and Tobacco Prod-
ucts: 100,101,102,110,111,112,120,121,122,130. Textile, Textile Product Mills, Ap-
parel, Leather, and Allied Products: 132,140,141,142,150,151,152. Wood Products,
Paper, Printing, and Related Support Activities: 160,161,162,171,172,231,232,241.
Petroleum and Coal Products: 200,201. Chemical: 180,181,182,190,191,192. Plas-
tics and Rubber Product: 210,211,212,220,221,222. Nonmetallic Mineral Products:
250,251,252,261,262. Primary Metal and Fabricated Metal Products: 270, 271, 272,
280, 281, 282, 290, 291, 292, 300, 301. Machinery: 310,311,312,320,321,331,332,380.
Computer and Electronic Products, and Electrical Equipment and Appliances: 322,
340, 341, 342, 350, 371, 381. Transportation Equipment: 351,352,360,361,362,370,500.
Furniture and Related Products, and Miscellaneous Manufacturing: 242, 372, 390,
391, 392. Unskilled Service: 60, 400,401, 402,410, 420, 421, 422, 432, 501, 502,510,
511, 512, 521, 522, 530, 531, 532, 540, 541, 542 and any value between 542 and 691.
Skilled Service: 440, 441, 442, 700, 701, 702, 710, 711, 712, 742, 800, 801, 820, 812,
821, 822, 830, 831, 832, 840, 842, 850, 851, 852, 860, 861, 862, 863, 870, 871. Other
Service: 12, 20, 411, 471, 721, 722, 730, 731, 732, 740, 741, 750, 751, 752, 760, 761,
762, 770, 771, 772, 780, 781, 782, 790, 791, 802, 810, 841, 872, 873, 880, 881, 882, 890,
891, 892, 893. We have the following results for the exposure measure:
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Figure 14: Exposure by state-skill level Figure 15: Exposure by skill level

IPUMS USA. Here we do not have the EDUC99 variable but we have INDNAIC, i.e.
the occupation for each NAIC code. Then, we combine INDNAIC, EDUCD, and state
data to replicate the same graph as before. I define a worker to be skilled (unskilled) if
EDUCD is ≥ (<) than 80, i.e. if they have at least two years of college. Then, this is
exactly the same as the filter I applied for EDUC99 in the sample mentioned before. I
match all NAIC codes with my 16 sectors. The only exception is 3MS which corresponds
to Not specified industries. We use this data to generate Lijs,2000/Lij,2000. Then we can
create the same exposure measure as before:

Figure 16: Exposure by state-skill level Figure 17: Exposure by skill level
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C Appendix C: Migration choice

As mentioned in the paper, we denote period 1 as the steady state, and period 2 to 8
the shock period. Consider any period t > 2 and ignore skill level g. And denote V Shock

jk,t

the present discount value after the shock is realized for any period t greater than 2.

µj,sk,t =
exp
(
βV shock

j,k,t+1 − κj,sk,g

)1/νg
S∑

h=0

exp
(
βV shock

j,g,h,t+1 − κj,sh,g

)1/νg
Taking period t and t-1 we have:

