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Abstract

What are the welfare implications of trade shocks? Theoretically, we provide a suffi-

cient statistic that measures changes in welfare (to a first-order approximation) for the set

of workers who start within a region, taking into account adjustment in frictional unem-

ployment, labor force participation, the sectors to which workers apply for jobs, and the

regions in which workers choose to live. Our theory is flexible; for instance, it allows for

arbitrary heterogeneity in worker productivity and non-pecuniary returns (amenities)

across unemployment, labor force non-participation, sectors, and regions. Empirically,

we apply these insights to measure changes in welfare between 2000-2007 across work-

ers who start in different commuting zones (CZs) in the U.S. in the year 2000. Finally,

we identify the differential impact across CZs of a particular trade shock: granting China

permanent normal trade relations.
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1 Introduction

Recent empirical work has identified substantial differential effects of international trade
shocks (across, e.g., regions) on a broad set of labor-market adjustment margins, among
them wages, labor force participation, unemployment, and labor allocations across sectors
and regions. In response, a growing theoretical literature has emerged, with the objective of
combining some of these empirical results and particular models to understand the welfare
implications of international trade shocks.

To make progress, much of this theoretical literature has made four assumptions. First,
it has imposed strong functional form restrictions, assuming—among other things—that
worker preferences or productivities follow a particularly tractable distribution and that
production functions are common across regions and sectors and take a simple parametric
form. Second, it has typically incorporated a small subset of the adjustment margins that
have featured prominently in the empirical analyses motivating it. Third, it has imposed
particular assumptions on the economic environment (e.g., the strength and spatial nature
of agglomeration, unemployment caused by wage rigidity or search and matching, etc.) that
shape the response of each margin of adjustment to trade shocks. Fourth, it has measured
changes in welfare using an approach that is not invariant to monotonic transformations of
individuals’ utility functions.

Our contribution is to revisit the results of the empirical literature, combining theory and
data to identify the differential effect of a trade shock on welfare, rather than on various mar-
gins of adjustment. Unlike the existing theoretical literature, we measure welfare without
imposing these strong restrictions.1 We separate our approach into three steps.

First, we use theory to provide a sufficient statistic for changes in welfare for a set of
agents, to a first-order approximation. Our approach does not impose strong functional
forms, incorporates a broad range of adjustment margins the empirical literature has empha-
sized, allows for arbitrary changes in wages and unemployment probabilities, and measures
welfare using a money metric that is invariant to monotonic transformations of individuals’
utility functions (subject to risk neutrality). Second, we implement this theoretical approach
using U.S. data, measuring welfare changes between the years 2000 and 2007 for the sets of
workers initially living in each commuting zone (CZ) in the year 2000, regardless of where
they live thereafter. To this point, our approach recovers changes in welfare for each group,
but these changes are unconditional in the sense that they depend on all shocks to the eco-
nomic environment. Third and finally, we identify the impact of a particular international
trade shock—granting China permanent normal trade relations—on differential changes in

1We do so at the cost of not providing an answer for the “missing intercept” problem, in the sense that
whereas we measure changes in welfare in each region, we only estimate the impact of a trade shock on
relative welfare changes across regions.

Page 1



welfare across U.S. CZs using the same research design as in the reduced-form empirical
literature, but replacing the change in a particular margin of adjustment with our sufficient
statistic for the change in welfare.

We present our theoretical framework and results in Section 2. In our model, each agent
chooses the region in which to live and the sector to apply for work—across all sectors in
the labor force as well as home production (i.e., labor force non-participation)—to maxi-
mize expected utility. Agents who choose to participate in the labor force face a lottery
over their employment status, the outcome of which is either obtaining employment in the
sector to which they apply or becoming unemployed. Each agent is characterized by an
arbitrary vector of productivities (one for each region-job pair, where the set of “jobs” in-
clude non-participation, unemployment, and each sector of employment) that shapes the
agent’s pecuniary return and a vector of amenity values (one for each region-job pair) that
shapes the agent’s non-pecuniary return.2 Each region-job pair is characterized by a wage
per efficiency unit that determines worker wages (together with worker productivity) and
an employment probability that determines the likelihood that the agent will successfully
obtain employment in the region-job to which he applies. We do not impose structure on
the determination of goods prices, wages per efficiency unit, or employment probabilities;
instead, we simply treat their changes as exogenous from the perspective of workers.

We derive a measure of the change in welfare, to a first-order approximation, for work-
ers initially living in a particular region, r, in response to shocks to regional price indices in
all regions and changes in wages per efficiency unit, productivity, and employment proba-
bilities in every region-job pair. Our measure of welfare is the sum of equivalent variation
across agents initially living in region r (before the realization of unemployment lotteries in
the initial equilibrium) relative to the sum of their expected initial incomes.3

Our approach leverages envelope conditions where they apply: changes in labor allo-
cations across regions, sectors, and labor force participation have no first-order effects on
welfare. At fixed unemployment rates, welfare of workers starting in region r depends on
changes in real productivity-adjusted wages per efficiency unit within each job in region
r, weighted by the share of initial income of this region earned within each job. However,
because agents do not choose to become unemployed, no envelope condition applies to
changes in the probability of unemployment. The elasticity of welfare with respect to the
probability of unemployment has two components: a pecuniary component arising from

2Heterogeneity in worker productivity across jobs is at the heart of a substantial literature in labor and
international trade; see, e.g., Roy (1951) and Ricardo’s theory of comparative advantage. Heterogeneity in
worker preferences across jobs is crucially important for explaining the wage distribution; see, e.g., Heckman
and Sedlacek (1985) in labor and Dix-Carneiro (2014) in international trade.

3Throughout, we refer to equivalent variation. However, equivalent and compensating variation are iden-
tical to a first-order approximation, so either term applies to our analysis.
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the agent-specific loss in income associated with unemployment and a non-pecuniary com-
ponent arising from the agent-specific gap between the amenity value of employment in the
sector to which the agent applies and of unemployment.4

In Section 3 we measure welfare changes over the years 2000 to 2007 for the set of work-
ers initially living in each U.S. CZ in the year 2000. Measurement requires constructing a set
of initial equilibrium shares and a set of shocks to the economic environment. We require
the share of income workers in each CZ initially earn within each sector (including non-
employment and each 6-digit NAICS industry) and within unemployment. For employ-
ment, we use the Longitudinal Business Database to measure labor income by CZ-sector.
For unemployment, we construct state-specific unemployment replacement rates from the
Department of Labor. For labor force non-participation, we combine data from the time use
of non-market workers on non-market work from the American Heritage Time Use Study
with state-level wage income in the private household sector (which proxies for non-market
work).

We must also measure the shocks to the economic environment. We measure changes
in regional price indices at the state level using data from Hazell et al. (2022). We use two
approaches to measure the non-pecuniary (amenity) cost of being unemployed (the util-
ity cost of being unemployed over-and-above the welfare effect of lost income). In our
baseline, we set this to zero. In robustness, we instead match this parameter to evidence
from a literature that calculates the amount of income necessary to compensate an individ-
ual for the change in self-reported, survey-based well-being associated with the loss of a
job. Finally, we must measure the changes in productivity-adjusted wages per efficiency
unit within each CZ-sector pair. Whereas changes in labor allocations across regions, sec-
tors, and labor force participation have no first-order effects on welfare for given observed
changes in wages per efficiency unit, changes in labor allocations do affect the measure-
ment of changes in productivity-adjusted wages per efficiency unit. For example, changes
in productivity-adjusted wages per efficiency unit cannot be measured using changes in av-
erage wages of workers employed in a region-job because average wages depend on both
wages per efficiency units and the selection of workers into regions and jobs based on their
efficiency units. To measure changes in productivity-adjusted wages per efficiency unit, we
hold worker composition fixed, using a sample of workers who are employed in a com-
mon CZ-sector pair over time, leveraging worker-level panel data from the Longitudinal
Employer-Household Dynamics program.

Finally, in Section 4 we conclude our analysis by revisiting the substantial empirical liter-

4If in practice an agent who is not participating in the labor force is not choosing non-participation—that
is, if he is off his labor supply curve—then such an agent should be considered unemployed within our model.
In empirical robustness, we consider this alternative mapping between model and data.
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ature on local effects of trade shocks, replacing the literature’s various dependent variables
(changes in separate margins of adjustment) with our measured sufficient statistic for wel-
fare changes. We focus on one particular change in U.S. trade policy, which eliminated
potential tariff increases on Chinese imports: the granting of Permanent Normal Trade Re-
lations (PNTR) to China, which passed Congress in 2000 and became effective upon China’s
accession to the World Trade Organization (WTO) in 2001, as studied in Pierce and Schott
(2016) and Handley and Limão (2017). As shown in Pierce and Schott (2016), this policy
led to a relative decline in U.S. employment in relatively exposed industries (those with a
larger reduction in trade policy uncertainty). To identify the impact of CZ-specific exposure
to granting China PNTR, we aggregate Pierce and Schott’s sector-level measure of exposure,
as defined in 1990, up to the CZ level using CZ-sector weights, taking an approach that
avoids what Borusyak et al. (2022) refer to as “incomplete shares."

Using a standard differences-in-differences empirical framework, we project CZ-level
welfare changes on CZ-specific exposure to granting China PNTR. In our baseline specifica-
tion, we find that a CZ at the 90th percentile of exposure experiences a 1.9% smaller welfare
increase compared to a CZ at the 10th percentile of exposure. Most of this effect is driven
by changes in productivity-adjusted wages per efficiency unit rather than by changes in the
likelihood of unemployment. Incorporating non-pecuniary costs of unemployment (from
which we abstract in our baseline measurement) alters this conclusion in the expected direc-
tion. In robustness, we show that doing so increases the magnitude of our estimate, going
from a 1.9% smaller welfare increase to a 2.3% smaller welfare increase in the CZ at the
90th percentile of exposure than at the 10th. We also show that incorporating regional price
indices is important for quantifying welfare changes. If we instead use a national price defla-
tor, this increases our estimated differential impact of granting China PNTR. The intuition is
straightforward: in practice, a region receiving a relatively negative trade shock experiences
a relative decline in local prices, which partially offsets the direct negative effects of the trade
shock on wages and unemployment. Finally, we document that alternative approaches to
measuring welfare yield different implications of granting China PNTR.

We interpret our estimates as the causal effect of granting China PNTR. To strengthen
this interpretation, we provide evidence that our baseline results do not reflect a continua-
tion of differential pre-existing trends. This result is consistent with the evidence in Pierce
and Schott (2016) that sectors that are more exposed to granting China PNTR do not experi-
ence employment losses before China’s accession into the WTO. We also show that omitted
contemporaneous shocks are likely not driving our results by documenting that our coeffi-
cient estimates are quite stable as we progressively add additional controls.

