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Premature Deindustrialization and the Agricultural

Productivity Gap
Tim Cejka and Flint O’Neil *

October 2026

Abstract

Why does manufacturing employment in emerging markets peak at half the levels
advanced economies reached? We investigate this question through a quantitative trade
model with structural change and rural-to-urban migration. Emerging markets have a
comparative advantage in manufacturing, so trade alone should make them industrialize
more, not less. Instead, we show that what holds them back are large rural-urban labor
market wedges, which may reflect migration frictions or skill barriers. We estimate the
wedges from wage gaps and migration flows. Without them, the median emerging econ-
omy does not prematurely deindustrialize, and instead reaches a peak manufacturing
employment share roughly 10 percentage points higher than the data. By contrast, the
rise of China contributes little to premature deindustrialization. Consistent with the
model, we provide quasi-experimental evidence that a labor-saving agricultural tech-
nology increased industrialization in Brazil only in municipalities with young, mobile

populations.
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1 Introduction

As countries develop, the share of employment allocated to agriculture declines, services
increases and manufacturing is hump-shaped with a peak. This process of structural trans-
formation was emphasized by Kuznets’s (1973) Nobel Prize address as one of the central
features of development. The peak manufacturing employment share of today’s emerging
economies is roughly half what it was historically for advanced economies, and it is reached
at a substantially lower level of income. Rodrik (2016) calls this pattern premature deindus-
trialization. This pattern, illustrated in Figure 1, is one of the most prominent stylized facts

of post-war structural change and the central puzzle this paper addresses.
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FIGURE 1: INDUSTRIAL PROFILES FOR SELECT ECONOMIES

Notes: Smoothed manufacturing employment shares for nine early, middle, and late developers, plotted
against calendar year in Panel A and against the non-agricultural employment share in Panel B. Manufac-
turing is broad manufacturing, the sum of manufacturing, mining, utilities, and construction employment;
the non-agricultural employment share is one minus the agricultural employment share. Panels A and B
are smoothed with a fourth-order polynomial over time. Dashed paths in warm colors are early and middle
developers, solid paths in cool colors f,ate developers. Source: GGDC 10-sector database.

Benchmark models of structural change attribute premature deindustrialization to uneven
productivity growth across sectors and countries. The core argument is that faster relative
manufacturing productivity growth today relative to history means that fewer workers are
needed to produce manufactured goods. Two features of the data sit in tension with this
explanation.

First, the productivity difference between rich countries and poor countries in agricul-
ture is more than double their productivity difference in the overall economy. Herrendorf,
Rogerson, and Valentinyi (2026), Gollin, Lagakos, and Waugh (2014a), Caselli (2005), and
Restuccia, Yang, and Zhu (2008) all document that poor countries lag behind far more in
agriculture than any other sector of the economy. For instance, Herrendorf, Rogerson, and

Valentinyi (2026) document that the richest 10% of countries are around 100 times more



productive than the poorest 10% of countries in agriculture, but only 40 times more pro-
ductive in manufacturing. Given that services are less tradable, this means that developing
economies have comparative advantage in manufacturing over agriculture. Thus, in a world
with trade we might expect emerging markets to be very industrial — exporting manufactures
and importing agriculture. But in the data we observe roughly balanced trade between rich
and poor countries in both agriculture and manufacturing. This points to some force that
is making emerging markets produce “too much” agriculture and “too little” manufacturing
in a world with trade.

Second, a worker’s revenue productivity is roughly 3-5 times lower in agriculture than
in manufacturing and services in the typical emerging market (Gollin, Lagakos, and Waugh
2014b). In a frictionless labor market, workers would leave agriculture and enter manufactur-
ing until revenue productivity is equal between sectors. These two facts suggest that some
force keeps workers in agriculture despite higher pay and productivity in manufacturing.
This paper models this force as a fixed-cost spatial wedge that workers must pay in order to
transition between rural and urban labor markets. This wedge could be either a migration
cost or a skill differential between urban and rural workers.

This paper shows that once the spatial wedge is estimated to match migration and rural-
urban wage gaps, the standard spatial trade model of Caliendo, Dvorkin, and Parro (2019)
extended to incorporate structural change can generate premature deindustrialization. We
estimate the model fundamentals at a region and sector level. Our estimation finds that, if
not for the spatial wedge, emerging markets would have a substantial comparative advan-
tage in manufacturing over agriculture. We show that this latent comparative advantage
is strong enough that emerging markets would specialize in manufacturing over agriculture,
and prematurely industrialize rather than deindustrialize. That is, trade is strong enough to
flip the sign of the deindustrialization result in benchmark models without a rural-to-urban
labor market wedge.

Two further empirical patterns point to the same wedge. First, across late developers,
the rural-urban labor revenue productivity gap covaries negatively with the peak manu-
facturing share. Countries with high agricultural wage gaps have low peak manufacturing
shares. Second, while emerging markets have exhibited strong premature deindustrialization
in employment shares, premature deindustrialization in value added shares is weaker. Both
patterns are consistent with the claim that barriers between rural and urban labor markets
are needed to explain premature deindustrialization.

To analyze these patterns, we build a model of structural change that matches global
trade flows, internal rural-urban migration, and the production network of the economy.

Before quantitatively solving, we exploit the model’s budget constraints to perform a de-



scriptive decomposition exercise. We extend the approach of the open-economy accounting
decomposition of Smitkova (2024) by incorporating within-country regional structure. The
exercise decomposes the observed change in manufacturing employment shares from 1970
to 2014 into six channels. The channels are: trade specialization (IT), secular trends (pref-
erences (A), IO weights (T') and wages ()), migration (u), trade imbalances (D), natural
population dynamics and a Baumol term, the employment-share change attributable to man-
ufacturing’s relative value added per worker rather than to its value-added share. We apply
the decomposition to the six emerging markets that are both present in the WIOD and
GGDC datasets. For these six economies, the rural to urban migration channel contributes
about +7.1 percentage points to the total change in manufacturing employment shares. In
fact, this channel is the single largest positive channel in four of the six emerging economies
(China +11.9, Brazil +10.2, Korea +8.0, Mexico +5.2 pp). In developed economies this
channel is broadly negligible. We then turn to a quantitative model that can account for
these patterns.

Our quantitative model is based on the multi-sector trade model of Caliendo, Dvorkin,
and Parro (2019) (CDP). We extend CDP by incorporating structural change through non-
homothetic preferences, and allowing for time variation in the labor market wedges and
input-output weights. Each country splits into a rural and an urban region. Workers solve
a discrete-choice costly migration problem. Sectors are tradable up to bilateral iceberg
trade costs estimated from observed flows. Consumers have non-homothetic Stone-Geary
CES preferences over agriculture, manufacturing, and services. Although uneven techno-
logical growth between sectors is the primary driver of structural change in our model,
non-homothetic preferences are necessary in order to match the speed of the global drop in
agriculture and rise in services. The model jointly matches trade flows, the broad patterns
of sectoral employment, and rural-urban wages from 1970-2013. The model is consistent
with both observed agricultural wage gaps and observed trade patterns by construction. Be-
cause rural and urban labor markets clear at different wages, the model also reproduces the
fact that premature deindustrialization appears in employment shares but is weaker in value
added shares.

In the general equilibrium counterfactual that holds productivities and trade frictions
at their estimated values but shuts off the rural-urban migration wedges, late developers
do not deindustrialize prematurely. Instead, comparative advantage pulls agricultural labor
directly into manufacturing. Late developers then reach manufacturing employment peaks
well above those in the data. With the migration wedge, this comparative-advantage channel
is shut down: rural labor is locked in agriculture and cannot supply the urban manufacturing

sector. The Baumol pull from manufacturing into non-tradable services then dominates, and



the early, low manufacturing peak that we observe in the data emerges.