µj,sk,t

µj,sk,t−1

=
exp
(
βV shock

j,k,t+1 − κj,sk

)1/ν
S∑

h=0

exp
(
βV shock

j,h,t+1 − κj,sh

)1/ν
S∑

h=0

exp
(
βV shock

j,h,t − κj,sh

)1/ν
exp
(
βV shock

j,k,t − κj,sk

)1/ν

µj,sk,t

µj,sk,t−1

=
exp
(
βV shock

j,k,t+1 − βV shock
j,h,t

)1/ν
S∑

h=0

exp
(
βV shock

j,h,t+1 − κj,sh

)1/ν
S∑

h=0

exp
(
βV shock

j,h,t − κj,sh

)1/ν

µj,sk,t

µj,sk,t−1

=
exp
(
βV shock

j,k,t+1 − βV shock
j,k,t

)1/ν
S∑

h=0

exp
(
βV shock

j,h,t+1 − κj,sh

)1/ν exp(βV shock
j,h,t − κj,sh

)1/ν
exp
(
βV shock

j,h,t − κj,sh

)1/ν
S∑

h=0

exp
(
βV shock

j,h,t −κj,sh

)1/ν

µj,sk,t

µj,sk,t−1

=
exp
(
βV shock

j,k,t+1 − βV shock
j,k,t

)1/ν
S∑

h=0

exp
(
βV shock

j,h,t+1 − βV shock
j,h,t

)1/ν
exp
(
βV shock

j,h,t − κj,sh

)1/ν
S∑

h=0

exp
(
βV shock

j,h,t −κj,sh

)1/ν
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µj,sk,t

µj,sk,t−1

=
exp
(
βV shock

j,k,t+1 − βV shock
j,k,t

)1/ν
S∑

h=0

exp
(
βV shock

j,h,t+1 − βV shock
j,h,t

)1/ν exp
(
βV shock

j,h,t − κj,sh

)1/ν
S∑

h=0

exp
(
βV shock

j,h,t − κj,sh

)1/ν
µj,sk,t

µj,sk,t−1

=
exp
(
V shock
j,k,t+1 − V shock

j,k,t

)β/ν
S∑

h=0

exp
(
V shock
j,h,t+1 − V shock

j,h,t

)β/ν exp
(
βV shock

j,h,t − κj,sh

)1/ν
S∑

h=0

exp
(
βV shock

j,h,t − κj,sh

)1/ν
µj,sk,t

µj,sk,t−1

=
exp
(
V shock
j,k,t+1 − V shock

j,k,t

)β/ν
S∑

h=0

exp
(
V shock
j,h,t+1 − V shock

j,h,t

)β/ν
µj,sh,t−1

µj,sk,t

µj,sk,t−1

=
u̇
β/ν
jk,t+1

S∑
h=0

u̇
β/ν
jh,t+1µj,sh,t−1

Now we have to be careful about period 2. In period 1 the agent does not predict the shock
in period 2. This means that:

µj,sk,1 =
exp
(
βV no−shock

j,k,1 − κj,sk

)1/ν
S∑

h=0

exp
(
βV no−shock

j,h,1 − κj,sh

)1/ν
But in period 2 (first period of the shock):

µj,sk,2 =
exp
(
βV shock

j,k,3 − κj,sk

)1/ν
S∑

h=0

exp
(
βV shock

j,h,3 − κj,sh

)1/ν
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Note that the life time utility ujst = exp(Vjst) is equal to:

ujst =
ωjst

Pjt

(
S∑

k=0

u
β/ν
jk,t+1(e

κjsk)−1/ν

)ν

In period 1 there was no shock, so we have:

uns
js1 =

ωjs1

Pj1

(
S∑

k=0

(uns
jk,2)

β/ν(eκjsk)−1/ν

)ν

Denote ushock
js,2 the life time utility in the period of the first shock when it’s realized. Then

we have:

uns
js1 =

ωns
js1

P ns
j1

 S∑
k=0

(
uns
jk,2

ushock
jk,2

)β/ν

(ushock
jk,2 )β/ν(eκjsk)−1/ν

ν

We can define the life time utility after the first shock as:

ushock
js2 =

ωshock
js2

P shock
j2

(
S∑

k=0

(ushock
jk,3 )β/ν(eκjsk)−1/ν

)ν

Take the difference between the shock in 2 and the no shock in 1:

ushock
js2

uns
js1

=
(ωshock

js2 /P shock
j2 )

(ωns
js1/P

ns
j1 )

(∑S
k=0(u

shock
jk,3 )β/ν(eκjsk)−1/ν

)ν
(∑S

k=0

(
uns
jk,2

ushock
jk,2

)β/ν
(ushock

jk,2 )β/ν(eκjsk)−1/ν

)ν

ushock
js2

uns
js1

=
(ωshock

js2 /P shock
j2 )

(ωns
js1/P

ns
j1 )

 ∑S
k=0(u

shock
jk,3 )β/ν(eκjsk)−1/ν∑S

k=0

(
uns
jk,2

ushock
jk,2

)β/ν
(ushock

jk,2 )β/ν(eκjsk)−1/ν


ν
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Note that we can rewrithe the migration flow in period 1 as:

µj,sk,1 =
(uns

jk,2)
β/ν exp(κj,sk)

−1/ν

S∑
h=0

(uns
jh,2)

β/ν exp(κj,sh)
−1/ν

=

(
uns
jk,2

ushock
jk,2

)β/ν
(ushock

jk,2 )β/ν exp(κj,sk)
−1/ν

S∑
h=0

(
uns
jh,2

ushock
jh,2

)β/ν

(ushock
jh,2 )β/ν exp(κj,sh)