Literature. Our paper is motivated by and builds on a large and growing empirical liter-
ature studying the impact of international trade (and other) shocks on local labor market
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inequality across a range of margins of adjustment; in the trade literature, see, e.g., Topalova
(2010), Kovak (2013), Autor et al. (2013), Autor et al. (2015), Dix-Carneiro and Kovak (2017),
McCaig and Pavcnik (2018), and Dix-Carneiro and Kovak (2019). Our objective is to repli-
cate the research design developed in this literature, but use it to identify the relative welfare
implications of a particular trade shock, by combining theory and data.

Our approach is most related to a trade literature inspired by Porto (2006)—see, e.g.,
Atkin et al. (2018) and Borusyak and Jaravel (2021)—that similarly calculates the group-
specific equivalent variation of a trade shock under minimal functional form restrictions
using a first-order approximation.5 This literature emphasizes envelope conditions and fo-
cuses on distributional changes in welfare induced by differential changes in consumer price
indices. We similarly leverage envelope conditions, applied to both the consumption side
and labor market adjustment, incorporating a broad range of adjustment margins and the
fact that unemployed workers are not on their labor supply curves, so envelope conditions
do not apply to changes in unemployment rates. Moreover, we show that even where en-
velope conditions apply and labor-market reallocation (across jobs and regions) is optimal,
changes in labor allocations do affect the measurement of welfare.

The particular trade shock on which we focus in our application builds on the industry-
level shock introduced and studied in Pierce and Schott (2016) and Handley and Limão
(2017), as briefly described above and expanded upon in Section 4. Pierce et al. (2024) study
the effect of this shock on sectoral and regional wages whereas we focus on welfare.6

A growing theoretical and quantitative trade literature uses discrete choice models to
study the impact of trade on wage inequality and welfare either at the national level—see,
e.g., Burstein et al. (2019) and Lee (2019)—or across local labor markets—see, e.g., Adão
(2015). Into this environment, Caliendo et al. (2018) and Adão et al. (Forthcoming) introduce
a labor-leisure choice and Kim and Vogel (2021), Galle et al. (2023), and Rodriguez-Clare
et al. (Forthcoming) additionally introduce frictional unemployment. Our approach dis-
penses with the functional form restrictions imposed in this literature. Moreover, we mea-
sure welfare using equivalent variation, which is cardinal and directly comparable across
agents, avoiding the dependence on arbitrary cardinalizations of utility that arises in other
approaches; see, e.g., the discussion in Donald et al. (2025).

5Our sufficient statistic approach also builds on the literature in public finance trying to isolate robust
insights for welfare analysis across models—see, e.g., Chetty (2009)—which has been popularized in the trade
literature by Arkolakis et al. (2012).

6An input into our welfare is changes in productivity-adjusted wages per efficiency unit. Our measurement
of these at the CZ-sector level is related to, but distinct from the outcome variable in Pierce et al. (2024), which
is the change in wage income of workers who start in a given CZ-sector pair. Nevertheless, we show that
one of their empirical results—that changes in wage income are predicted by regional exposure to the shock
rather than by direct sectoral exposure to the shock—applies to our measure of productivity-adjusted wages
per efficiency unit as well.

Page 5



Papers in this literature make different assumptions on the equilibrium determination of
wages and employment, with Adão et al. (Forthcoming) incorporating agglomeration, Kim
and Vogel (2021) and Galle et al. (2023) incorporating search-and-matching, and Rodriguez-
Clare et al. (Forthcoming) incorporating downward wage rigidity. Our approach is consis-
tent with each of these assumptions. Hence, our approach to measuring differential welfare
effects of PNTR nests these mechanisms. Of course, our approach is not without cost. First,
we cannot answer questions about counterfactual shocks; instead, our approach allows for
measuring only observed changes in welfare. Second, whereas we measure changes in wel-
fare for each region, we only estimate the differential impact of granting China PNTR across
regions, rather than the level of these welfare effects.7

Our paper’s objective is related to a macroeconomics literature providing better mea-
sures of economic welfare than GDP. Relative to this literature, we focus on changes in
welfare (rather than levels), which allows us to generalize the underlying frameworks to
incorporate arbitrary heterogeneity across agents, multiple sectors, multiple regions, and
frictional unemployment (amongst others). At the same time, we abstract from changes in
life expectancy, which play an important role in cross-country comparisons of welfare levels;
see, e.g., Jones and Klenow (2016).

2 A theory of measurement

2.1 Model

There is a continuum of risk-neutral agents, denoted by ω ∈ Ω. Each agent chooses in
which region r ∈ {1, ..., R} to live and in which sector s ∈ {0, ..., S} to apply for work, where
s = 0 indicates the home production sector (labor force non-participation) and all other
s ∈ {1, ..., S} involve participating in the labor force.8 An agent who chooses an (r, s) pair
with s ∈ {1, ..., S} lives in region r and enters a lottery in which he is employed in s with
probability Ers ∈ [0, 1] and is unemployed otherwise. An agent who does not participate
in the labor force (choosing s = 0) does not become unemployed: Er0 = 1. We denote by
J ≡ {u, 0, 1, ..., S} the set of all possible “jobs,” where this set includes unemployment.

An agent ω is characterized by an exogenous vector of productivities that shape his pe-
cuniary reward to being in each region-job pair (r, j) and a vector of exogenous amenity
values or compensating differentials that shape his non-pecuniary reward to being in each

7We assume away dynamic decisions for workers themselves, unlike Caliendo et al. (2018). However,
unlike that paper and the related literature, we allow for the existence of dynamically optimizing firm and
capital owners whose decisions shape worker welfare dynamically.

8In general, s could refer to firms, industries, occupations, ..., or their intersection. Given our empirical
application, we refer to s as a sector throughout.
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pair (r, j). We denote by εω
rj ≥ 0 the productivity or efficiency units of agent ω if in (r, j) and

by ηω
rj the amenity value experienced by agent ω if in (r, j).

If agent ω is in (r, j), his nominal income is given by εω
rjw̃rj, where w̃rj denotes the income

per efficiency unit for all agents in (r, j). We assume that this structure describes employ-
ment within sectors, non-participation (in which case agents operate a home-production
technology), and unemployment (this assumption is consistent with agents in r all earning
the same amount in unemployment, or not). Agents have common homothetic preferences
across goods. Agent ω in (r, j) obtains

Cω
rj = εω

rjw̃rj/Pr

units of real consumption, where Pr is the price index facing all agents living in r.9 Non-
pecuniary benefits of being in (r, j) are additively separable from real consumption. The
utility of agent ω in (r, j) who consumes Cω

rj units of the final good is given by

Uω
rj = Cω

rj + ηω
rj

The previous expression contains a key assumption we impose throughout: agents are risk
neutral over lotteries offering combinations of real consumption and amenities.10 Finally,
expected utility for agent ω if choosing (r, s) is

E[Uω(r, s)] = ErsUω
rs + (1 − Ers)Uω

ru

Each agent ω knows εω
rj, ηω

rj , and w̃rj in each (r, j) as well as Ers in each (r, s) and chooses
the (r, s) pair that maximizes his expected utility. Denote by

X ω ≡
{
(r, s)|(r, s) ∈ arg max

r′,s′
{E[Uω(r′, s′)]}

}
the set of agent ω’s expected utility maximizing choices and by

E[Uω] ≡ E[Uω(r, s)|(r, s) ∈ X ω] = max
r′,s′

{E[Uω(r′, s′)]}

her expected utility if applying to any optimizing pair (r, s) ∈ X ω. Finally, given agent ω’s

9Our theoretical results apply when productivity-adjusted wages per efficiency unit, probabilities of suc-
cessful employment, and price indices are allowed to vary across workers with different observable character-
istics (e.g., education, sex, etc.). We choose to omit this extra layer of notation given that we do not take this
approach in our application.

10However, because we impose no structure on non-pecuniary benefits, it is without loss of generality to
allow individuals to place different weights on real consumption relative to these non-pecuniary benefits.
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particular optimizing choice (r, s) ∈ X ω, his expected real income is given by

E[RIω] = ErsCω
rs + (1 − Ers)Cω

ru

where this real income may vary across choices in X ω, unlike expected utility.

2.2 Welfare changes for agents initially in a given region

Start from an initial equilibrium in which the set of agents living in region r is denoted by
Ωr ⊆ Ω and the set of agents living in region r and applying to sector s is denoted by
Ωrs ⊆ Ωr.11 We consider the welfare implications, to a first-order approximation, for the
set of agents who choose to live in region r in an initial equilibrium, Ωr, in response to the
following shocks: (i) changes in incomes per efficiency unit, wkj, across all regions k and jobs
j; (ii) changes in probabilities of successfully finding employment, Eks, across all regions k
and sectors s ≥ 1; (iii) changes in price indices, Pk, across all regions k; and (iv) changes
in productivity, εks, across all regions k and sectors s ≥ 1.12 Agents treat these shocks as
exogenous.

To measure welfare, we use equivalent variation. Equivalent variation for agent ω, Yω,
is the real transfer received under the parameter values in the initial equilibrium (and before
the realization of unemployment lotteries in the initial equilibrium) at which agent ω is
indifferent, in expectation, between the initial and terminal parameter values.

Our measure of regional welfare is the sum of equivalent variation across agents in Ωr

relative to the sum of their real income in the initial equilibrium,13

EVr ≡
ˆ

ω∈Ωr

Yω

RIr
dω

where RIr ≡
´

ω∈Ωr
E[RIω]dω is the sum of expected real income across all agents in Ωr

given their choices in the initial equilibrium. We refer to EVr as the change in welfare for
region r. Throughout, EVr should be interpreted as the the percentage change in money-
metric welfare between two years for workers who live in CZ r in the initial year, regardless
of where they live or work in the terminal year. Because utility is quasi-linear in consump-
tion and we measure welfare in money units, our EV-based welfare measure is cardinal and
directly comparable across agents, avoiding the dependence on arbitrary cardinalizations of

11The initial allocation of agents is an equilibrium only in the sense that each agent ω ∈ Ω is choosing a
region and sector to maximize his expected utility given initial parameter values.