We recover large and persistent rural-urban wedges in developing economies. These
wedges have larger consequences for today’s emerging markets than they would have had
for the advanced economies because development is now compressed into a shorter window.
Advanced economies historically developed at 1-2 percent annual rate of growth, while to-
day’s emerging markets grow at rates closer to 5 percent. If it takes multiple generations to
move workers off the farm, then this friction bites less if the development window is long at
1 percent annual GDP growth. But if the development window is shorter, then these move-
ment frictions will bite far more and drive up the rural-urban wage gap. This large wage
gap leads us to estimate large, biting wedges that generate premature deindustrialization in
our model.

Since these wedges are recovered from the model rather than observed, we test the mech-
anism they imply outside of the model. In the model, the wedge blocks the push of labor out
of agriculture. A labor-saving agricultural productivity shock should therefore raise manu-
facturing employment shares more in places with lower rural-urban wedges, i.e., in places
that rural workers can leave more easily.

We test this prediction of our model using Brazilian census microdata. We borrow a
research design analyzing a labor-saving agricultural productivity shock from the literature,
specifically, the roll-out of genetically modified soy in Brazil (Bustos, Caprettini, and Pon-
ticelli 2016). Bustos, Caprettini, and Ponticelli (2016) exploits the introduction of the new,
labor-saving agricultural technology and municipalities’ cross-sectional exposure to it, finding
that it raised employment shares in manufacturing but lowered them in agriculture. We aug-
ment their design with predetermined proxies of municipal migration propensity, including
the youth share and past realized urban-directed out-migration, to examine whether migra-
tion propensity moderated the shock’s effect. The youth share captures mobility through the
well-documented concentration of migration among young adults, while past out-migration
records actual moves. We find that, across a range of proxies, functional forms, and a rich
set of controls, the shock exhibits a strong gradient with a municipality’s mobility. More mo-
bile municipalities experienced larger effects, with the shock more strongly increasing their
manufacturing shares and decreasing their agricultural shares. In contrast, the shock had
no detectable effect on employment shares in the least mobile municipalities. We provide
evidence consistent with our identifying assumptions by showing that differentially exposed
and mobile municipalities were not on differential manufacturing employment trends in the
pre-period.

Related Literature. This paper relates to three strands of literature. The first piece of lit-

erature we relate to are the quantitative theories of premature deindustrialization. Huneeus



and Rogerson (2024) and Fujiwara and Matsuyama (2024) generate the pattern in efficient
closed-economy environments through differential productivity growth and technology adop-
tion lags. Sposi, Yi, and Zhang (2026) (henceforth, SYZ) is perhaps the closest paper to ours
in the literature. They construct a multi-country Eaton-Kortum trade model with capital
accumulation and nonhomothetic preferences and production.

Our model departs from these benchmarks in two ways. First, Huneeus and Rogerson
(2024) and Fujiwara and Matsuyama (2024) are closed economy models. Closed-economy
models do not survive opening to trade. In a closed economy, faster manufacturing produc-
tivity growth leads to less employment in manufacturing. In an open economy however, fast
manufacturing productivity growth increases manufacturing employment because of special-
ization through trade. In our 43-country panel, countries that experience relatively faster
manufacturing productivity growth do not reach lower manufacturing peaks, as Proposi-
tion 2 in Huneeus and Rogerson (2024), and Fujiwara and Matsuyama (2024) predicts.
A dominant open economy channel is, however, consistent with the trade model of Sposi,
Yi, and Zhang (2026). This point that trade can flip the sign of industrial dynamics is
not novel. Matsuyama (1992) shows that more productive agricultural technology pushes
workers into manufacturing in a closed economy but into agriculture in a pure small open
economy. Likewise, Glaeser (2014) shows this reversal due to trade for urbanization. A set
of complementary papers (Peters, Zhang, and Zilibotti 2026; Fan, Peters, and Zilibotti 2023)
documents that labor leaving agriculture in India and Sub-Saharan Africa has moved largely
into non-tradable services rather than manufacturing. We take this channel as given.

Second, each of the benchmark models makes the simplifying assumption that labor
reallocates frictionlessly across sectors at a single national wage. At a single wage, value
added shares are equal to employment shares, so any model that fits manufacturing value
added shares will tend to overshoot employment shares. Interpreting the single wage as
per efficiency unit avoids this overshoot, but at the cost of remaining silent on employment
headcounts. In either case, while a single-wage model can be useful for studying premature
deindustrialization in value added shares, it cannot directly address employment shares.
These observations motivate us to write a model that features both global trade and internal
labor market frictions.

If emerging markets seem to have a comparative advantage and higher wages in man-
ufacturing, why does trade deepen premature deindustrialization in Sposi, Yi, and Zhang
(2026)? SYZ show that trade interacts with sector-biased technical change to transmit falling
manufacturing prices across countries. Since SYZ has frictionless labor markets, SYZ shows
that, holding migration and worker sorting fixed, trade would thus lower manufacturing’s

value-added share through relative prices. By contrast, we show that if rural-urban labor



market barriers were different, then trade would instead raise manufacturing’s employment
share. This difference in counterfactual framing is what distinguishes our different headline
interpretations. If the agricultural wage gap is due entirely to worker composition then the
SYZ interpretation in efficiency units is correct. If the agricultural wage gap is due to other
barriers, such as migration frictions, then a single wage inversion does not capture them
which motivates a dynamic spatial model. Our model is a dynamic spatial model, and so it
allows for either interpretation. We discuss this difference in more depth in Section 5.2.

The second strand of literature this paper relates to regards the agricultural productivity
gap. Gollin, Lagakos, and Waugh (2014b) documents large gaps in value added per worker
between agriculture and the rest of the economy across developing countries, and Bryan and
Morten (2019) estimates that removing movement costs in Indonesia would raise aggregate
output by 7.5 percent, and by 22 percent together with amenity differences. Whether the
gap is due to barriers or sorting of workers is contested. Wage and consumption microdata in
Herrendorf and Schoellman (2018) and Young (2013) attribute most of the gap to selection
on worker productivity. Similarly, Hamory et al. (2021) finds that individual fixed effects
absorb 67-92 percent of the gap. Other evidence shows the gap is not entirely selection.
Imbert and Papp (2020) shows that the same rural Indian worker earns 35 percent more on
seasonal trips to urban construction than on public works at home, and still stays. Bryan,
Chowdhury, and Mobarak (2014) shows that purchasing an $8.50 bus fare for workers raises
Bangladeshi seasonal migration by 22 percentage points and consumption among induced
migrants by 30-35 percent. In Kenya, information interventions to rural families about urban
incomes raise family income by 24 percent (Baseler 2023). In Indonesia, Bryan and Morten
(2019) finds that lowering movement costs raises output primarily by allowing workers to
sort more effectively.

Our model and empirical evidence are agnostic about the source of the rural-urban
wedges. In our model, the rural-urban wedge can be interpreted as migration frictions
or skill barriers; crucially, however, both of these interpretations have the observable impli-
cation of lower migration propensity. Our quasi-experimental evidence from Brazil tests this
implication, using the youth share of a municipality as a proxy for migration propensity.
The proxy is consistent with migration frictions based on the well-documented age gradient
in mobility. Across countries and time periods, migration is concentrated among the young,
with migration propensity peaking in the twenties and then declining (Rogers and Castro
1981; Bernard, Bell, and Charles-Edwards 2014). The proxy is also consistent with skill
barriers based on the empirical cohort pattern of labor reallocation out of agriculture. In
particular, young cohorts hold the human capital that is valued outside of agriculture, with

new cohorts entering the labor market driving nearly half of the global decline in agricul-



tural employment (Porzio, Rossi, and Santangelo 2022). Distinguishing between the two
interpretations is beyond the scope of this paper and is left for future work.