−1/ν

Going back to the lifetime ratio:

ushock
js2

uns
js1

=
(ωshock

js2 /P shock
j2 )

(ωns
js1/P

ns
j1 )

 ∑S
k=0(u

shock
jk,3 )β/ν(eκjsk)−1/ν∑S

k=0

(
uns
jk,2

ushock
jk,2

)β/ν
(ushock

jk,2 )β/ν(eκjsk)−1/ν


ν

ushock
js2

uns
js1

=
(ωshock

js2 /P shock
j2 )

(ωns
js1/P

ns
j1 )

 S∑
k=0

 (ushock
js,3 )β/ν(eκjsk)−1/ν∑S

k=0

(
uns
jk,2

ushock
js,2

)β/ν
(ushock

js,2 )β/ν(eκjsk)−1/ν




ν

Multiply and divide each term in the sumation by
(

uns
jk,2

ushock
jk,2

)β/ν
(ushock

jk,2 )β/ν :

ushock
js2

uns
js1

=
(ωshock

js2 /P shock
j2 )

(ωns
js1/P

ns
j1 ) S∑

k=0

 (ushock
jk,3 )β/ν(eκjsk)−1/ν∑S

k=0

(
uns
jk,2

ushock
jk,2

)β/ν
(ushock

jk,2 )β/ν(eκjsk)−1/ν

( uns
jk,2

ushock
jk,2

)β/ν

(ushock
jk,2 )β/ν

(
ushock
jk,2

uns
jk,2

)β/ν

(ushock
jk,2 )−β/ν


ν

We can rewrite this as:

ushock
js2

uns
js1

=
(ωshock

js2 /P shock
j2 )

(ωns
js1/P

ns
j1 ) S∑

k=0


(

uns
jk,2

ushock
jk,2

)β/ν
(ushock

jk,2 )β/ν(eκjsk)−1/ν

∑S
k=0

(
uns
jk,2

ushock
jk,2

)β/ν
(ushock

jk,2 )β/ν(eκjsk)−1/ν

 (ushock
jk,3 )β/ν

(
ushock
jk,2

uns
jk,2

)β/ν

(ushock
jk,2 )−β/ν


ν
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ushock
js2

uns
js1

=
(ωshock

js2 /P shock
j2 )

(ωns
js1/P

ns
j1 )

 S∑
k=0

µjsk,1(u
shock
jk,3 )β/ν

(
ushock
jk,2

uns
jk,2

)β/ν

(ushock
jk,2 )−β/ν

ν

ushock
js2

uns
js1

=
(ωshock

js2 /P shock
j2 )

(ωns
js1/P

ns
j1 )

 S∑
k=0

µjsk,1(u
shock
jk,3 )β/ν

(
ushock
jk,2

uns
jk,2

)β/ν

(ushock
jk,2 )−β/ν

ν

ushock
js2

uns
js1

=
(ωshock

js2 /P shock
j2 )

(ωns
js1/P

ns
j1 )

 S∑
k=0

µjsk,1

(
ushock
jk,3

ushock
jk,2

)β/ν (
ushock
jk,2

uns
jk,2

)β/ν
ν

Remember that period 1 there was no shock, so prices are the same. Then:

ushock
js2

uns
js1

=
(ωshock

js2 /P shock
j2 )

(ωshock
js1 /P shock

j1 )

 S∑
k=0

µjsk,1

(
ushock
jk,3

ushock
jk,2

)β/ν (
ushock
jk,2

uns
jk,2

)β/ν
ν

Similarly, we now that the expected utility in period one is the same:

ushock
js2

ushock
js1

= u̇shock
js,2 =

(ωshock
js2 /P shock

j2 )

(ωshock
js1 /P shock

j1 )