12Each agent ω is associated with a value of εω
rs for each rs. We consider a change over time in this produc-

tivity, εrs, that is common across agents within each rs pair.
13With a continuum of agents, expected real income summed across all ω ∈ Ωr equals realized real income.
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utility that arises in other approaches.
In what follows, we consider the case in which the set of agents living in region r and

applying to sector s is continuous in the shocks in a neighborhood around the initial equilib-
rium. Formally, we assume |X ω| = 1 for almost all ω ∈ Ωr. Welfare can then be expressed
as the sum of four components

EVr ≡
S

∑
s=0

RIe
rs

RIr
d log

(
wrs

Pr

)
+

RIu
r

RIr
d log

(
wru

Pr

)

+
S

∑
s=1

RIe
rs − Ers

1−Ers
RIu

rs

RIr
d log Ers +

S

∑
s=1

ηe
rs − Ers

1−Ers
ηu

rs

RIr
d log Ers (1)

where d log wrs ≡ d log w̃rs + d log εrs is the combination of changes in wages per efficiency
unit and changes in productivity (productivity-adjusted wages per efficiency unit); RIe

rs ≡
Ers
´

Ωrs
Cω

rsdω is total real income earned in employment among those who applied to (r, s)
in the initial equilibrium, RIu

rs ≡ (1 − Ers)
´

Ωrs
Cω

rudω is total real income earned in unem-
ployment among those who applied to (r, s) in the initial equilibrium, RIu

r ≡ ∑S
s=1 RIu

rs is
total real income earned in unemployment among those in region r in the initial equilib-
rium, ηe

rs ≡ Ers
´

Ωrs
ηω

rsdω is total non-pecuniary benefits summed across employed agents
who applied to (r, s) in the initial equilibrium, and ηu

rs ≡ (1 − Ers)
´

Ωrs
ηω

rudω is total non-
pecuniary benefits summed across unemployed agents who applied to (r, s) in the initial
equilibrium. The first term on the right-hand side of (1) corresponds to the change in wel-
fare induced by changes in productivity-adjusted wages per efficiency unit within sectors,
s = {0, ..., S}, weighted by the initial share of real income earned within each sector. The
second term corresponds to the change in welfare induced by changes in the real wage per
efficiency unit within unemployment weighted by the initial share of real income earned
within unemployment. The third and fourth terms correspond to the change in welfare
induced by changes in employment probabilities, where the third term measures changes
associated with the pecuniary, real consumption losses from unemployment and the fourth
term measures changes associated with the non-pecuniary costs of unemployment.

Intuition. To understand equation (1) and its implications for measurement, it is useful
to start from a simpler framework that abstracts from all margins of adjustment and then
build back up to our baseline framework, step by step. First, consider a framework in which
agents are identical, cannot choose where to live, there is a single sector, and there is no
unemployment. In this case, we obtain the standard result that the change in welfare of
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workers in region r equals the log change in real income for all agents in region r,

EVr = d log
(

wr

Pr

)
In this calculation, the change in the regional real wage per efficiency unit wr/Pr could be
measured as the average change in real wage income across all workers in r, without concern
for changes in the composition of these workers, since workers are not changing their region
or sector. Second, additionally incorporate agent choice over region-sector pairs subject to
worker-region-sector-specific productivities and amenities. Then

EVr =
S

∑
s=0

RIe
rs

RIr
d log

(
wrs

Pr

)
Since there is no unemployment, in this case RIe

rs is both the earnings within employment of
those who applied to (r, s) and their total earnings; for the same reason, RIr is the sum across
s ≥ 0 of RIe

rs, as there is no unemployment income. In spite of agents choosing (r, s) pairs,
there is no additional term in welfare associated with changes in agent choices. This re-
sult follows from the combination of an envelope condition (which implies that agents who
switch their choices are initially indifferent between choices) and the assumption that the
measure of switchers is zero. This combination implies that the change in welfare associated
with switching optimal choices is of second order. This envelope condition logic applies to
welfare but not to earnings, since earnings are not necessarily equated across choices be-
tween which an agent is initially indifferent. Hence, changes in average wages among the
employed within (r, s) over time do not measure changes in wages per efficiency unit, wrs,
unlike in the simpler model.

Third, additionally incorporate unemployment, but assume that unemployment proba-
bilities are fixed. In this case,

EVr =
S

∑
s=0

RIe
rs

RIr
d log

(
wrs

Pr

)
+

RIu
r

RIr
d log

(
wru

Pr

)
which is equivalent to the first two terms in equation (1). Relative to the simpler model
above, total real income RIr depends on incomes earned within sectors and unemployment
and RIe

rs now differs from the real income earned by those who apply to (r, s). Moreover,
the second term is incorporated because agents who apply to (r, s) for s ≥ 1 may become
unemployed, so changes in real income within unemployment must be included and must
be weighted symmetrically to any other job.

Finally, additionally incorporate changes in the probability of employment. In this case,
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we obtain equation (1), the third and fourth terms of which represent changes in expected
total real income and compensating differentials, respectively, induced by changes in the
probability of successfully finding employment, evaluated at the initial pecuniary and non-
pecuniary costs of unemployment. The reason RIu

rs is multiplied by Ers/(1− Ers) in the third
term is to construct the difference between real income for all agents who applied to (r, s) if
they were all employed and if they were all unemployed (all multiplied by the probability
of employment) in the initial equilibrium. The same applies to ηu

rs in the fourth term.
The third and fourth terms appear in welfare, but corresponding terms associated with

changing probabilities of workers applying to different region-sector pairs do not, because
an envelope condition applies to optimal choices of (r, s). Hence, any change in the non-
pecuniary component of welfare associated with switches across (r, s) pairs must exactly
cancel out with changes in the corresponding pecuniary component. No equivalent enve-
lope condition applies to unemployment because agents do not choose to become unem-
ployed.

Discussion. Two points about our welfare measure, EVr, are worth emphasizing. First, EVr

captures changes in welfare for a fixed set of agents over time. It is the percentage change
in money-metric welfare between two years for workers who live in CZ r in the initial year,
regardless of where they live or work in the terminal year. This is distinct from measuring
changes in welfare across cohorts born into CZ r over time. For instance, if worker produc-
tivity rises with age, our measure of EVr will capture this as an increase in worker welfare.
But this increase in worker welfare does not imply that new cohorts born into CZ r are better
off than previous cohorts. We view this as a desirable feature of EVr, not a limitation.

Second, in a dynamic environment, well-being depends on wages, productivities, unem-
ployment probabilities, and prices in the present and future periods. In this respect, EVr

captures a static measure of welfare. We impose this restriction throughout.

3 Measuring welfare changes

In Section 3.1 we impose additional restrictions on our framework that facilitate measure-
ment. In Section 3.2 we describe how we measure EVr given these restrictions. We define
U.S. regions as mainland commuting zones (CZs) and we define jobs as the union of labor
force non-participation, unemployment, and 6-digit NAICS codes. In Section 3.3 we provide
results on the unconditional distribution of welfare changes across U.S. CZs over the period
2000-2007.
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3.1 Restrictions and their implications

We impose two restrictions. First, we assume that region-sector-specific unemployment
rates are common across sectors, varying only across regions, so that Ers = Er. We make
this assumption because there is no dataset with an unemployment rate that is specific to
the sector to which an agent applies.14

Second, we assume that the average compensating differential associated with success-
ful employment in sector s among the applicants to (r, s) in the initial equilibrium, de-
noted by ηrs ≡ 1

|Ωrs|
´

Ωrs
ηω

rsdω, minus the average compensating differential associated
with unemployment among the applicants to (r, s) in the initial equilibrium, denoted by
ηru|s ≡ 1

|Ωrs|
´

Ωrs
ηω

rudω, is common across sectors s within region r: η̃r ≡ ηrs − ηru|s. We
make this assumption because of a lack of data on variation in non-pecuniary costs of un-
employment across workers who apply to different sectors.

These restrictions simplify the measurement of welfare changes for agents who are ini-
tially in region r. In particular, we obtain

EVr = ∑
j∈J

Irj

Ir
d log

(
wrj

Pr

)
︸ ︷︷ ︸

real wage

+ (1 + ηr)
Ie
r

Ir

[
1 − Iu

r

Ie
r

]
d log Er︸ ︷︷ ︸

unemployment

(2)

where the summation in the first term on the right-hand side of equation (2) is taken across
all jobs (recall that jobs include each sector of employment, out of the labor force, and unem-
ployment). In equation (2), Irj denotes the total income of agents in region r who are in job j;
Ie
r ≡ ∑S

s=1 Irj is the total wage income earned by the employed; Ir ≡ ∑j Irj is the total income
across all jobs; and Ie

r and Iu
r are the average incomes of the employed and the unemployed,

so that Iu
r /Ie

r is a measure of the unemployment replacement rate. Finally ηr ≡ η̃r
/ (

Ie
r − Iu

r

)
is the average non-pecuniary welfare loss of unemployment, η̃r, relative to the average pe-
cuniary welfare loss of unemployment, Ie

r − Iu
r ; this represents a transformation of the util-

ity cost of unemployment (via compensating differentials) into its corresponding nominal
value. Each of these variables is measured in the initial period.

The first term on the right-hand of (2) represents the component of welfare associated
with changes in productivity-adjusted real wages per efficiency unit; for compactness, we
refer to this as the real wage component. The weight on a particular job in this component
of equation (2) is the share of total region-level income that is earned within that job in the
initial period. This term coincides with the first two terms in equation (1). The second term
on the right-hand side of equation (2) represents the combination of the pecuniary and non-

14As described in the theory section, we can easily relax this assumption (and other related assumptions),
e.g., allowing unemployment rates to vary not only across regions, but also across worker observables.
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pecuniary components of changes in welfare associated with changes in the probability of
successfully obtaining employment. In this term, 1 − Iu

r /Ie
r represents the average percent

loss in income associated with unemployment in the initial period; and 1+ ηr magnifies this
income loss to incorporate potential non-pecuniary losses associated with unemployment.
This term coincides with the final two terms in equation (1).

Equation (2) can be used to measure changes in welfare between two arbitrary time peri-
ods for the set of agents choosing to live in region r in the initial period, wherever they live
in the terminal period.

3.2 Data

In this section we briefly describe how we measure each term in equation (2). Additional de-
tails are provided in the Online Appendix. We define regions as mainland commuting zones
(CZs) and we define sectors as the union of 6-digit 1997 NAICS codes and labor force non-
participation. In our benchmark exercises we study the period 2000-2007. We also measure
changes in welfare over a pre-period for placebo analyses, but focus on describing measure-
ment over the benchmark period below.

Basic elements: We measure region-specific inflation, d log Pr, using state-level CPI data
from Hazell et al. (2022). We use the national Consumer Price Index for all CZs in states
without state-level CPI data. In robustness, we apply the national CPI for all CZs. We
measure the employment rate, Er, as the ratio of the employed population relative to the
labor force (one minus the unemployment rate) using the 2000 census and the combined
2006, 2007, and 2008 1% American Community Survey samples.