Finally, it is worth noting that evidence on whether agricultural productivity shocks
have an industrializing effect remains mixed. In Brazil, the labor-saving agricultural pro-
ductivity shock of genetically modified soy raised manufacturing employment shares (Bus-
tos, Caprettini, and Ponticelli 2016), with the resulting savings in agriculture channeled into
manufacturing and services in other regions (Bustos, Garber, and Ponticelli 2020), and the
released workers reallocated within local labor markets rather than across them (Bustos et al.
2023). Also in Brazil, Albert et al. (2026) finds that workers who stay in drought-hit regions
reallocate toward manufacturing while climate migrants end up in small firms outside manu-
facturing at their destinations, an asymmetry it attributes to spatial labor market frictions.
In contrast, agricultural productivity shocks have not led to local industrialization in India
after the Green Revolution (Foster and Rosenzweig 2004; Moscona 2019), over the Ogallala
aquifer (Hornbeck and Keskin 2015), and along India’s canals, where structural change took
the form of the emergence and growth of nearby towns rather than non-farm growth in the
irrigated villages (Asher et al. 2024). Our evidence relates to this debate only by showing
that, within Brazil, the industrializing effect of the soy shock depends on spatial mobility
costs.

Roadmap.— Section 2 describes the data, and documents motivating cross-country pat-
terns in the data. Section 3 develops the dynamic spatial trade model as well as the account-
ing decomposition, while Section 4 presents the main theoretical propositions representing
the extended dynamic hat algebra solution methods and analytical results. Section 5 presents
quantitative results and counterfactuals, including the frictionless-labor counterfactuals. Sec-

tion 6 reports the Brazilian quasi-experimental test. Section 7 concludes.

2 Data

2.1 Sources

We use data from the following sources for our empirical analysis.

(i.) Macro database. We create our database from the following sources: GGDC 10
(de Vries et al. 2015; Timmer, de Vries, and de Vries 2015), (Feenstra et al. 2005), CEPII
BACI (Gaulier and Zignago 2010), UNIDO (United Nations Statistics Division 2015), EU
KLEMS (O’Mahony and Timmer 2009), World Input Output Database (WIOD) (Timmer
et al. 2015), and Penn World Tables (PWT) (Feenstra, Inklaar, and Timmer 2015).

The GGDC 10 Sector database provides long-term data on sectoral developments at the



10 sector level. We use GGDC, UNIDO MEI and EU KLEMS to construct the main data
series on nominal and real value-added, as well as employment shares per worker for 43
countries. The idea to increase coverage of GGDC by additionally using the EU KLEMS
extension file follows SYZ. We thank them for sharing their replication package which was
helpful for us to learn from.

As is standard in the literature, we define agriculture as agriculture, hunting, and forestry
and fishing. We define manufacturing, mining, construction and utilities as manufacturing.
Services are the aggregate of the remaining sectors: trade, restaurants and hotels, transport
and communication, finance, insurance and real estate, government services and community
social and personal services. We use the Penn World Tables price index series exchange rate
xr to convert the value-added of these sectors back to nominal USD values.

We then stitch together the Feenstra and BACI series with WIOD (and WIOD LR (Wolt-
jer, Gouma, and Timmer 2021)) to construct a trade database that includes self-expenditure
shares. As is well known in trade, self-expenditure shares are critical for estimating trade
barriers and welfare (see, for example, Arkolakis, Costinot, and Rodriguez-Clare 2012).

Since our trade coverage is comprehensive, our coverage is primarily restricted by the
smaller country sample present in GGDC10, EU KLEMS, and UNIDO. We rely on either
GGDC10, UNIDO, or EU KLEMS for sector-level employment shares and value added. We
attempt to cover most of world GDP as well as sampling major emerging markets. The final
panel includes 43 countries from 1970 through 2013.

Input-output structure and gross-output prices. In addition to value added and employ-
ment sector-level data, we need internationally comparable gross-output prices for each sector
and the input-output (IO) structure. We build 10 matrices from WIOD intermediate use
tables where WIOD covers the country. We stitch the 2000-2014 WIOD series with the
WIOD long run series which covers 1965-2000. Countries not in WIOD are imputed through
a k-NN imputation on log GDP per capita, region, and sectoral value-added shares which
imputes their IO structure by looking at similar economies. More details are provided in
the appendix. Sectoral value-added deflators come from UNIDO MEI and GGDC. These
are grossed up to a gross-output price index through the country’s IO structure. We anchor
the price indices to the 2005 cross-country price level recorded in the GGDC Productivity
Level Database (Inklaar and Timmer 2014) where it covers the country. If the country is
not covered we resort to a scaled up version of World Bank ICP 2005 (World Bank 2008).
If a country is in neither we use a Balassa-Samuelson imputation. Sector level wages are
built primarily from UNIDO MEI and GGDC sectoral value added and employment series,
with the level anchored to PWT 10.01 nominal aggregate GDP. Self-expenditure shares come
straight from WIOD where available. The rest are imputed by either wage bill imputation



or a logit-Lasso. Full details are in Appendix A.

Rural-urban panel. While the above covers the trade part of the model, we also need
to cover the dynamic spatial dynamics of the model separately. This dynamic block needs
rural and urban employment stocks and wages within each country. The first challenge is to
figure out how much of a sector’s activity is rural vs. urban. Denote the fraction of sector-j
workers in country n at time ¢ that are rural by afw € [0, 1]. To obtain this share we combine
IPUMS occupational classifications at the micro level with World Bank national urbanization
series (World Bank 2026). We assume all agriculture is rural, so &®® = 1. Rural and urban

stocks R, ¢, U, are then employment-weighted aggregates of sectoral counts. Rural and
U

n,t

that workers can move frictionlessly within regions between sectors. Net rural-to-urban

urban wages w’ come from a spatial market-clearing assumption where we assume

n,t’ w

flows fall out of an identity that we describe in the appendix. This panel covers the same 43
countries from 1970 to 2013. We detail this as well as the gross migration flow inversion in
Appendix A.

(ii.) Administrative data from Brazil. @We construct the dataset for our
quasi-experimental analysis in Brazil from raw census microdata and FAO-GAEZ grids
(ITASA /FAO 2012), closely following each step of data construction based on Bustos, Capret-
tini, and Ponticelli (2016)." We use the population censuses from Brazil’s national statistical
institute (IBGE) from years 1980, 1991, 2000, and 2010, which we aggregate to 4,260 mini-
mum comparable areas (AMCs), which maintain municipal boundaries constant over time.
This dataset contains variables on sectoral employment, age structure, and other demo-
graphic characteristics. We use the FAO-GAEZ v3.0 potential yields under low and high
input levels, which we also aggregate to AMCs and merge with the population census. We

use this dataset for our exposure measure.

2.2 Patterns

Before moving directly to the quantification of our model, we describe some historical features
of the data. Figure 1, Panel A, shows the smoothed manufacturing employment shares over
time for select economies.? We plot profiles for Great Britain, France, Spain, Japan, South
Korea, Brazil, Peru, Philippines, and Indonesia. The choice of countries for this plot was
essentially arbitrary other than trying to capture major economies that were early, middle,

and late developers. Figure 2, Panel A, plots the peak manufacturing share over time for all

'Details on the institutional setting and data construction are in Section 6 and Appendix F. For more
details of the data construction, please see Bustos, Caprettini, and Ponticelli (2016).

2To construct these smoothed paths we take the raw data on employment shares from GGDC 10 and fit
a fourth-order polynomial over time for each country.

10



countries in the GGDC database. For countries with no rapid-growth episode in the data

window, we use an extremely conservative imputation setting the year rapid growth began
at 1900.