 S∑
k=0

µjsk,1

(
ushock
jk,3

ushock
jk,2

)β/ν (
ushock
jk,2

uns
jk,2

)β/ν
ν

u̇shock
js,2 =

ω̇shock
js2

Ṗ shock
j2

 S∑
k=0

µjsk,1

(
u̇shock
jk,3

)β/ν (ushock
jk,2

uns
jk,2

)β/ν
ν

Finally, note that in the no shock equilibrium ujk,t = ujk,t−1 for any t. Then:

u̇shock
js,2 =

ω̇shock
js2

Ṗ shock
j2

 S∑
k=0

µjsk,1

(
u̇shock
jk,3

)β/ν (ushock
jk,2

uns
jk,1

)β/ν
ν

Finally, we use the same equivalence as before and we have:

u̇shock
js,2 =

ω̇shock
js2

Ṗ shock
j2

[
S∑

k=0

µjsk,1

(
u̇shock
jk,3

)β/ν (
u̇shock
jk,2

)β/ν]ν
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Then, period 2 dot utility in dots is slightly different than any other period. Because we
have to take into account the fact that the life time utility in the first period of the shock
(period 2) is different. This is exactly the same result as in CDP but in their case they have
ûij,1 (initial period is 0). Given that the baseline economy there is no shock, we have the
exact same expression. Now we need to rewrite the expression for the migration rates in
period 2. Remember that:

µjsk,1 =
uns
jk,2(e

κjsk)−1/ν∑
h u

ns
jh,2(e

κjsh)−1/ν

Using the fact that under no shock, all value functions are equal, and that in period 1
(steady state), nothing was predicted, and so there is no difference between shock and
no-shock:

µjsk,1 =
(ushock

jk,1 )β/ν(eκjsk)−1/ν∑
h(u

shock
jh,1 )β/ν(eκjsh)−1/ν

In period 2 (first shock):

µjsk,2 =
(ushock

jk,3 )β/ν(eκjsk)−1/ν∑
h(u

shock
jh,3 )β/ν(eκjsh)−1/ν

And so we have:

µjsk,2

µjsk,1

=
(ushock

jk,3 )β/ν(eκjsk)−1/ν∑
h(u

shock
jh,3 )β/ν(eκjsh)−1/ν

∑
h(u

shock
jh,1 )β/ν(eκjsh)−1/ν

(ushock
jk,1 )β/ν(eκjsk)−1/ν

Multiplying and dividing by life time utility in period 2:

µjsk,2

µjsk,1

=
(u̇shock

jk,2 )β/ν(u̇shock
jk,3 )β/ν∑

h(u
shock
jh,3 )β/ν(eκjsh)−1/ν

∑
h

(ushock
jh,1 )β/ν(eκjsh)−1/ν

µjsk,2

µjsk,1

=
(u̇shock

jk,2 )β/ν u̇shock
jk,3∑

h

(ushock
jh,3 )β/ν(e

κjsh )−1/ν∑
h(u

shock
jh,1 )β/ν(e

κjsh )−1/ν

72



µjsk,2

µjsk,1

=
(u̇shock

jk,2 )β/ν(u̇shock
jk,3 )β/ν∑

h

(ushock
jh,3 )β/ν(e

κjsh )−1/ν∑
h(u

shock
jh,1 )β/ν(e

κjsh )−1/ν

µjsk,2

µjsk,1

=
(u̇shock

jk,2 )β/ν(u̇shock
jk,3 )β/ν∑

h

(
(ushock

jh,1 )β/ν(e
κjsh )−1/ν∑

h(u
shock
jh,1 )β/ν(e

κjsh )−1/ν

(
ushock
jh,3

ushock
jh,1

)β/ν)
µjsk,2

µjsk,1

=
(u̇shock

jk,2 )β/ν(u̇shock
jk,3 )β/ν∑

h

(
µjsh,1

(
ushock
jh,3

ushock
jh,1

)β/ν)
Using the same trick as before:

µjsk,2

µjsk,1

=
(u̇shock

jk,2 )β/ν(u̇shock
jk,3 )β/ν∑

h µjsh,1

(
u̇shock
jh,2

)β/ν (
u̇shock
jh,3

)β/ν
D Welfare

We know that the life-utility in period t is:

Vjst = ln(ωjst) + ln

(∑
k

exp (βVj,k,t+1 − κjsk)
1/ν

)ν

+ γνg

Also:

µj,sk,t =
exp
(
βV shock

j,k,t+1 − κj,sk,g

)1/νg
S∑

h=0

exp
(
βV shock

j,g,h,t+1 − κj,sh,g

)1/νg
And migration frictions are 0 when s=k. Then:

Vjst = ln(ωjst) + βVjs,t+1 − ν ln(µjss,t) + γν
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Iteration forward we have:

Vjst =
∞∑
r=t

βr−t [ln(ωjsr)− νln(µjss,r)] +
γν

1− β

Lets define the no shock value at the initial period as:

V no−shock
js =

∞∑
r=0

βr−t [ln(ωjs)− νln(µjss)] +
γν

1− β

And the shock value at the initial period as:

V shock
js0 =

∞∑
r=0

βr [ln(ωjsr)− νln(µjss,r)] +
γν

1− β

Lets define the consumption equivalent variation:

ln(∆w)

1− β
= V shock

js0 − V no−shock
js

ln(∆w) = (1− β)

[
∞∑
t=0

βt

[
ln

(
ωjst

ωjs

)
− νln

(
µjss,r

µjss

)]]

ln(∆w) =

[
∞∑
t=0

βt

[
ln

(
ωjst

ωjs

)
− νln

(
µjss,t

µjss

)]]
−

[
∞∑
t=0

βt+1

[
ln

(
ωjst

ωjs

)
− νln

(
µjss,t

µjss

)]]
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ln(∆w) =

[
∞∑
t=0

βt

(
ln

(
ωjst

ωjs

)
− ν ln

(
µjss,t

µjss

))]
−

[
∞∑
t=0

βt+1

(
ln

(
ωjst

ωjs

)
− ν ln

(
µjss,t

µjss

))]

≡
∞∑
t=0

βtxt −
∞∑
t=0

βt+1xt, xt ≡ ln

(
ωjst

ωjs

)
− ν ln

(
µjss,t

µjss

)
=

∞∑
t=0

βtxt −
∞∑
t=1

βtxt−1 (reindex u = t+ 1 in the second sum)

= x0 +
∞∑
t=1

βtxt −
∞∑
t=1

βtxt−1

= x0 +
∞∑
t=1

βt
(
xt − xt−1

)
= x0 +

∞∑
t=1

βt

[
ln

(
ωjst

ωjs,t−1

)
− ν ln

(
µjss,t

µjss,t−1

)]
= x0 +

∞∑
t=1

βt [ln (ω̇jst)− ν ln (µ̇jss,t)] , ω̇jst ≡
ωjst

ωjs,t−1

, µ̇jss,t ≡
µjss,t

µjss,t−1

.

Given that in the initial period there is no change in real wage, we have:

ln(∆w) =
∞∑
t=1

βt [ln (ω̇jst)− ν ln (µ̇jss,t)] .

E Elasticity of substitution

The definition of the aggregate elasticity of substitution is:

εaggis ≡
d log

(
LiHs

LiLs

)
d log

(
WiLs

WiHs

) .
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For any firm type p ∈ {hp, lp},

Lp
iHs

Lp
iLs

=
µis,p

1− µis,p

(
WiLs

WiHs

)ρ

.

Equivalently,

Lp
iHs =

µis,p

1− µis,p

(
WiLs

WiHs

)ρ

Lp
iLs.

Summing over p ∈ {hp, lp} yields

LiHs = Lhp
iHs + Llp

iHs =

(
WiLs

WiHs

)ρ
[

µhp
is

1− µhp
is

Lhp
iLs +

µlp
is

1− µlp
is

Llp
iLs

]
.

Using LiLs = Lhp
iLs + Llp

iLs, define shpis ≡ Lhp
iLs

LiLs
. Then dividing by LiLs to obtain:

LiHs

LiLs

=

(
WiLs

WiHs

)ρ
[
shpis

µhp
is

1− µhp
is

+ (1− shpis )
µlp
is

1− µlp
is

]
.

Taking logs gives:

log

(
LiHs

LiLs

)
= ρ log

(
WiLs

WiHs

)
+ log

[
shpis

µhp
is

1− µhp
is

+ (1− shpis )
µlp
is

1− µlp
is

]
.

Differentiating with respect to log
(

WiLs

WiHs

)
yields

εaggis = ρ+
d

d log
(

WiLs

WiHs

) log

[
shpis

µhp
is

1− µhp
is

+ (1− shpis )
µlp
is

1− µlp
is

]
.