We use the Longitudinal Business Database (LBD) to measure the total income of agents
in region r who are successfully employed within each sector s, Irs for s = {1, ..., S}; given
these values, we solve for the total income of the employed, Ie

r . We construct unemployment
income, Iu

r , by combining Ie
r with the state-specific unemployment replacement rate from

the Department of Labor and the ratio of unemployed to employed workers from the 2000
census. We construct the income of agents not in the labor force, Ir0, by combining Ie

r with
a state-specific home production replacement rate (constructed from time use data from the
American Heritage Time Use Study and wage data from the 2000 census) and the ratio of
non-participants to employed workers from the 2000 census. We construct total income Ir as
the sum of Ir0, Ie

r , and Iu
r .

This leaves two remaining terms in equation (2): the non-pecuniary relative to the pecu-
niary cost of unemployment, ηr, and changes in productivity-adjusted wages per efficiency
unit, d log wrj = d log w̃rj + d log εrj, in each region-job pair.

The non-pecuniary cost of unemployment (ηr). Measuring ηr is difficult, as it reflects non-
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pecuniary costs that cannot be recovered easily from agent choices given that agents do not
choose to be unemployed. In our baseline, we set ηr = 0, assuming that workers are indif-
ferent between unemployment and employment, conditional on income. This is a strong as-
sumption that is at odds with introspection and a vast literature—cutting across economics,
psychology, and marketing (among others)—that calculates the amount of income necessary
to compensate an individual for the change in self-reported well-being associated with the
loss of his job; see, e.g., Winkelmann and Winkelmann (1998) and Blanchflower and Oswald
(2004).

In an alternative approach, we parametrize ηr to evidence in Knabe and Ratzel (2011).
Their estimate provides a lower bound on the relative importance of the non-pecuniary
component within this literature.15 They find that the transfer required to maintain well
being after entering unemployment is approximately three times the income loss associated
with unemployment. In our framework, this translates into a value of ηr = 2, so that the
sum of the pecuniary and non-pecuniary costs of unemployment are three-times larger than
the pecuniary costs alone. We use this value for all r in robustness.

Changes in productivity-adjusted wages per efficiency unit (d log wrj). Measuring d log wrs

is also difficult. Productivity-adjusted wages per efficiency unit are not observed directly.
The observed average wage within a region-sector-period depends both on the productivity-
adjusted wage per efficiency unit and worker composition (the average value of εω

rs across
workers employed within rs in period t).16

To address these issues, we measure d log wrs by leveraging panel data on individual
earnings, which allows us to hold worker composition fixed. We take this approach using
the Longitudinal Employer-Household Dynamics (LEHD) data, a restricted-use dataset con-
structed by the U.S. Census Bureau from quarterly earnings records submitted by employers
to state unemployment insurance (UI) systems. The core LEHD data contain total quarterly
earnings for each worker-employer pair, along with basic worker and establishment char-
acteristics such as industry and geographic location. Coverage includes approximately 95%
of private-sector employment and most state and local government workers, but excludes
federal employees, military personnel, and the self-employed.

We construct a sample of workers from the LEHD who are employed in region r and sec-
tor s in both the initial and terminal periods. On this sample, which includes roughly 15 mil-
lion unique workers in our baseline period, we measure d log wrs as the average log change
in nominal wage income. Finally, we choose changes in nominal returns to unemployment

15Their estimate of the non-pecuniary cost is lower than others because they incorporate into the pecuniary
component not only current income losses associated with unemployment, but also future income losses.

16Adjusting wages for observable worker characteristics only partially addresses this issue of selection,
since workers also select on unobservable margins; our εω

rs captures both observables and unobservables.
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and non-employment such that real wage changes across time are zero: d log(wrj/Pr) = 0
for j ∈ {u, 0} in all r.

Our approach is distinct from measuring d log wrs using changes in income for the set
of agents initially employed in a given region-sector. In the presence of compensating dif-
ferentials, a worker’s income might increase or decrease discretely when reallocating across
rs pairs. Hence, when a worker reallocates across jobs (whether into another sector, into
non-employment, or into unemployment) or across regions, his change in income is gener-
ically not informative of changes in productivity-adjusted wages per efficiency unit within
his initial sector of employment.

Given LEHD coverage over the sample period, our baseline includes approximately 600
mainland commuting zones and approximately 450 sectors.17 Given the large number of
region-sector pairs, each value of d log wrs is clearly measured with error. However, these
estimates are then averaged within each region to construct approximately 600 values of the
first component of equation (2), which should minimize concerns over measurement error
at the rs level.18

3.3 Unconditional welfare changes across CZs

Figure 1 displays the distribution of welfare changes between 2000 and 2007 across CZs, with
each CZ weighted by labor income for the employed, Ie

r .19 The median CZ experienced an
increase in welfare equivalent to a 12.4% increase in real income in 2000. There is substantial
dispersion in welfare changes, with an increase of 6% at the 10th and of 17.2% at the 90th
percentiles.

Figure 1 also displays the distribution of changes in a more standard measure of wel-
fare: the (log) change in average real income, measuring nominal wage income in each year
using the average of the nominal wage taken across all employees (using the LEHD). This
approach ignores changes in the composition of the workforce on observable and unobserv-
able dimensions, changes in compensating differentials associated worker reallocation, and
changes in unemployment.

The distribution of our measure of welfare changes is shifted to the right relative to the
distribution of changes in real income for a simple reason: EVr captures changes in welfare

17To comply with U.S. Census Bureau confidentiality and disclosure requirements, we do not report the
exact counts of commuting zones and sectors. The number of observations reported here and elsewhere is
rounded.

18For this reason, we do not focus on welfare at the more disaggregated level of agents initially applying to
different (r, s) pairs.

19Because our welfare measures incorporate LEHD data, U.S. Census Bureau disclosure restrictions pro-
hibit releasing statistics for individual commuting zones (and thus preclude presenting CZ-level maps). We
therefore report only the distribution of welfare changes.
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Distribution shows welfare changes (solid blue line) versus changes in real income (dashed red line), weighted by CZ labor income for the employed.

Figure 1: The distribution of changes in welfare across CZs, 2000-2007

for a fixed set of agents over time whereas the change in real income plotted in Figure 1
does not. As workers age, their wages tend to rise. In our framework, this is captured by
an increase in productivity-adjusted wages per efficiency unit. This shifts the distribution
of EVr to the right. On the other hand, changes in real incomes plotted in Figure 1 do not
capture increases in worker productivity as workers age, because it holds the age range
(18-64) over which wages are averaged fixed in 2000 and 2007. If we instead construct an
alternative change in real wage income that averages over workers aged 18-57 in 2000 and
aged 25-64 in 2007 (which holds the age cohort fixed, as in the case of EVr), the mean of the
two welfare measures are very similar. This implies that the rightward shift between the
two welfare measures in Figure 1 is driven by a focus on a fixed set of agents in EVr versus
a changing set of agents in real income, a point discussed in detail in Section 2.2.

To what extent is the variation in our welfare measure across U.S. commuting zones
accounted for by variation in each of the CZ-specific components of welfare? To answer
this question, we decompose the variance of welfare changes into the real wage component
(recall that this contains changes in productivity and changes in real wages per efficiency
unit), the unemployment component, and (two times) their covariance. Changes in real
wages account for 93% of the variance, changes in unemployment for 2% of the variance,
and the covariance between these components the remainder.

The unconditional variation in welfare across space is, of course, a function of all shocks.
It remains to identify the impact of the trade shock in our particular application—granting
China PNTR—on welfare. It also remains to identify the extent to which the welfare effects
of granting China PNTR are transmitted through each of the welfare components. We next
turn to these issues.
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4 The welfare effects of granting China PNTR

In this section, we identify the causal impact of a trade shock—granting Permanent Normal
Trade Relations to China—on the welfare of agents initially living across U.S. commuting
zones. In Section 4.1 we describe the sector-level trade shock on which we focus and how
we use it to construct the CZ-level trade shock. In Section 4.2 we detail our empirical design.
In Section 4.3 we present our main results and sensitivity exercises. Finally, in Section 4.4 we
compare our results to a set of alternative approaches.

4.1 The trade shock

Following Pierce and Schott (2016) (henceforth PS) and Handley and Limão (2017), we study
the impact of granting Permanent Normal Trade Relations (PNTR) to China. As argued in
these papers, China’s accession into the WTO was not accompanied by marked reductions
in U.S. tariffs. In practice, China’s exports to the U.S. both before (since 1980) and after its
accession to the WTO were subject to Normal Trade Relation (NTR) tariff rates reserved for
WTO members.

However, whether or not these NTR rates would continue to apply to imports from China
was subject to annual renewal. If these rates were not renewed, then tariffs on Chinese im-
ports would have risen to non-NTR rates, from an average of about 6 percent to an average
of about 31 percent in 1990. PS refer to the sector-specific gap between the NTR and the
non-NTR rates as the ‘NTR gap.’ The U.S. Congress voted to grant China PNTR in October
2000 and this change in policy became effective at the end of 2001. The elimination of this
tariff uncertainty then provides a heterogeneous reduction in trade policy uncertainty across
sectors, measured by the initial gap as defined in 1990, which we denote by NTR gaps.

We construct our CZ-level trade shock, which we denote by NTRGr, as a region-specific
weighted average of sector-specific NTR gaps,

NTRGr ≡
S

∑
s=1

ωrsNTR gaps

Weights, ωrs, are employment shares measured using the 1980 LBD.20 We normalize weights
to sum to one across manufacturing sectors s in which the NTR gaps is defined to avoid what
Borusyak et al. (2022) refer to as “incomplete shares." Specifically, the weight ωrs equals zero
in any non-manufacturing sector s or any sector s in which the NTR gaps is undefined. In
any manufacturing sector in which the NTR gaps is defined, the weight ωrs equals employ-

20We use the LBD instead of the LEHD because the LEHD did not exist in 1980 and had limited state
coverage until the 1990s.
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ment in sector s in region r in year 1980 relative to employment in region r in year 1980
summed across all manufacturing sectors in which NTR gaps is defined. Figure 2 displays
the histogram of NTRGr across CZs.

The distribution of NTRGr across CZs, weighted by CZ income among employed workers in the year 2000.

Figure 2: The distribution of NTRGr across CZs.