Peak manufacturing employment share Manufacturing employment share
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FIGURE 2: INDUSTRIAL PROFILES

Notes: Both panels cover all countries in the GGDC 10 dataset (de Vries et al. 2015; Timmer, de Vries,
and de Vries 2015). Panel A plots each country’s peak manufacturing share against the year in which its

manufacturing employment share began growing rapidly. For countries with no rapid growth in the data,
we take an extremely conservative approach and impute their rapid-growth start to the year 1900. The two
lines are lines of best fit, one for the full period 1900 onward and one for 1948 onward. Panel B plots each
country’s manufacturing share against its non-agricultural share. Both panels smooth with a fourth-order
polynomial.

Figure 1, Panel A, and Figure 2, Panel A, highlight that there is substantial heterogeneity
in the employment shares of countries. Even in these selected time paths there is a tight
relationship between when a country began industrializing and the industrial employment
share that it eventually reaches. For instance, Great Britain was the world’s first indus-
trializer and reached an extraordinary manufacturing employment share peak of almost 50
percent. Middle developers like Spain, Japan, and South Korea obtain more modest shares
and the most recent developers like Peru and Philippines seem to have attained very low
peaks. These patterns are discussed in more detail in the original paper Rodrik (2016).

Another way to view a similar relationship is to plot the manufacturing employment share
of these countries against the non-agricultural employment share. We do this in Figure 1,
Panel B, and Figure 2, Panel B. Plotting against the non-agricultural employment share is
common in the literature due to the negative monotone relationship between agricultural
employment and economic development, pointed out by Kuznets (1973). Thus, using the
non-agricultural employment share is a convenient way to visualize economic development
on the x-axis. It is also convenient because it highlights another dimension of heterogeneity
in the industrialization profiles of countries. Figure 1, Panel B, shows that the manufac-

turing employment share has peaked at lower levels of non-agricultural employment. That
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demonstrates that there is also heterogeneity in the size of the service sector. That is, even
at similar levels of non-agricultural employment the service sector of late developers is now
larger than it was for early developers.

Another feature of the data we would like to draw attention to is the relationship between
economic openness to trade and the peak manufacturing share. We proxy economic openness
via the self-expenditure share of a given economy. Figure 3, Panel A, plots the relationship
between self-expenditure share in 2000 and the peak manufacturing share attained for all
developing economies for which we have data. We observe that more open economies tend
to have higher peak manufacturing shares. This is consistent with the observation that
developing economies have a comparative advantage in manufacturing.® If an economy
is more open it is more able to take advantage of its comparative advantage, producing

manufactured goods and exchanging them for agricultural and service goods.
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FIGURE 3: INDUSTRIAL PROFILES OF DEVELOPING ECONOMIES

Notes: Each point is a developing economy. Panel A plots the peak manufacturing employment share against
the self-expenditure share in 2000. Panel B plots the peak against the ratio of manufacturing to agricultural
labor productivity in 2000. The peak is smoothed over a five-year moving average. Dashed lines are 95

percent confidence bands. The slope of the OLS is —0.407 (s.e. 0.219) in Panel A and —0.0052 (s.e. 0.0021)
in Panel B.

How much does trade shape industrialization? As discussed in the introduction, if coun-
tries are autarkic, then faster manufacturing productivity growth should lead to a lower
peak manufacturing share. If countries are open, then faster manufacturing productivity
growth should lead to a higher peak share (due to specialization). Huneeus and Roger-
son’s (2024) Proposition 2 illustrates this relationship in the closed economy case. In their
closed-economy benchmark, they prove that the peak manufacturing share is decreasing in
g = gm — gs and increasing in g,. Sposi, Yi, and Zhang (2026) studies the open-economy

counterpart to this point. Their trade-versus-autarky counterfactuals predict that countries

3Fujiwara and Matsuyama (2024) for instance discusses this point at length.
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with faster manufacturing productivity growth reach higher peaks in Chinese and Indian
examples.

We empirically test this in Figure 4. For our 43-country panel, we compute country-level
annualized labor productivity growth rates (g4, gm, gs), measured as real value added per
worker. We then regress the peak manufacturing employment share of each country on three
relative average manufacturing growth rates for each country: ¢,, — g, gm — 9o and g,, — gs.
Our sample is the 29 countries whose peak falls inside their sample window. We overlay
the data with the peaks predicted by the model of Huneeus and Rogerson (2024) (HR). We
start the model from each country’s observed initial sectoral employment shares and feed
own growth rates in the same manner as HR. The model predicts negative slopes, as in their
Proposition 2. In the data the slopes are flat.* These regressions suggest that in the data,
countries that get relatively better at manufacturing do not reach lower manufacturing peaks,
as the closed economy predicts.® This is consistent with open-economy forces offsetting the

closed-economy mechanism, as in Sposi, Yi, and Zhang (2026).

4Appendix Figure D.1 repeats this exercise over a full sample and replaces labor productivity with
inverted TFP. With inverted TFP results are similar. All four data slopes are positive with marginally
better fits.

5 Appendix Figures D.4 and D.5 show the full 43 countries which have positive data slopes.
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FIGURE 4: PEAK MANUFACTURING SHARES AND PrRODUCTIVITY GROWTH

Notes: Peak manufacturing employment share against manufacturing productivity growth relative to that
country’s overall productivity growth (Panel A), agricultural pro
productivity growth (Panel C). The sample consists of the 29 countries whose peak lies inside their sample

window of their first and last recorded data in GGDC. Productivity growth is labor productivity, measured
as changes in sector level real GDP per person. This is the same d

in Huneeus and Rogerson (2024) (HR). The peak is measured over a five-year moving average. Each panel
reports the OLS slope, standard error and the correlation, for the data (black) and the HR model (orange).

Model peaks are computed from HR, started from each country’s
of the sample.

ductivity growth (Panel B) and services
efinition and production function as used

observed employment shares at the start



One of the most striking features of the data is also the relationship between the peak
manufacturing employment share and the manufacturing-agricultural LRP productivity gap.
We plot this in Figure 3, Panel B, for all the developing economies for which we have data.
Figure 3, Panel B, shows that there is a negative relationship between the LRP productivity
gap and attained peak manufacturing shares. We interpret this as highly suggestive evidence
of a wedge between agricultural and non-agricultural labor (either a migration barrier or a
difference in worker composition) that constrains the manufacturing sector. For instance,
countries like Tanzania exhibit huge LRP productivity differentials of over 10-fold between
agricultural and manufacturing workers. At the same time, these countries exhibit peak
manufacturing employment shares of below 10 percent - very low. This is consistent with
the idea that where laborers are inefficiently locked into agriculture the “push” of labor from

agriculture into manufacturing is insufficient to counterbalance the “pull” from services.

3 Theoretical Framework

3.1 Static Equilibrium

We follow CDP but generalize the model to feature structural change. Households are
indexed by region n only. Within a region, workers reallocate frictionlessly across sectors, so
a single regional wage wj' clears the local labor market. Per-capita supernumerary income is

" = wp — PG, — P/, = (1 — SP)w}, where we define the per-sector Stone-Geary share

for j € Jsg = {a, s} and the net share as

n,a __ tn’aéa 0 1 n,s __ tn757 0 Sn _ n,s 1
=T e0n), =Rl St=S S (1)

By construction, the agricultural shift is a subsistence floor (s;"* > 0) and the services shift
is a luzury premium (s;°° < 0). Manufacturing has ¢,, = 0.