Assume
µlp
is = κµhp

is , 0 < κ < 1.
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Then the bracketed term becomes

shpis
µhp
is

1− µhp
is

+ (1− shpis )
µlp
is

1− µlp
is

= shpis
µhp
is

1− µhp
is

+ (1− shpis )
κµhp

is

1− κµhp
is

= µhp
is

[
shpis

1− µhp
is

+
κ(1− shpis )

1− κµhp
is

]

And so we have:

εaggis = ρ+
d

d log
(

WiLs

WiHs

) log

(
µhp
is

[
shpis

1− µhp
is

+
κ(1− shpis )

1− κµhp
is

])

= ρ+
d

d log
(

WiLs

WiHs

) log

[
shpis

1− µhp
is

+
κ(1− shpis )

1− κµhp
is

]
,

Define the constants (only parameters):

Ais ≡
1

1− µhp
is

, Bis ≡
κ

1− κµhp
is

Then [
shpis

1− µhp
is

+
κ(1− shpis )

1− κµhp
is

]
= Ais s

hp
is +Bis(1− shpis ) = Bis + (Ais −Bis) s

hp
is .

Hence
εaggis = ρ+

d

d log
(

WiLs

WiHs

) log
[
Bis + (Ais −Bis) s

hp
is

]
.

εaggis = ρ+
(Ais −Bis)

Bis + (Ais −Bis)s
hp
is

· dshpis

d log
(

WiLs

WiHs

) .
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From (6), define the (type-specific) unskilled-wage-bill terms:

WiLsL
hp
iLs ≡ (1− µhp

is )

(
W hp

is

WiLs

)ρ−1

αisR
hp
is ,

WiLsL
lp
iLs ≡ (1− µlp

is)

(
W lp

is

WiLs

)ρ−1

αisR
lp
is.

Then WiLsLiLs = WiLsL
hp
iLs +WiLsL

lp
iLs holds identically. By definition,

shpis ≡ Lhp
iLs

LiLs

=
WiLsL

hp
iLs

WiLsLiLs

=
WiLsL

hp
iLs

WiLsL
hp
iLs +WiLsL

lp
iLs

.

Combining the last expressions:

shpis =
(1− µhp

is )
(

Whp
is

WiLs

)ρ−1

Rhp
is

(1− µhp
is )
(

Whp
is

WiLs

)ρ−1

Rhp
is + (1− µlp

is)
(

W lp
is

WiLs

)ρ−1

Rlp
is

.

Define the odds ratio

Ωis ≡
shpis

1− shpis
=

(1− µhp
is )
(

Whp
is

WiLs

)ρ−1

Rhp
is

(1− µlp
is)
(

W lp
is

WiLs

)ρ−1

Rlp
is

.

Then
dshpis

d log
(

WiLs

WiHs

) = shpis (1− shpis ) ·
d log Ωis

d log
(

WiLs

WiHs

) .
And so we have:

εaggis = ρ+
(Ais −Bis)

Bis + (Ais −Bis)s
hp
is

· shpis (1− shpis )︸ ︷︷ ︸
>0

· d log Ωis

d log
(

WiLs

WiHs

) .
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Where:

log Ωis = log

(
(1− µis)

(1− κµis)

)
− (ρ− 1)[log(W lp

is )− log(W hp
is )]− [log(Rlp

is)− log(Rhp
is )]

Then, the derivative is:

d log Ωis

d log
(

WiLs

WiHs

) = (ρ− 1)
d log

(
Whp

is

W lp
is

)
d log

(
WiLs

WiHs

) +
d log

(
Rhp

is

Rlp
is

)
d log

(
WiLs

WiHs

) .
Remember that:

W p
is =

[
µp
is W

1−ρ
iHs + (1− µp

is)W
1−ρ
iLs

] 1
1−ρ

, p ∈ {hp, lp}.

θpL,is ≡
∂ logW p

is

∂ logWiLs

=
(1− µp

is)W
1−ρ
iLs

µp
isW

1−ρ
iHs + (1− µp

is)W
1−ρ
iLs

∈ (0, 1).

Assume WiHs fixed, then d log
(

WiLs

WiHs

)
= d logWiLs, and so:

d logW p
is

d log
(

WiLs

WiHs

) = θpL,is,
d log

(
Whp

is

W lp
is

)
d log

(
WiLs

WiHs

) = θhpL,is − θlpL,is.