4.2 Empirical design

Specification. Our empirical design compares changes in welfare between 2000 and 2007
across U.S. commuting zones, EVr, that are more and less exposed to the trade shock, but
similar in terms of other observable characteristics. We estimate

EVr = α + β NTRGr + X′
rγ + ϵr (3)

using OLS. The regression coefficient β identifies differential welfare changes across com-
muting zones following granting China PNTR. We interpret β as the causal effect of grant-
ing China PNTR. Alternatively, β could reflect differential pre-existing trends or omitted
contemporaneous shocks. To address concerns of omitted variable bias, we include a vector
of CZ controls, X′

r, that we describe below. We test for pre-existing trends in Section 4.3.
We also estimate versions of equation (3) in which we replace the dependent variable

with its two components: the real wage component and the unemployment component of
equation (2). Given the properties of OLS, these specifications decompose welfare changes
into these two components, with the sum of the coefficients in the decomposition equalling
the corresponding value in the baseline specification.

In all regressions, we weight observations by each CZ’s initial income among the em-
ployed, Ie

r . In our baseline we cluster standard errors by state; we show that Borusyak et al.
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(2022) standard errors are very similar both in the baseline and in the decomposition.

Controls. A necessary condition to obtain a consistent estimate of the causal effect of inter-
est, β, using OLS to estimate (3) is that E[ϵrntrgr] = 0, where ntrgr is the residualized value
of NTRGr after projecting on a constant and Xr.

The vector Xr in (3) contains CZ-specific 1990 labor force and demographic composition
that might be correlated with NTRGr and independently affect our dependent variables.
Following Autor et al. (2013), this vector includes the manufacturing share; the share of
the population that is college educated and the share that is foreign born; the share of em-
ployment among women; regional fixed effects for the nine Census divisions, which absorb
trends that are common across CZs within broad geographic regions; the share of employ-
ment in routine occupations; and the average offshorability index of occupations.21 We take
the values of these control variables directly from Autor et al. (2013). We also include two
additional controls: the share of employment in the year 1980 in industries in which NTR
gaps is not defined (measured using the 1980 LBD) and the 1980 employment to population
rate (measured using the 1980 census).

4.3 Granting China PNTR and local welfare

Baseline results. Panel A of Table 1 reports our baseline results on the impact of granting
China PNTR on relative welfare across U.S. CZs between 2000 and 2007. The first column
includes no controls. The second column controls for the initial employment composition of
the commuting zone: the manufacturing share, the share of employment in sectors in which
the NTR gaps is undefined, and the labor force participation rate. The third column addition-
ally controls for census division fixed effects. The fourth column incorporates demographic
characteristics: the college share and foreign-born shares of the population and the female
share of employment. The fifth and final column additionally includes controls for the rou-
tine occupation share and the measure of average offshorability of occupations. The impact
of the NTRGr on welfare is broadly stable as we progressively add controls across columns.
The column 5 point estimate implies that granting China permanent normal trade relations
lowers the welfare of a CZ at the 90th percentile of exposure by 1.9 log points (or percent)
relative to a CZ at the 10th percentile, as reported at the bottom of the table.

Panel B of Table 1 additionally decomposes the causal effect of granting China PNTR
on relative welfare into its impact through changes in real wages per efficiency unit (com-
bined with productivity) and its impact through changes in unemployment rates (across all

21Routineness and offshorability are based on occupation-level data that are aggregated up to the CZ level.
Routine occupations are intensive in tasks that follow a set of precise rules and procedures and are more easily
substitutable with computers. Offshorable occupations are intensive in tasks that make little use of face-to-face
interaction and are more easily executed from a distance.
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five specifications).22 Approximately 90 percent (≈ 0.224/0.248) of the differential welfare
effects of the trade shock across regions in our baseline specification (column 5) are trans-
mitted through changes in real wages per efficiency unit. One reason why changes in real
wages have a relatively larger differential effect on welfare across CZs is because the impact
of changes in unemployment on welfare depend on the unemployment replacement rate,
which averages approximately 43% across regions. Another reason is that in our baseline
analysis we have set the non-pecuniary cost of unemployment to zero; we check the ro-
bustness of our results to this choice below. A final reason is that we have assumed in our
baseline analysis that non-employed workers who are not actively looking for a job are on
their labor supply curves; we also check the robustness of our results to this choice below.

(1) (2) (3) (4) (5)
Panel A: EV
NTRGr -0.214∗ -0.190 -0.183∗∗ -0.243∗∗∗ -0.248∗∗∗

Robust state clustered SE (0.122) (0.120) (0.088) (0.084) (0.096)
E[EVr : NTRGp90 − NTRGp10] -.017 -.015 -.014 -.019 -.019

Panel B: EV Decomposition
Real wage:
NTRGr -0.175 -0.162 -0.162∗ -0.211∗∗∗ -0.224∗∗

Robust state clustered SE (0.118) (0.118) (0.085) (0.082) (0.093)
BHJ SE (0.096) (0.085) (0.062) (0.066) (0.069)
Unemployment:
NTRGr -0.039∗∗∗ -0.027∗∗∗ -0.021∗∗ -0.032∗∗∗ -0.024∗∗∗

Robust state clustered SE (0.013) (0.009) (0.009) (0.008) (0.007)
BHJ SE (0.007) (0.009) (0.009) (0.009) (0.009)
Observations 600 600 600 600 600
manufacturing share−1 ✓ ✓ ✓ ✓
missing NTRG sector share−1 ✓ ✓ ✓ ✓
employment-to-population−1 ✓ ✓ ✓ ✓
college share−1 ✓ ✓
foreign born share−1 ✓ ✓
female share−1 ✓ ✓
routine occupation share−1 ✓
average offshorability−1 ✓
regional FE ✓ ✓ ✓

Panel A reports the overall welfare effects across five specifications with different sets of controls. Panel B decomposes these effects into changes in the real wage and the unemployment
components. Panel A reports robust standard errors clustered by state while Panel B reports robust standard errors clustered by state and Borusyak et al. (2022) standard errors.
Regressions are weighted by each CZ’s income of the employed, Ie

r in 2000. Manufacturing share refers to the share of employed income earned within manufacturing; college share
and foreign born share refer to the relevant shares of the population; female share refers to the female share of employment; routine occupation share and average offshorability refer
to the share of employment in the most routine and the most offshorable occupations. These controls are defined in 1990 and taken from Autor et al. (2013). Missing NTRG sector
share measures the share of 1980 employment in sectors in which the NTR gaps is not defined, measured using the 1980 LBD. Employment-to-population measures the employment to
population rate, measured using the 1980 census. The number of CZ observations is approximate due to U.S. Census Bureau disclosure avoidance requirements.

Table 1: The welfare effect of granting China PNTR and its decomposition.

22Panel A displays the overall welfare effects with robust standard errors clustered by state, while Panel
B shows the decomposition into real wage and employment components with both robust standard errors
clustered by state and Borusyak et al. (2022) standard errors, which are similar. BHJ standard errors for Panel
A are available upon request. They are smaller than the robust SEs, meaning all results remain statistically
significant, and follow similar patterns to those in Panel B. For example, in column 5, the BHJ SE for the
overall welfare effect is 0.073 compared to the robust SE of 0.096.
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d log wrs

(1) (2) (3)
Sectoral NTR Gaps -0.056 -0.004

(0.042) (0.033)

Regional NTRGr -0.573∗∗∗ -0.569∗∗∗

(0.146) (0.137)
Baseline regional controls ✓ ✓
E[d log wrs : NTRGp90(r)-NTRGp10(r)] -.055 -.054
E[d log wrs : NTR Gapp90(s)-NTR Gapp10(s)] -.015 -.0012
Observations 26500 26500 26500

Each column present results of regressing d log wrs , measured between 2000 and 2007, on either NTR Gaps (in column 1), or on NTRGr and the baseline set of controls included in
column 5 of Table 1 (in column 2), or both (in column 3). Regressions are weighted by CZ-sector employment and standard errors are clustered by state. The number of CZ-sector
observations is an approximation (because of reporting requirements).

Table 2: Changes in wages per efficiency unit, sector-level NTR Gaps, and CZ-level NTRGr.

What explains the strong correlation between the real wage component of regional wel-
fare and the regional measure of exposure to granting China PNTR? One possibility is that
the combination of changes in real wages per efficiency unit and productivity at the region-
sector level, d log wrs, are similar across regions within a sector, but that some regions have
higher shares of their incomes earned in more exposed sectors, where changes in d log wrs

are less positive. Another possibility is that changes in the combination of wages per ef-
ficiency unit and productivity at the region-sector level are less positive in more exposed
regions within sectors. We investigate these possibilities by regressing d log wrs separately
and jointly on the sectoral and regional measures of the NTR Gap. Results are reported
in Table 2. We find that the regional measure of the NTR Gap is strongly and negatively
correlated with d log wrs whereas the sectoral measure of the NTR Gap is not. From this,
we conclude that the real wage component of regional welfare falls more in regions with a
higher regional measure of exposure to granting China PNTR because the combination of
changes in real wages per efficiency unit and productivity fall more within sectors in these
regions. This conclusion is related to results in Pierce et al. (2024). Also using the LEHD,
they find that granting China PNTR lowered incomes of workers initially employed in more
exposed regions, but within a region, not more so in sectors that are more directly exposed.
Our results in Table 2 differ from Pierce et al. (2024) because we measure changes in the
combination of wages per efficiency unit and productivity (on the sample of workers who
start and end employed in the same region-sector pair), which is what our theory requires
for welfare analysis, whereas they measure changes in incomes for workers who start em-
ployed in a given region and sector, which is their focus.

Falsification. To verify that our results capture the effects of exposure to granting China
PNTR rather than the continuation of pre-existing trends, we conduct a falsification exercise
in which we regress changes in welfare over an earlier period on future exposure to granting
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China PNTR. The earlier period we consider is 1992 through 2000. We use 1992 as the initial
year because state-level coverage in the LEHD, which we use to measure changes in wages
per efficiency unit in each region-sector pair, increases over time. Whereas in our baseline
period 2000-2007 there are 34 states and approximately 600 CZs covered across all years, in
our falsification period of 1992-2000 there are only 6 states and approximately 80 CZs.23

EVr

2000-2007 1992-1999

(1) (2) (3)
NTRGr -0.248∗∗∗ -0.314∗∗ 0.302

(0.096) (0.141) (0.180)
E[EVr : NTRGp90-NTRGp10] -.019 -.024 .023
Baseline sample ✓
Placebo sample ✓ ✓
Observations 600 80 80

Column 1 replicates Column 5 in Table 1. Column 2 displays results of estimating this specification on the smaller sample of CZs observed in the LEHD over the 1992 - 2000 period.
Finally, column 3 replaces the 2000-2007 change in welfare with the value between 1992 and 2000 and estimates on the smaller sample of column 2. The number of CZ observations is
an approximation (because of reporting requirements).