The household’s real consumption is the supernumerary CES dual,

wi — Be — Bes (1 5¢)w

Cp =

The associated sequential value function and instantaneous utility are

Zﬁs (e

with a Stone-Geary CES aggregator that introduces a per-capita subsistence floor ¢, > 0 on

({On ) U(Cf) = log Ctn’
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agriculture and a luxury shift ¢; < 0 on services:

Gy = (al/o (C?,a _ Ea)(a—l)/o’ + arlrfo (C?,m)(a—l)/U X a;/o' (C?,s _ 53)(0_1)/0) o/(o—1) |

a

with the subsistence constraints ¢;”* > ¢, and ¢;"* > 0. We restrict attention to allocations
where the services expenditure share, A}**, is positive. Defining the supernumerary quantities
as & = ¢ —¢; for all j (where ¢, = 0), then the bundle is a standard homothetic CES in

¢. This supernumerary CES dual price index has the usual closed form,

1
1—0o

B = (z N <P:'f>”) | ®)

First-order conditions yield supernumerary CES expenditure shares reminiscent of the
usual homothetic CES forms, and expenditure shares A}/ = P/ ¢ Jw} that split into a

Stone—Geary piece (only for j € Jgg) and a supernumerary piece:

i = a;(P) e
t

= . AV =1{j € Jsg}s) + (1 - SN, AP =1. (3
Zkak<Ptn’k)1_U t {J SG} t ( t) t ; t ()

Setting ¢, = ¢, = 0 recovers the homothetic CES in the appendix of CDP with A™/ = Al =
A and P" = P

Production follows the multisector form of CDP. The output for a producer of a variety
is given by

: ) o [ N
wzwmmW“OHwW$t>.
k=1

Note that M;* 9k represents producer materials sourced for sector j from sector k in
region n. These materials themselves come from local output of sector k. The total local
sectoral output in sector k divides into that which goes to total consumption locally, and
that which goes into this material bundle. Consumption is also not traded. The final good

that supplies both consumption and materials is the CES aggregator,

nj

n
ni mi s i 1=1/nmd .\ -1
= ([ @) ae)
We also omit capital, modeling sectoral gross output as labor value added combined

through an input—output network. Herrendorf, Herrington, and Valentinyi (2015) show

that the main technological driver of structural change is differential (labor-augmenting)
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productivity growth between sectors. They argue that cross-sector differences in capital
intensity are second order and a common capital share fits the data about as well as flexible
CES estimates. SYZ follow this route by keeping capital, but fixing a common capital share
of 0.33 in every sector, so that sectoral differences enter through intermediate intensity.

The unit price of the overall input bundle is:
J n] nk
2 = B (wp)"” H Py’ (4)
k=1

Crucially, by the Eaton-Kortum structure of trade in this model the unit cost of a variety

is L If iceberg trade costs are denoted by x then

z"3<An])
o ‘ (0 i
p () = min {—”t o tv”' } .
2 (A7)

Now, let Q?j be the quantity produced of aggregate sectoral goods j in region n and
"’ (#7) be the quantity demanded of an intermediate good of a variety from the lowest-cost

supplier. Given the Frechet structure we obtain the price of the sectoral aggregate good as:

=1

N . 0J
WEW%ZMWW$MWW> (5)

i=1

where I = I'(1+(1— n”j)/gj)l/(lfnnj) is the Fréchet-CES constant (I'gx in Appendix A.5,

where the price index and trade shares are derived from the Fréchet primitives).

(.’ITUK,nJZ]) —67 (Az])oj’Yj
Yoy (e mgm) ()™

With these objects defined we can move to the main budget constraint equation of this

ngij _

(6)

model. Region n expenditure on sector j is given by final demand plus materials demand.
Final demand consists of household consumption out of income, wj'L}, and a period-by-
period transfer D} that tracks trade imbalances. Writing these together gives the expenditure

market clearing condition:
J N '
= S S A L D7), "

where A7 = 1{j € Jsg}si? + (1 — SP)AP from above, and the regional wage bill w}L} =
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>, wiF L% replaces the sum-over-sectors form because wi* = wj for all k. We allow for
exogenous trade imbalances via D}'. For simplicity, households consume out of wage income
only, while D} then finances additional expenditure that is spent across sectors with the
same expenditure shares A?’j but does not enter household utility. Each country’s trade
imbalance is computed as Df = (df — d;) >, ., wi"L}", where df is the smoothed-current
account deficit (Miiller et al. 2025) as a share of GDP and d; is the income-adjusted world
mean, dy = >, d¢>. _ wrLP/ S wL{, so that we force imbalances to sum to zero
each period. We allocate Dy across the country’s two regions in proportion to the regional
wage bill, D} = (wpL}/ >, c,wi'Ly") - Df. When ¢, = ¢, = 0, s = s = 0, and
AP = AP =\

Finally, static labor market clearing aggregates the per-sector clearing of CDP to the

region level:
WLE = 30 X, ®)
j=1 =1

Sectoral employment L?j is no longer a state variable; it is a static residual pinned by labor

demand at the regional wage,

i SN g i o
pp = L A S )

)
wTL

3.2 Dynamic Equilibrium

Workers compare regions so that their idiosyncratic taste shock is drawn over destination
locations i € {1,...,N}(= {R,U}), and migration wedges 7;"* depend only on origin and

destination region. Then the sequential problem after the taste shock is realized is
vyt = U (C}') 4+ max {BE [vi1] — 4 Vei}

1—SP)wp , ni i
= log(%) —|—miax{ﬂE [Uz—i—l} — T —I—l/Et}.

Before learning the taste shock, integrating the Gumbel max yields
Vit =U(C})+E, [max {ﬁVtﬂrl S uei}]

n n N i Mt
= log((l_p%) + vlog (Z exp (M)) : (10)

t =1

The migration mass then takes the standard logit form, now over destination regions
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only:

n,t

o =P (2 = arg max {ﬁthH — 4 Vei})
exp (BVzi-HV_Ttn’i>
= T (11)
S exp (2T

Combined with regional labor market accounting
N .
Ly =S u L. (12)
i=1

Within-region sectoral employment Lﬁl is then determined in the static equilibrium.

The state variable of the model at time ¢ is the distribution of workers in each lo-
cation Ly = {L?}_,. The fundamentals of the model are denoted by ©; and are
©; = (A4, ki, i, 7, dy). That is, productivities, trade costs, IO and value added weights,
migration costs, and trade imbalances. We now state the equilibrium of the model in a
similar fashion to Caliendo, Dvorkin, and Parro (2019). We choose world income as the
numeraire, Y0 wp L} = 1.

Definition 3.1 (Static equilibrium). Given (L;, ©;), a static equilibrium is a vector of wages,
w(Ly, ©,), prices P (Ly, ©,), trade shares 79" (L;, ©,) and expenditures X7 (L, ©;), that
solves equations (1)-(9).

Definition 3.2 (Dynamic equilibrium). Given (Lo, {©:}{2,), a dynamic equilibrium is a
sequence { L, i, Vi, w(Ly, ©4)}22,, that solves equilibrium conditions (10)-(12) and the static
equilibrium at each ¢.

Note that the migration wedge 7; is agnostic to whether the cause of rural-urban wage
gaps is a skill gap, migration frictions, or some other wedge. Suppose for instance that
most of the gap were due to worker composition. Our migration wedge is then simply the
marginal worker’s skill discount. If rural workers face no costs in migrating but would earn
only some fraction h of the prevailing urban wage if they migrated, then a one-off wedge
of % log(1/h) would reproduce the decisions, flows and wage gap exactly.® This point is
discussed in Alvarez (2020) and Caliendo, Dvorkin, and Parro (2019, Appendix G), who
note that wages and flows cannot distinguish the two economies.” What changes is the

interpretation of the cause of premature deindustrialization and what policies would reduce

6This exact formula holds under log utility, homothetic CES and no return migration.

"Caliendo, Dvorkin, and Parro (2019), footnote 53, offers this reading of their own sectoral costs too.
They note that the wedges “capture, in part, the skill composition in each industry, and, therefore, how
costly it is for certain skill groups to switch across industries”.
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the wedge. Our paper shows that late developers have low manufacturing peaks because labor
does not flow to manufacturing when manufacturing productivity rises. Whether a skill gap
or a migration cost is responsible is outside the scope of this paper and is a contentious topic

in the development literature.