Without mark-ups and with a common total labor share, all the other intermediate
prices that influence the price of the firm are equal, and so we have:

Rlp
is = λiisEis =

(plpiis)
1−σs

P 1−σs
is

Eis =

(
1

T lp
is

(
W lp

is

)αis∏
k

Pαiks
ik

)1−σs

Eis

P 1−σs
is

Rhp
is =

∑
j

λijsEijs =
∑
j

(phpijs)
1−σs

P 1−σs
is

Ejs =
∑
j

(
τijs

T hp
is

(
W hp

is

)αis∏
k

Pαiks
ik

)1−σs

Ejs

P 1−σs
js
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Then note that:

Rlp
is

Rhp
is

=

(
W lp

is

W hp
is

)αis(1−σs)

[(
1

T
lp
is

∏
k P

αiks
ik

)1−σs
Eis

P 1−σs
is

]
[∑

j

(
τijs

T
lp
is

∏
k P

αiks
ik

)1−σs Ejs

P 1−σs
js

]
Calling the last ratio the GE effects, define

Gis ≡

[(
1

T lp
is

∏
k P

αiks
ik

)1−σs
Eis

P 1−σs
is

]
[∑

j

(
τijs

Thp
is

∏
k P

αiks
ik

)1−σs Ejs

P 1−σs
js

] .
Then your revenue ratio can be written compactly as

Rlp
is

Rhp
is

=

(
W lp

is

W hp
is

)αis(1−σs)

Gis, ⇒ Rhp
is

Rlp
is

=

(
W hp

is

W lp
is

)αis(1−σs)

G−1
is .

Taking logs,

log

(
Rhp

is

Rlp
is

)
= αis(1− σs) log

(
W hp

is

W lp
is

)
− log Gis.

Differentiating w.r.t. log
(

WiLs

WiHs

)
yields

d log
(

Rhp
is

Rlp
is

)
d log

(
WiLs

WiHs

) = αis(1− σs)
d log

(
Whp

is

W lp
is

)
d log

(
WiLs

WiHs

) − d log Gis

d log
(

WiLs

WiHs

) .
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Substituting this into

d log Ωis

d log
(

WiLs

WiHs

) = (ρ− 1)
d log

(
Whp

is

W lp
is

)
d log

(
WiLs

WiHs

) +
d log

(
Rhp

is

Rlp
is

)
d log

(
WiLs

WiHs

) ,
we obtain

d log Ωis

d log
(

WiLs

WiHs

) =
[
(ρ− 1) + αis(1− σs)

] d log(Whp
is

W lp
is

)
d log

(
WiLs

WiHs

) − d log Gis

d log
(

WiLs

WiHs

) .
Using

d log
(

Whp
is

W lp
is

)
d log

(
WiLs

WiHs

) = θhpL,is − θlpL,is,

this becomes

d log Ωis

d log
(

WiLs

WiHs

) =
[
(ρ− 1) + αis(1− σs)

] (
θhpL,is − θlpL,is

)
− d log Gis

d log
(

WiLs

WiHs

) .
Finally, substituting into the aggregate elasticity expression

εaggis = ρ+
(Ais −Bis)

Bis + (Ais −Bis)s
hp
is

· shpis (1− shpis )︸ ︷︷ ︸
>0

· d log Ωis

d log
(

WiLs

WiHs

) ,
we obtain

εaggis = ρ+
(Ais −Bis)

Bis + (Ais −Bis)s
hp
is

· shpis (1− shpis )︸ ︷︷ ︸
>0

×

{[
(ρ− 1) + αis(1− σs)

] (
θhpL,is − θlpL,is

)
− d log Gis

d log
(

WiLs

WiHs

)}.
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Assuming that the trade-elasticity term dominates the within-firm substitution term, i.e.

αis(σs − 1) > (ρ− 1) ⇐⇒ (ρ− 1) + αis(1− σs) < 0,

and recalling that low-productivity firms are more unskilled-intensive,

θlpL,is > θhpL,is =⇒ θhpL,is − θlpL,is < 0,

it follows (ignoring the GE term) that

d log Ωis

d log
(

WiLs

WiHs

) ≈
[
(ρ− 1) + αis(1− σs)

] (
θhpL,is − θlpL,is

)
> 0.

And so the aggregate elasticity of substitution between types of workers is higher than ρ:
ϵaggis > ρ.

εaggis ≈ ρ+
(Ais −Bis)

Bis + (Ais −Bis)s
hp
is

· shpis (1− shpis )︸ ︷︷ ︸
>0

·
[
(ρ− 1) + αis(1− σs)

]
︸ ︷︷ ︸

<0

(
θhpL,is − θlpL,is

)
︸ ︷︷ ︸

<0

For high values of κ, the second term is small.
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