Table 3: Falsification – Changes in welfare between 1992 and 2000.

We first document that the decrease in state and CZ coverage associated with measuring
EVr over the pre-period does not materially affect our baseline results over the 2000-2007
period. Column 1 of Table 3 replicates our baseline result from column 5 of Table 1, whereas
column 2 of Table 3 displays results when estimating the baseline specification over the 2000-
2007 period, but on the smaller sample of CZs. Point estimates are very similar. Although
standard errors increase slightly, the result remains statistically significant at the 5% level. In
column 3 we conduct our falsification exercise on the smaller CZ-level sample. This result
provides little evidence consistent with a continuation of differential pre-trends across more
and less exposed CZs. First, the estimated coefficient is insignificantly different from zero.
Second, and more importantly, welfare was, if anything, rising in more exposed CZs before
China was granted PNTR, suggesting a larger trend break in welfare changes than implied
by our baseline estimation alone.

Sensitivity. In this section we describe results of a range of robustness exercises, each sum-
marized in Table 4. The first column of Table 4 replicates our baseline result from column 5
of Table 1.

In our baseline we assume that the non-pecuniary welfare cost of unemployment is zero,
setting ηr = 0 in all CZs r. In our first sensitivity exercise, we instead set ηr = 2 in all CZs r,
so that the non-pecuniary welfare cost of unemployment is twice the pecuniary component,
as measured by Knabe and Ratzel (2011). The distribution of welfare changes between 2000
and 2007 remains similar to in our baseline case. The differential welfare impact of granting

23See the Online Appendix for details on the empirical construction of EVr in the pre-period.
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EVr

(1) (2) (3) (4) (5) (6)
NTRGr -0.248∗∗∗ -0.296∗∗∗ -0.254∗∗ -0.248∗∗ -0.290∗∗∗ -0.314∗∗∗

(0.096) (0.104) (0.100) (0.100) (0.087) (0.120)
E[EVr : NTRGp90-NTRGp10] -.019 -.023 -.02 -.019 -.022 -.024
Baseline ✓
Non-pecuniary cost of unemployment ✓ ✓
NILF + unemployment, adjusted replacement ✓ ✓
NILF + unemployment, baseline replacement ✓
National price index ✓
Observations 600 600 600 600 600 600

Column 1 replicates Column 5 in Table 1. The remaining columns estimate the same specification but with slight adjustments to the measurement of welfare. Column 2 incorporates a
non-pecuniary cost of unemployment into the calculation of welfare, setting η = 2. Column 3 treats non-participants as unemployed and adjusts the unemployment replacement rate to
include income both among the unemployed and those out of the labor force; NILF refers to not-in-the-labor-force. Column 4 treats non-participants as unemployed using the baseline
measure of the unemployment replacement rate. Column 5 uses national rather than regional price indices.

Table 4: Sensitivity analysis of the welfare effect of granting China PNTR.

China PNTR rises slightly, as shown in column 2 of Table 4, driven by an increase in the
unemployment component, which now accounts for a quarter of the overall welfare effect,
as compared to a tenth in our baseline.

In our baseline, we assume that workers choose optimally between participating in the
labor force and home production (labor force non-participation). Hence, we measure the
probability of successfully finding a job using a regional version of the U-3 unemployment
rate, which is the official unemployment rate reported by the U.S. Bureau of Labor Statistics.
To check the sensitivity of our empirical results to the assumption that those not participat-
ing in the labor force are on their labor supply curves, in our second and third sensitivity
exercises (reported in columns 3 and 4) we instead assume that agents who report being out
of the labor force are off their labor supply curves, like the unemployed. In column 3 we re-
measure the unemployment replacement rate, using an average of unemployment benefits
and home production income, weighting by the shares of these populations. In column 4,
we instead use our baseline unemployment replacement rate. Both results are very similar
to our baseline results.

In column 5, we use a national rather than region-specific price index, imposing a single,
national change in the price index, d log Pr = d log P. We measure the national price index
using the national Consumer Price Index from the BLS. Welfare effects are slightly larger in
this case than in our baseline. The intuition for this result is that regions receiving relatively
bad shocks experience relative declines in their price indices that partially offset the negative
effects in the labor market. Ignoring this differential price index effect therefore overstates
the differential impact across CZs of granting China PNTR.

Finally, column 6 combines both adjustments from columns 2 and 3: we incorporate
non-pecuniary costs of unemployment (η = 2) while also treating non-participants as un-
employed (with adjusted unemployment replacement rates). The differential welfare impact
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of granting China PNTR is slightly larger in this specification, with a coefficient of -0.314, re-
flecting the combined effects of both adjustments.

4.4 Alternative approaches to local welfare effects

Table 5 compares the results of estimating equation (3) measuring welfare changes using
three alternative approaches (each of which implicitly uses a common national deflator). To
facilitate these comparisons, we relate results to the version of our approach in which we
assume a single, national change in the price index, d log Pr = d log P, displayed in column
5 of Table 4. We construct each alternative welfare measure using the LEHD.

Alternative Measures of Welfare

(1) (2) (3) (4)
NTRGr -0.266∗∗∗ -0.332∗∗∗ -0.169∗∗ -0.127∗∗

(0.085) (0.093) (0.080) (0.061)
E[∆Wel f arer : NTRGp90-NTRGp10] -.021 -.026 -.013 -.0098

Each column replicates the specification of Column 5 in Table 1, but using a different measure of welfare (in place of our baseline measure ∆EVr ). In column 1, welfare is measured
using the wage component of our baseline exercise in the case in which we use a national price index. In column 2, welfare is measured using the log of the change in the average
nominal wage, with the average taken across all workers. In column 3, welfare is measured using the log of the change in the average wage on a sample of workers employed in the CZ
in both periods. In column 4, welfare is measured using the log of the change in the average wage on a sample of workers initially employed in that CZ.

Table 5: Alternative approaches to measuring the welfare effect of granting China PNTR.

Because the first two alternative approaches focus exclusively on real wages, ignoring the
impact of unemployment, column 1 of Table 5 displays the results of estimating equation (3)
with the wage component of equation (2) as the dependent variable (replicating the wage
component of column 5 of Table 1, Panel B, but using a national rather than a regional price
index).

Column 2 presents results of estimating equation (3) measuring welfare as the change
in (the logarithm of) average nominal wages relative to the price index (the change in the
average real wage). This approach ignores changes in the composition of the workforce on
observable and unobservable dimensions, changes in compensating differentials associated
with worker reallocation, and changes in unemployment. Compared to column 1, the dif-
ferential effect of granting China PNTR across CZs is larger.

Column 3 takes a step towards controlling for changing worker composition by fixing
the sample of workers on which average wages are measured. Specifically, wages are con-
structed both in 2000 and 2007 on the sample of workers who were employed in the region in
2000 and remain employed in any location in 2007. This approach is similar to the wage com-
ponent of our measure of equivalent variation in equation (2), although it ignores changes
in compensating differentials associated with worker reallocation. Compared to column 1,
the differential effect of granting China PNTR across CZs is smaller.
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Our final alternative approach to measuring welfare takes a step towards incorporating
unemployment. Specifically, wages are constructed both in 2000 and 2007 on the sample of
workers who were employed in the region in 2000 whether or not they remain employed
and regardless of where they live in 2007. Hence, this measure incorporates the impact on
wage income of movements into unemployment. This approach is equivalent to a typi-
cal regression of changes in wage income for more- relative to less-exposed workers using
worker-level panel data. Whereas this approach is reasonable for measuring wage income
changes for initially employed workers, it does not measure welfare changes because it ig-
nores changes in compensating differentials associated with worker reallocation (across sec-
tors, regions, and between participation and non-participation) and it omits the impact of
unemployment insurance on income. This result, displayed in column 4 of Table 5 should
be compared with the result in column 5 of Table 4, since neither approach incorporates
different changes in price indices across regions. We find a substantially smaller impact of
granting China PNTR across CZs.

5 Concluding remarks

What are the welfare effects of trade shocks? This paper starts with the objective of answer-
ing this question without imposing strong functional-form restrictions and while using a
research design identical to that used in the large reduced-form empirical literature inter-
ested in the effects of trade shocks on various margins of adjustment.

Motivated by this goal, we derive a sufficient statistic that measures changes in welfare
consistent with labor-market adjustment along multiple margins while imposing minimal
functional-form restrictions. In particular, we allow for an arbitrary distribution of non-
pecuniary returns and productivity levels of each agent in each region-job pair. And we
make no assumptions on region-sector production functions, firm competition, or labor-
market matching technologies beyond assuming a single wage per efficiency unit and a
single unemployment rate within each region-sector pair.

We apply these theoretical results to measure changes in welfare across U.S. commuting
zones between 2000 and 2007 (and also between 1992 and 2000). Lastly, we identify the
impact of a particular trade shock—granting China permanent normal trade relations—on
changes in welfare across U.S. commuting zones. We find that CZs that are more exposed
to granting China PNTR experience substantially smaller increases in welfare between 2000
and 2007. Moreover, the majority of this welfare effect is transmitted through changes in the
combination of real wages per efficiency unit and changes in productivity.

We hope that our theoretical derivation of a welfare sufficient statistic and empirical ap-
proach to measuring its components has impacts beyond our particular empirical applica-
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tion. Using our approach, a researcher can shed light on the impact of any well-identified
shock on a measure of welfare that is consistent with a model that is substantially more
general than those currently employed in quantitative work addressing similar issues.
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Online Appendix
A Data Sources

In this section, we provide a detailed description of the raw data sources used in our analysis
and the procedures undertaken for data cleaning and preparation. This includes informa-
tion on how regions and industries in each dataset are converted to the commuting zones
(CZs) and 6-digit 1997 NAICS codes (if applicable), any filtering criteria applied (e.g., age
restrictions, sample selection), and methods for handling missing values or outliers.

Our analysis primarily relies on the following datasets:

• IPUMS-USA (Census and American Community Survey): We downloaded the fol-
lowing samples from the Integrated Public Use Microdata Series (IPUMS-USA):

– Census 1990 5% State sample

– Census 2000 5% sample

– 2006–2008 American Community Survey (ACS) 3-year sample (3% density): This
sample combines the 1% ACS samples for 2006, 2007, and 2008 into a single
dataset.

These datasets provide comprehensive demographic, labor force, and income infor-
mation at the individual level. The cleaning and preparation of these data involved
several steps, closely following the methodology outlined in Autor, Dorn, and Hanson
(2013).

– Variable Selection: We retained key variables including year, state, county group,
PUMA, person weight, metropolitan area codes, group quarters status, employ-
ment status, industry codes (NAICS and 1990 Census industry), weeks worked,
usual hours worked, wage income, total income, and other income.