3.3 Accounting Decomposition of Manufacturing Share Changes

Before solving the model, we show how to decompose the budget constraint and employ-
ment stocks to see how migration has shaped the manufacturing employment shares across
countries. This section draws closely on the insight of Smitkova (2024). To disentangle the
effect of migration on manufacturing employment we simply add a migration channel to the
decomposition. We present the overall idea here. The value-added steps follow Smitkova
(2024). Figure 5 presents the headline results.

Region n in country ¢ has budget identity

XM = Z'ynk WZ#’“ R AT P LY (13)

This identity suppresses the trade imbalances D} for simplicity, which we add below.
Let Y™ be the gross output of sector j in region n, Y™ = ", 7" X% Substituting into

equation (13), we obtain

Yn] _ Zﬂ_zgnj Az,j sz + Zﬂ_mn] ik,ij sz; (14)

1,k
Using the product rule on (14) and grouping by shock,

Yy = Z (qb?};j,i + Zéb%zk) T 4 Zﬁfg‘,z‘]\i’j + Zﬁb%,iﬂik’i‘j

(.

-~ -~

o S
T, : specialization A nj © preferences Tr.:10
+ § ¢n]l 'U}L + E (bn] ik : (15)
Tfl"jL :labor income 10-feedback
where T .
P I ABI )t 2 M 7T¢J7”er£ Y
Onji = g Pk =y (16)

Since value added shares are given by v/ = v Y™ /(w™ L"), we can add trade imbalances
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and analogously decompose value added into components

Ave, = Ave(TT) 4+ Av(sec) + Ave, (D) + &, (17)
specla. ization secular orrowing

To map value added shares into employment shares it is convenient to define an industry’s

value added per worker, relative to economy average as

"o Ve/Ee’ " ’ N '
neR(c) neR(c) k
By construction we have
o, = 555,
where S¢ = LE’Q is the fraction of labor in sector m in the entire economy. One can then

show that

AS;/AlS;, ASE

ASH = ————= — ——— Alnyy, . 18
™= Ave Alnee, SUm T Amse S0 Vm (18)
N————— ~ ~
K¢ Baumol wedge

In this paper, we divide each country into two regions, R and U, with employment shares
wr +wy = 1, so that S¢, = wrsg + wysy. Writing in changes, the product rule gives the

identity

Aan = (W%ASR -+ (,UIOJASU) —+ (S%AWR -+ S%AWU) + (AWRASR -+ ACUUASU)

J/ J/ J/

TV TV TV
within between interaction

= (whAsg +w)Asy) + (s — s%) Awy + Awy (Asy — Asg)

The between term splits into a net rural-to-urban flow part, Mig®, and a natural growth

remainder, Nat® that is the gap between observed and model-implied net flows:
Mig® = (s — s%) Aw e, Nat® = (5% — %) (Awy — Aw ) (19)

In this way, we can divide changes in manufacturing employment into a migration, natural

migration-fit remainder, within, and interaction component. Then

AS; = Mig® + Nat 4 Int® 4+ within®.
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Adding and subtracting k°AvS, we get, up to the term k¢, , which we fold into R

ASS, = KAV, + (within — £°Avf, ) + Mig® + Nat® + Int*
= k°AVE, () + KEAVE, (56¢) + K°AVE (D) + (within — k°AVE,)
s;efc, se(?tﬁar bo?;)w Ba?l;nol

+ Mig® + Nat® 4 Int°

In our specific case we use WIOD for the value added decomposition and GGDC for
the employment changes and Baumol wedge. This means we have a residual term that
incorporates WIOD-GGDC data discrepancies and second-order terms x°¢,. This residual
is,

R = 1 (A0 e — [A0 (1) + Ao, (550) + Ao, (D))

m,ggdc

and so our final decomposition is

A8 = Av, () + 5 Av (sec) + 5 Av, (D) + (within — KAV geac)
~\~ ~~ ~~ N -
spec. secular borrow Baumol

+ Mig® + Nat® + Int“ + R

We map this decomposition to the intersection of countries that are present in both
WIOD and GGDC data. Results are pictured below in Figure 5, and Table 1 reports the
migration channel by country. The reallocation of labor from rural to urban areas has been
a large component of rising manufacturing shares in the emerging markets we present. The
migration channel averages 7.1 percentage points in the emerging markets in our panel. We
find that the channel accounts for +11.9 points in China, +10.2 in Brazil, +8.0 in Korea,
+5.2 in Mexico, +3.8 in Taiwan, and +3.4 in India. In advanced economies the migration
channel contributes —0.1 on average. Migration accounts for about 53% of the total change
in manufacturing employment share in China, 42% in Taiwan and 37% in India, 113% in
Korea and 298% in Mexico. Brazil’s net change is roughly zero, so the +10.2 pp migration
push is cancelled by the other channels rather than appearing in the headline number. Our
decomposition is partial equilibrium and mechanical. Nevertheless, we believe the large
contribution of migration to manufacturing in emerging markets is suggestive evidence that
spatial immobility could be first order to understanding labor market dynamics in global
manufacturing. Section 6 complements this mechanical accounting with quasi-experimental

evidence on the same push in Brazil.
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FIGURE 5: DECOMPOSITION OF CHANGES IN MANUFACTURING EMPLOYMENT SHARES

Notes: Smitkova (2024) style decomposition of manufacturing employment shares into constituent compo-
nents for countries present in both WIOD and GGDC. Productivity-bridge decomposition of the 1970 to
2014 change in each country’s manufacturing (ISIC C-F) employment share, in percentage points, for the
countries present in both WIOD and GGDC, ordered from the largest increase to the largest decline. Bars
stack the channels of Section 3.3: trade specialization, secular trends (preferences, input-output weights and
wages), borrowing (trade imbalances), the productivity wedge (net of migration, natural growth and inter-
action), rural-to-urban migration, other reallocation, and the WIOD versus GGDC residual. The channels
sum exactly to the observed change, marked by a cross.
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TABLE 1: CONTRIBUTION OF RURAL-TO-URBAN MIGRATION TO MANUFACTURING
EMPLOYMENT SHARE CHANGES BY COUNTRY

Country ~ Mig® (pp) Observed ASS, (pp) Share (%)

Emerging markets

China +11.9 +22.6 53
Brazil +10.2 —-0.3 -3400
Korea +8.0 +7.0 113
Mexico +5.2 +1.7 298
Taiwan +3.8 +8.9 42
India +3.4 +9.0 37
Average +7.1

Advanced economies

Spain +2.2 —14.7 —15
Denmark +0.6 —18.0 -3
Italy +0.4 —11.9 —4
France +0.3 —18.5 —2
Sweden +0.0 —16.3 —0.3
Germany —0.1 —30.2 +0.3
USA —0.2 —15.2 +1
UK —0.2 —25.6 +1
Australia —-0.3 —21.2 +1
Finland —0.7 —17.6 +4
Japan —1.2 —10.8 +11
Portugal —1.8 —12.3 +15

Average —0.1

Notes: Mig€ is the rural-to-urban migration term from the employment-share decomposition in Figure 5, in
percentage points of the 1970-2014 change in the manufacturing (ISIC C-F) employment share. Observed
ASS, is the total observed change. Share is defined to mean = Mig®/AS¢S,. Averages use uniform weights
within each cohort.