– Weeks and Hours Worked Imputation: For the ACS sample, weeks worked and
hours worked are reported in intervals rather than as continuous values. We con-
verted these to continuous variables by assigning the midpoint of each interval.

– Missing Value Treatment: We replaced sentinel values indicating missing or not
applicable data with system missing values, following standard IPUMS coding
conventions.
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– Income Topcoding: Following Autor et al. (2013), wage income, total income, and
other income were topcoded at 1.5 times their respective topcode thresholds for
each survey year.

– Hourly Wage Calculation and Truncation: Hourly wages were calculated as
wage income divided by the product of usual hours worked per week and weeks
worked per year. Hourly wages were topcoded using year-specific maximum
values derived from topcoded wage income assuming standard work hours (35
hours/week for 50 weeks/year). Hourly wages of zero were set to missing, and
hourly wages were bottom-coded at the 1st percentile for each year to address
outliers.

– Sample Restrictions: We applied several filtering criteria to define our analytical
sample:

* We retained individuals aged 18 to 65 years.

* We excluded individuals in institutional or military group quarters.

* We excluded military personnel, identified using detailed employment status
codes and 1990 Census industry codes for military-related industries.

* We dropped observations with missing education or missing/undefined in-
dustry codes, including those who last worked 5+ years ago or never worked.

– Commuting Zone (CZ) Aggregation: Individual-level data were aggregated to
the commuting zone (CZ) level using IPUMS-provided geographic identifiers and
the crosswalks available on David Dorn’s website. Person weights were applied
during aggregation to ensure representativeness.

• IPUMS Time Use (American Heritage Time Use Study - AHTUS): The American
Heritage Time Use Study (AHTUS) data was downloaded from IPUMS Time Use. This
dataset is used to measure time allocation for non-market work, specifically to derive
the ratio of time use in non-market work by those not in the labor force relative to time
use in market work by full-time employees.

– Sample Selection: We selected individuals who were not employed and not un-
employed, ensuring they were genuinely out of the labor force. We further re-
stricted the sample to individuals aged 18 to 65 years.

– Non-Market Work Measurement: We calculated the total time spent on non-
market work by summing time allocated to undifferentiated domestic activities
and civic/religious activities.

– Home Production Share Calculation:
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* The numerator for the home production replacement rate is the average time
use of non-participants on non-market work. Based on the 1993 AHTUS data,
the average minutes spent on non-market work by those out of the labor force
on a given day is 220.63 minutes.

* The denominator is the average minutes spent on work by a full-time em-
ployee. This is approximated as 342.86 minutes (60 minutes × 40 hours a
week / 7 days a week).

* The average share of hours worked by those in home production is approxi-
mately 0.64 (= 220.63/342.86).

– Weighting and Aggregation: Individual observations were weighted using record
weights provided by AHTUS. These weighted averages were then aggregated to
the national level by sample year to obtain the required time use ratios.

• Confidential Longitudinal Employer-Household Dynamics (LEHD) Data: We utilize
confidential data from the Longitudinal Employer-Household Dynamics (LEHD) pro-
gram. This dataset provides detailed information on worker earnings and employment
spells, crucial for measuring changes in wages per efficiency unit by holding worker
composition fixed.

The LEHD data are derived from quarterly earnings reports provided by employers
to state unemployment insurance (UI) agencies and assembled by the U.S. Census Bu-
reau into a national dataset. The core records contain total quarterly earnings paid
by each employer to each worker, along with a small set of worker and establishment
characteristics, including industry and location. Coverage extends to roughly 95% of
private-sector employment and to state and local government workers, but excludes
federal employees, members of the armed forces, and the self-employed.

For our main analysis, we extract all available LEHD earnings records for two refer-
ence quarters: 1999Q2 and 2007Q2. We restrict the sample in each quarter to individu-
als aged 18-57 in 1999Q2, ensuring workers are at most 65 years old in 2007Q2. We also
restrict the sample to those employed in a single job (dropping those with multiple jobs
within the quarter) to ensure a unique industry assignment. In all cases, industry and
location are defined from the worker’s unique employer in the quarter. For our main
measures of wages per efficiency unit, we retain only workers who appear in both
periods and who are employed in the same commuting zone and industry in both
quarters. Observations with missing industry codes and/or commuting zone iden-
tifiers are dropped. The resulting sample represents full-quarter employment spells
for a consistent set of workers over time, excluding movers across industries and/or
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commuting zones, part-time workers with multiple concurrent jobs, and other atyp-
ical employment arrangements. All earnings measures correspond to total quarterly
earnings for these workers. Due to state participation patterns in LEHD, our measures
cover commuting zones in 34 states. Industry and geographic codes are harmonized
to 6-digit 1997 NAICS and commuting zones using Census-provided crosswalks.

For the placebo exercises, we apply the same restrictions but instead focus on the pe-
riod 1992Q2 to 1999Q2, which results in fewer observations due to declining state cov-
erage in earlier years. When constructing alternative measures of wages per efficiency
unit, we relax only the requirements that workers be employed in both periods and
in the same commuting zone and industry in both quarters. For example, in one al-
ternative we require only that workers be employed in 1992Q2 or 1999Q2; in another
alternative, we require that workers be employed in both quarters but drop the re-
quirement that they be in the same commuting zone and industry.

• Confidential Longitudinal Business Database (LBD) Data: The Longitudinal Busi-
ness Database (LBD) provides comprehensive information on firm and establishment
characteristics. This data is used for measuring total number of employed agents and
the total wagebill within each sector (Irs), as well as to construct commuting zone-level
trade shocks.

– Data Sources and Years: We utilize LBD data for the years 1980, 1990, and 2000.
The raw LBD data includes county-level information for each year and records in-
dustries using 2002 6-digit NAICS codes. Establishments with zero employment
are excluded from the sample.

– Geographic Concordance: We convert the county-level information in the LBD to
commuting zones (CZs) by applying crosswalks available on David Dorn’s web-
site.

– Industry Concordance: To align with our defined sector classification, we cross-
walk the 2002 6-digit NAICS codes to 1997 6-digit NAICS codes using a Census
crosswalk file.24

• Commuting Zone Controls: Commuting zone-level control variables used in our re-
gression analysis—including the manufacturing share, college share, foreign-born share,
female employment share, routine occupation share, and average offshorability—are
taken directly from Autor et al. (2013).

24This crosswalk involves handling instances where the mapping is not one-to-one. Specifically, among 1354
unique matches between 1997 NAICS and 2002 NAICS codes, approximately 300 are not one-to-one matches
(i.e., a single 2002 NAICS code maps to multiple 1997 NAICS codes, or vice-versa). In such cases, we equally
assign the industries.

Page App.4



• Price Index Data (BLS CPI and State-Level CPI): We use two primary sources for price
index data.

– National CPI (CPI-U-RS): The Consumer Price Index research series for all Urban
Consumers using current methods (CPI-U-RS) was downloaded from the Bureau
of Labor Statistics (BLS) website.

* Cleaning and Processing: The series was rebased to January 1990 to mini-
mize approximation error when compared with state-level indices. Annual
average CPI values were then calculated for the years 1990, 2000, and 2007.
Log differences were computed for the periods 1990–2000 and 2000–2007. The
1990–2000 difference was scaled by a factor of 7/10 to make it comparable to
a 7-year equivalent change, consistent with our benchmark period.

– State-Level Price Index: We utilize state-level price indices available from Hazell
et al. (2022), which provides regional inflation data. This data was sourced from
their supplementary materials.

* Cleaning and Processing: The raw quarterly state-level CPI data was im-
ported and quarterly inflation was calculated. Similar to the national CPI,
the state-level series were rebased to 1990Q1. Annual average state-level CPI
values were then computed for 1990, 2000, and 2007. Log differences were
calculated for the 1990–2000 and 2000–2007 periods, with the 1990–2000 dif-
ference also scaled to a 7-year equivalent.

– Missing Data Handling and Merging: State-level price indices were merged with
commuting zone (CZ) data. To ensure comprehensive coverage across all CZs,
for states where the state-level CPI data was unavailable (17 states, including the
District of Columbia), the national CPI-U-RS difference was used as a substitute.
This imputation strategy ensures that all CZs have a corresponding price index
measure for both common and regional inflation analyses. Note that the simple
average of state-level inflation across all available CZs is similar to the national
inflation for both periods: 0.163 for state-level inflation versus 0.172 for national
inflation in 1990–2000, and 0.182 for state-level inflation versus 0.186 for national
inflation in 2000–2007.

• Department of Labor (Unemployment Replacement Rate): The state-level unemploy-
ment replacement rate reports were directly downloaded from the Department of La-
bor website: https://oui.doleta.gov/unemploy/ui_replacement_rates.asp. This
data is used to construct the unemployment income component.
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– Data Selection: Specifically, we utilize "Replacement Ratio 2," which is defined
as the Ratio of: Weighted Average Weekly Benefit Amount (WBA) / Weighted
Average (Normal Hourly Wage x 40 Hrs.). The WBA represents the claimant’s
weekly benefit amount.

– Coverage and Use: The UI replacement rate covers a four-quarter moving av-
erage ending with a selected quarter-ending date. The data is available from
1997, and the 1997 unemployment replacement rate is used for both our main
and placebo analyses.

– Source Details: This report uses the Unemployment Insurance Benefit Accuracy
Measurement (BAM) data, stored in the UI database.

• NTR Gap Data: Sector-level NTR gaps are taken from Pierce and Schott (2016). The
NTR gap is defined as the difference between the non-NTR tariff rate and the NTR
tariff rate for each industry, measured as of 1990.

B Construction of Welfare Measures (EVr)

This section provides detailed documentation on the construction of our welfare measure,
EVr, for both the baseline analysis period (2000–2007) and the pre-trend analysis period
(1992–2000). We first describe the welfare equation and how each component is measured,
and then discuss the specific years and scaling adjustments used for each period.

B.1 Welfare Equation

Changes in welfare for agents initially living in region r can be expressed as in equation (2),
which we repeat here for completeness:

EVr = ∑
j∈J

Irj

Ir
d log

(
wrj

Pr

)
︸ ︷︷ ︸

real wage

+ (1 + ηr)
Ie
r

Ir

[
1 − Iu

r

Ie
r

]
d log Er︸ ︷︷ ︸

unemployment

where J denotes the set of all jobs (each sector of employment, labor force non-participation,
and unemployment). The first term represents the real wage component of welfare, and the
second term represents the unemployment component. For the real wage component, we
measure CZ × 6-digit NAICS sector income (Irs) from the Longitudinal Business Database
(LBD) and wage changes (d log wrs) from the Longitudinal Employer-Household Dynamics

Page App.6



(LEHD). For the unemployment component and for constructing CZ-level aggregates, we
use IPUMS Census data.