4 Model Solution

The previous section presents a mechanical decomposition of manufacturing employment
share changes into secular, trade, and migration channels. However, in order to study the
full general equilibrium role of migration and trade in shaping structural change we must
solve the full model we have laid out. We take the approach of Caliendo, Dvorkin, and
Parro (2019) by solving the model using dynamic hat algebra. Since our model features
Stone-Geary CES preferences and time varying 10 weights and migration wedges we cannot

take the CDP dynamic hat algebra off the shelf. Unfortunately, time varying IO weights in
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our context mean we need to track the level of TFP as an additional initial condition. The
solution to the full static problem is presented in the following proposition.
Proposition 1. Given the static allocation {L?,L?j,m,Xt,wf, P, Ay, st 83, S\t}, the solu-

tion to the temporary equilibrium at t + 1 for given changes L?H, O.41 and imbalances dyq

solves
ok
- nj nj W t+1 T
Tey1 = Bt+1 t+1 H (Pt+1> H W (P1.1)
k=1 k=1 ¢
. —1/67
. _pi 97’yt+1 .. ng,yij
nj o _ nj, 2] PR ij ij t+1
b= <§ Ty xt+1 t+1 ) (At+1> (At ) (P1.2)
N -
&Y g 7 0T AT
nj,ij __ _njij t+1 t+1 1] 17 Vi1
Ty = T i (At—i-l) (A7) (P1.3)
t+1
Pn,a Pn,s
,a a *t+1 n,s __ s *t+1 n __ _na n,s
Sti1 =St Sti1 =St t+1 = Str1 T Sii (P1.4)
Wiy Wiy
e (P , o
n,J __ \™J t+ ng __ . n,J n n,J
i1 = A ok pik Ay =1 € Jsat s + (1= S ) A
S (Pt
(P1.5)
J
nj nk,nj ik,nk ik n,j :n rn nrn
Xii1 = E Vit1 E :7Tt+1 Xt + A (wt+1 Ly wy' Ly + Dt+1) (P1.6)
n ij,mj i
W'y Lt+1 wy' Ly = E %+1 § :Wt+1 X (P1.7)
N ij,mj vij
nj 7t+1 -1 T Xt+1
LY, = (PL8)
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nj \—~"J
(%il) i T, (

nj,nk
Vi1

) i

nj
Bt+1 -

(3 ) T, () ™ .
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N\ nJ i
At = >‘t+1 )‘ Ai1 =

l—0-

k k nk
where Ay = M — AP and

N 1—0
nj n,a — 7,8 —
\nj o (PO ) Sn,a _*0 Ca ns _ *0 Cs
0o - J 1—0> 0o - n 0o - n
nk W w
D et Otk (Po ) 0 0

The supernumerary CES dual price index ]5,5” has the same closed form as the homothetic
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P in (o, P™%), so it satisfies (]5[;1)1_" =30, AR (Prk )

Proposition 1 mimics the dynamic hat proposition 1 of Caliendo, Dvorkin, and Parro
(2019) with some changes. Three changes are particularly noteworthy. First, our setting has
no structures. Instead, we match trade imbalances through the exogenous wedge D}'. Value
added in our model is only labor. This contrasts with CDP, which employs structures in
value added with share £, giving (L)® in the cost bundle. Second, given the more secular
nature of our paper we have time-varying 10 weights. With time-varying 10 weights, & picks
up a correction term [],(P/™*/ w?)mmnk. Price indices and trade shares also pick up an extra
factor (Af;j )eﬂ'Aﬁil’ which involves the level of productivity. Finally, since our framework also
features non-homothetic Stone-Geary preferences, we pick up extra per-region scalar state
variables, s;"* > 0 and s;"* < 0.

Although the above proposition seems messier than Proposition 1 of CDP, the extra
terms are small corrections and the core idea of the solver is the same. Below we present the
solution to the dynamic problem as a second proposition. This follows CDP as well. It also
features small correction terms due to our inclusion of time varying migration wedges and
Stone-Geary CES preferences.

Proposition 2. Conditional on an initial  allocation  of the  economy,
<{L8}, o, Xo, {/ﬁ’i}, Ao, s, 8§, wo, PD,AO,’y()), and given an anticipated path of funda-
mentals {©:Y52, and imbalances {d,}2,, the dynamic equilibrium in time differences

solves

P ' exp((Vig — Vi) B/v) exp(—A7yy /v)
t+1 — nan m m n,m
i ZyNn:1 e exp((Vt+2 - ‘/;—‘rl)ﬁ/y) exp(—ATt+1 /V>

0 N ‘ A A A v
eXP(V;TJLrl - th) = % ( e eXp((V;Q - ‘/;11)/6/’/) eXp(—ATtTl/V)> (P2.2)

pn
Pt+1

(P2.1)
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i=1

where ATZfI = 7’&_11 —
When rural-urban wedges are constant over time we have A7 = 0 and the exp(—A7/v)
factors collapse to 1. This recovers the standard CDP equations from proposition 2 with a

Stone-Geary adjustment.
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4.1 A Closed-Form Special Case

While we solve the full model above numerically, here we provide a closed-form solution to a
special case to highlight the model’s central mechanisms. We restrict attention to a special
case of the quantitative model in order to obtain analytical expression. Consider a small open
economy in agriculture and manufacturing. In this economy, the rural region produces only
agriculture and the urban region produces manufacturing and non-traded services. There
are no intermediate inputs, no cross-border migration (restrictions (i)—(vi) in Appendix C),
and trade is balanced. We use homothetic CES preferences (¢, = ¢; = 0). As in Section
3.3, the employment share of sector j is given by S;; = S5, = L§,/E°. Steady state value
omit ¢ such that the initial steady state value is S}, and the rural share is S,. Recall that

we denote trade elasticities by 6%, 0™. At steady state define the objects:

0*  wh

_1+9aﬁ>’ B= XS, —o(1— XS, M=

<5a<1 - Sa)
v+ (1-5,)/(1+60%)

gzl—AS<1

We call B the services pull. Holding farm employment fixed, a higher urban wage low-
ers the manufacturing share in proportion to B because it makes non-traded services more
expensive. When goods and services are gross complements, i.e., 0 < 1, households spend a
larger share of income on services, and services then hire workers away from manufacturing.
Agricultural worker wages don’t change upon impact, so they buy fewer services. Conse-
quently, the services pull, B is positive if and only if the agricultural employment share is
below a threshold S (Lemma 3). Analogously, we call M the farm push. In the long run,
a higher urban wage also draws workers out of agriculture, raising the manufacturing share
in proportion to M. At a given urban wage, a share { of these workers goes to manufactur-
ing. Part of the inflow goes to services because their higher incomes raise the demand for
services. The long-run response of the manufacturing share therefore has the sign of M — B.
Migration costs affect only 7 in M. The object 7 measures how strongly workers respond in
the long run to the rural-urban wage gap. We discuss this further in Appendix C, equation
(61). Finally, we define a “round-trip” migration cost, 7 = 77V + 7V,

We start from a steady state with S, € (0,1) and S,,,5s > 0. At t = 0, urban manu-
facturing productivity rises unexpectedly and permanently by an MIT shock dlog AY™ > 0.
Agents have perfect foresight after the shock. Asin CDP, employment in each region is fixed
within a period, so workers can only respond to the shock by migrating in later periods.
Throughout, we denote by d deviations from the initial steady state. Section 6 examines
this migration margin in Brazil, using a labor-saving agricultural shock rather than a man-
ufacturing productivity shock.

Proposition 3. Consider the special case with the steady state and shock described above and
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restrictions (i)—(vi) stated formally in Appendiz C. Let 0 < o < 1, and let dS,,/dlog AU™
be the first-order response of the manufacturing share t periods after the shock. Consider the
family of economies that share v, all other fundamentals, and the initial allocation, and differ
only in their round-trip cost, TRV 4+ 7UR > 0. Then there exist thresholds 0 < S < S < 1,
which depend on o, 0%, v, 3, and the initial \* and w®/wY but not on 6™ or on the round-trip
cost (Lemma 3 of Appendiz C), such that:

(a) If S, < S:
e dS,.o/dlog AV™ = —0™S,,B/[(1+6™)S,, — B] < 0.
(b) If S < S,:
e dS,,./dlog AU™ is strictly increasing in t, with
. S+ M- B
1 P L QmSm 0.
o0 dlog AUm M—B+(1+6m8,

o There is a unique date t*(17) > 0 such that dS,,;/dlog AY™ < 0 if and only if
t <t*(1). We call t*(7) the time to industrialization.

e Time to industrialization, t*(7), is weakly increasing in 7. If also S, < S, then
t*(1) > 1 and t*(1) = 00 as T — 0.