B.2 Measurement of Welfare Components

We now describe how each component of equation (2) is measured in detail. The specific
years and data sources used for each analysis period are described in Section B.3.

B.2.1 Income Shares

The real wage component of equation (2) requires measuring income shares Irj/Ir for each
job j. We describe the construction of each income component below.

Total Income (Ir). Total income in region r is the sum of employment, unemployment, and
non-participation income:

Ir = Ie
r + Iu

r + Ir0 (App.1)

Employment Income (Ie
r ). Total employment income in region r is measured as the sum of

total wagebill across all sectors:

Ie
r =

S

∑
s=1

Irs (App.2)

where Irs is the total wage bill within CZ-sector pair (r, s), measured from the LBD (for the
real wage component) or IPUMS Census data (for the unemployment component).

Non-Participation Income (Ir0). Total income of non-participants in region r is constructed
as:

Ir0 = Ir0 × Nr0 (App.3)

where Ir0 is the average income of non-participants and Nr0 is the number of non-participants.
This can be rewritten as:

Ir0 =
Ir0

Ie
r
× Nr0

Ne
r
× Ie

r (App.4)

where Ir0/Ie
r is the home production replacement rate and Nr0/Ne

r is the ratio of non-participants
to employed workers. We construct each component as follows. First, the home production
replacement rate is constructed as the product of two terms:

Ir0

Ie
r
=

(
time use, non-market work by NILF

time use, work by employed

)
×

(
avg wage, private household sector

avg wage, all sectors

)
(App.5)
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where NILF refers to those not in the labor force. The first term captures the relative time
devoted to home production, while the second term values this time using average wages in
the private household sector (as a proxy for the market value of home production activities)
relative to average wages across all sectors.

• Time use ratio: We measure this ratio using the American Heritage Time Use Study
(AHTUS) data. The numerator is the average time spent on non-market work by those
not in the labor force; based on the 1993 AHTUS data, this equals 220.63 minutes per
day. The denominator is the average time spent on work by a full-time employee,
approximately 342.86 minutes per day (40 hours per week divided by 7 days). The
resulting ratio is approximately 0.64.

• Wage ratio: We measure this ratio using IPUMS Census data, where the private house-
hold sector is defined using the 1990 Census industry code for “Private households.”
The ratio is computed as the average wage per worker in the private household sector
divided by the average wage per worker across all sectors, measured at the state level.
We measure this ratio at the state level rather than the CZ level because some CZ-level
estimates yield implausible values due to small sample sizes; the state-level ratio is
then applied uniformly to all CZs within each state.

Second, the ratio of non-participants to employed workers can be expressed as:

Nr0

Ne
r
=

Lr − Mr

Er Mr
(App.6)

where Lr is the total population aged 18–65, Mr is the labor force (employed plus unem-
ployed), and Er = Ne

r /Mr is the employment rate. Note that Lr − Mr equals the number of
non-participants and Er Mr = Ne

r .

• Population ratio: The ratio (Lr − Mr)/(Er Mr) is measured by commuting zone from
IPUMS Census data.

Unemployment Income (Iu
r ). Total income of unemployed workers in region r is con-

structed as:

Iu
r =

Iu
r

Ie
r
× Nu

r
Ne

r
× Ie

r (App.7)

where Iu
r /Ie

r is the unemployment replacement rate and Nu
r /Ne

r = (1 − Er)/Er is the ratio
of unemployed to employed workers.

• Unemployment replacement rate (Iu
r /Ie

r): State-specific unemployment replacement
rate from the Department of Labor. We use “Replacement Ratio 2,” defined as the ratio
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of weighted average weekly benefit amount to weighted average (normal hourly wage
× 40 hours).

• Population ratio: The ratio (1 − Er)/Er is measured by commuting zone from IPUMS
Census data.

B.2.2 Changes in Productivity-Adjusted Wages per Efficiency Unit

Sectoral Wages (d log wrs for s ≥ 1). For each sector s ≥ 1, we measure d log wrs using
LEHD panel data. We construct a sample of workers who are employed in commuting zone
r and sector s in both the initial and terminal quarters. On this sample, we compute:

d log wrs =
1

Nrs

Nrs

∑
i=1

(log wi,t′ − log wi,t) (App.8)

where t and t′ denote the initial and terminal quarters, the summation is taken over all Nrs

workers who are employed in commuting zone r and sector s in both periods, and wi,t is
total quarterly earnings for worker i in period t. This approach holds worker composition
fixed, ensuring that measured wage changes reflect changes in productivity-adjusted wages
per efficiency unit rather than changes in worker selection.

Unemployment and Non-Participation (j ∈ {u, 0}). As described in the main text, we
choose changes in nominal returns to unemployment and non-participation such that real
wage changes are zero:

d log
(

wrj

Pr

)
= 0 for j ∈ {u, 0} (App.9)

which implies d log wrj = d log Pr for these jobs.

Handling Missing Wage Data. In constructing the real wage component of equation (2),
there are some CZ-sector pairs for which changes in productivity-adjusted wages per effi-
ciency unit are not defined (due to insufficient sample size, i.e., fewer than 20 workers em-
ployed in the same CZ-sector pair in both the initial and terminal quarters), yet the weight
Irs/Ir in the weighted average is not zero. For these CZ-sector pairs, we set the weights to
zero and renormalize all other weights Irs′/Ir such that the sum of these weights across all
sectors equals Ie

r /Ir.

B.2.3 Regional Price Index

We measure region-specific inflation, d log Pr, using state-level CPI data from Hazell et al.
(2022). For states without state-level CPI data (17 states including the District of Columbia),
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we use the national CPI-U-RS as a substitute. As a robustness check, we also apply the
national CPI-U-RS for all CZs.

B.2.4 Unemployment Component

The unemployment component of equation (2) requires the following elements:

Change in Employment Rate (d log Er). The employment rate Er is measured as the ratio
of employed population to labor force (one minus the unemployment rate) from IPUMS
Census data.

Non-Pecuniary Cost of Unemployment (ηr). The parameter ηr represents the non-pecuniary
welfare loss of unemployment relative to the pecuniary welfare loss. In our baseline anal-
ysis, we set ηr = 0. In robustness exercises, we set ηr = 2, which implies multiplying the
unemployment component of welfare by a factor of 3 (i.e., 1 + ηr = 3).

B.3 Analysis Periods

B.3.1 Baseline Period (2000–2007)

For our main analysis, we construct EVr over the baseline period 2000–2007. Note that the
specific years used for each component vary slightly depending on data availability and
timing considerations, as detailed below.

Income Shares. We measure income shares using year 2000 data from the following sources:

• Employment income (Irs): Longitudinal Business Database (LBD), year 2000 (for the
real wage component); IPUMS Census 2000 (for the unemployment component).

• Wage ratio for home production: IPUMS Census 2000, measured at the state level.

• Time use ratio for home production: American Heritage Time Use Study (AHTUS)
1993. This ratio (approximately 0.64) is time-invariant in our analysis.

• Population counts (for non-participation and unemployment): IPUMS Census 2000,
measured at the CZ level.

• Unemployment replacement rate: Department of Labor, 1997 (the earliest year avail-
able).
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We use 2000 because the LBD provides the most reliable establishment-level data in decen-
nial Census years due to enhanced coverage and accuracy during these benchmark periods.
The IPUMS data similarly benefits from the larger sample sizes available in decennial Cen-
sus years.

Changes in Productivity-Adjusted Wages per Efficiency Unit. We measure d log wrs using
LEHD data from 1999Q2 to 2007Q2. We use 1999Q2 as the initial quarter to ensure that any
anticipation effects associated with the Congressional vote on PNTR in October 2000 and
China’s accession to the WTO in December 2001 are captured in the baseline period rather
than the pre-trend period.

Because the LEHD wage changes span 8 years (from 1999Q2 to 2007Q2), we scale these
changes by 7/8 to construct a 7-year equivalent measure that is comparable to the nominal
7-year baseline period (2000–2007).

Employment Rate. We measure d log Er using the 2000 Decennial Census and the com-
bined 2006–2008 ACS samples. The use of multiple ACS years increases sample sizes at the
commuting zone level.

Price Index. We measure d log Pr using state-level CPI data from Hazell et al. (2022) for
2000–2007.

B.3.2 Pre-Trend Period (1992–2000)

For our falsification exercise, we construct EVr over the pre-trend period 1992–2000 to verify
that our baseline results capture the effects of granting China PNTR rather than the contin-
uation of pre-existing trends. As with the baseline period, the specific years used for each
component vary depending on data availability.

Income Shares. We measure income shares using year 1990 data from the following sources:

• Employment income (Irs): Longitudinal Business Database (LBD), year 1990 (for the
real wage component); IPUMS Census 1990 (for the unemployment component).

• Wage ratio for home production: IPUMS Census 1990, measured at the state level.

• Time use ratio for home production: American Heritage Time Use Study (AHTUS)
1993 (same as baseline).

• Population counts (for non-participation and unemployment): IPUMS Census 1990,
measured at the CZ level.
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• Unemployment replacement rate: Department of Labor, 1997 (same as baseline; the
earliest year available).

We use 1990 because this is the only decennial Census year available for the pre-trend period,
and the LBD and IPUMS data provide reliable coverage in this benchmark year comparable
to that of the 2000 data used in our baseline analysis.

Changes in Productivity-Adjusted Wages per Efficiency Unit. We measure d log wrs using
LEHD data from 1992Q2 to 1999Q2. We use 1999Q2 as the terminal quarter (rather than
2000Q2) to ensure that any anticipation effects of China’s WTO accession are captured by
the baseline period and not the pre-trend period. The 7-year span from 1992Q2 to 1999Q2
requires no scaling adjustment since it already matches the 7-year baseline equivalent.

State coverage in the LEHD is substantially more limited in this earlier period due to
the gradual expansion of state participation in the LEHD program over time. Whereas the
baseline period covers 34 states and approximately 600 commuting zones, the pre-trend
period covers only 6 states and approximately 80 commuting zones.

Employment Rate. We measure d log Er using the 1990 and 2000 Decennial Censuses. Be-
cause this spans 10 years rather than 7, we scale the change in log Er by 7/10 to construct a
7-year equivalent measure comparable to our baseline period.

Price Index. We measure d log Pr using state-level CPI data from Hazell et al. (2022) for
1990–2000. As with the employment rate, the 10-year price change is scaled by 7/10 to
obtain a 7-year equivalent.
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