Sa < S: manufacturing falls on impact

S < Su: long run positive for every 7

I | |
k

0 S S 1

low cost

— high cost
dips at low 7 dips, then rises. Higher cost no dip: rises
never recovers = longer time to industrialization from impact

FIGURE 6: THE MANUFACTURING SHARE AFTER A MANUFACTURING PRODUCTIVITY
SHOCK

Notes: The figure illustrates Proposition 3. The bars depict regions by initial farm employment share S,
where each part of Proposition 3 applies. The curves plot illustrative paths of dS,,./dlog AU™ over time t
in each region. The dashed lines depict zero, and “cost” is the round-trip migration cost 77V 4 7UFR,

Condition a) says that upon impact, as long as the agricultural share of the economy is not
too large, then services pull immediately acts to deindustrialize the economy. The logic here is
standard: higher manufacturing productivity raises urban wages. Since manufacturing prices
are set globally, manufacturing prices do not rise but services prices do rise. Because of gross
complementarity between goods this increases relative expenditure on services. Because
services are non-tradable they cannot be imported so workers move from manufacturing to
services. Resources also cannot move from agriculture to manufacturing on impact because

migration takes time.
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The interesting condition is when S, > S such that the economy actually industrializes on
impact. This sheds light on another force that acts in the background. When manufacturing
productivity rises, this pulls up urban wages in both manufacturing and services. Prices of
agriculture and manufacturing stay constant and are set by the rest of the world, but services
prices rise. Agricultural workers are thus worse off in real terms due to more expensive
services and consume less services. If agriculture is a sufficiently large portion of the economy
then the reduction in agricultural real wages can swamp the increase in urban real wages
and decrease overall demand for services. This creates industrialization on impact.

Condition b) implies three separate claims. Each relying on there being a sufficient
amount of agricultural labor for the farm push to bite. First, if agricultural labor is abundant
enough then in infinite time the migration push eventually dominates the services pull for
any migration cost. Second, for any round trip migration cost there is a unique threshold
date where before this date services pull dominates and deindustrializes the economy, but
after this date, agricultural push eventually supplies enough labor to dominate. If S, > S,
this date occurs at time zero. Thirdly, this threshold date occurs further out the higher the
migration costs. When condition b) does not hold, agricultural labor that can be pushed is
already exhausted and services pull can dominate even in the long run.

In the next section, we present the results from this model and implications for premature

deindustrialization.

5 Quantitative Results and Estimation

This section explores the quantitative results of the model in the 43-country panel that
spans 1970-2013. We first show the fit of the baseline model, paying particular attention to
the rural-urban labor market wedges and the rural-urban wage gap. We then analyze the
frictionless benchmark comparison by taking 7, ' v — 0. We then finally compare the peak

manufacturing shares of our model and the benchmark compared to the data.

5.1 Baseline Fit: Urbanization Rates and the Rural-Urban Wage
Gap

Figures A.2 and A.3 show the paths of the rural-urban population shares and wage gaps
in the model vs. the data for each country between 1970-2013. As we detail in depth in
the appendix, the model smooths various parts of the data series, including IO weights and
productivity. The result is that the wage gaps generated by the model are smoother than the

data. The data is quite volatile because nominal value added per worker moves with sectoral
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prices. The rural-urban shares in the data are smooth, so the data is not meaningfully more
volatile than the model in those plots.

Figures A.2 and A.3 are direct tests of the performance of our rural-urban labor market
wedge inversion. The idea of the inversion is that in the data for each country and region n, r
we observe the path of supernumerary real incomes {(@}"")/P"}._,, where w;"" = w]"" — K
with K]' = P/""¢, + P/"°¢,. We assume agents have perfect foresight over this wage path,

n,rU

and thus know the value of each region for any given moving costs 7,

V" =In % +E. [max (BVEAY — 7™ + VE?)]
t u

Since we know their values, we also know their moving decisions for any given costs
n,ru __ _ U n,ru u
Iy —P(u—argmax{ﬂ‘/;Jrl—Tt +I/€t})

We thus choose the path of costs {7;"""}L, that make the observed moving decision look
like the data. Critically, this only works if the model generates the same relative wages as
the data.

The model tracks urbanization closely. Across the 41 economies with rural regions (Hong
Kong and Singapore have no defined rural region in our model), the rural population share
path has a median root mean squared error of 1.6 percentage points. The interquartile range
is 1.1 - 2.8 points. The median within-country correlation between model and data paths is
0.99. In 2013, the median urban share is 72 percent against 71 percent in the data. Botswana
has poor fit.

The model also reproduces the paths of the rural-urban wage gaps. In the data, the
median urban-to-rural wage ratio among developing countries falls from 4.1 in 1970 to 3.5 in
2013. Among advanced economies, it rises from 0.9 to 1.4. The median root mean squared
error of the log wage ratio is 0.30. The root mean squared error is not a direct test though,
since the model is by design smoothed whereas the raw data features heavy relative sector
price swings.

The model broadly matches global patterns of structural change. Agricultural employ-
ment falls from 60 to 35 percent in the model against a 56 to 28 percent fall in the data.
Services rise from 22 to 44 percent in the model, while in the data they move from 26 per-
cent to 48 percent. Manufacturing employment rises from 18 to 23 percent, while the model
starts at 18 percent and rises to 21 percent by 2013. The model matches the level of global
manufacturing employment at the start of the sample and replicates the data pattern of no

global deindustrialization.
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5.2 The Frictionless Benchmark

We now compare our model to a frictionless benchmark trade economy by taking 7, oy
0. In this limit the option value vlog ", exp((8Vi,, — 7"")/v) collapses to Smax; Vj,,
and wages are equalized in equilibrium between regions. In this frictionless economy the
migration block drops out and we thus solve a standard trade model. That is, we solve
for a sequence of temporary equilibria. We hold productivities, trade costs, input-output
weights, preferences, and trade balances at their baseline values. Appendix E recalibrates the
preference parameters to give the frictionless economy its best fit. The over-industrialization
of late developers survives in that calibration too. The most relevant point to make here
is that we do not re-invert productivity at a single national wage. Instead, the frictionless
economy inherits the region- and sector-level productivities of Appendix A. This choice (as
well as capital) differentiates our frictionless economy from Sposi, Yi, and Zhang (2026).

Our productivity estimates differ from SYZ in proportion to the wage gap between agri-
culture and the rest of the economy. Sposi, Yi, and Zhang (2026) (SYZ) recover sectoral
productivity from prices, self-trade shares and one national wage. By contrast, we invert
productivity from sector and region level wages. Let A (t), w?(¢), and 7 _(t) denote country
n’s sector j productivity, wage, and trade openness at time t respectively. Model inversion
for productivity sets '

j
Al(t) % Ll (V.
So productivity moves proportional to which wage is fed in.

To see how the difference works intuitively, consider a typical developing economy where
agricultural workers earn a third of what manufacturing workers earn. SYZ price labor in
each sector at the same national wage. A single wage inversion observes that agricultural
output is cheap but also sees a high national wage so assumes agriculture must be productive.
Equivalently, in terms of efficiency units, the single wage inversion sees that agriculture uses
few efficiency units of labor and is thus productive. Under this inversion, poor countries
have a comparative advantage in agriculture. By contrast, when we feed in sector-level
wages, we input a much lower agricultural wage. In our inversion, agricultural output is
cheap because labor is cheap, rather than because labor is productive. Thus, we find that
developing economies have a comparative advantage in manufacturing.

Peters, Zhang, and Zilibotti (2026) likewise recover sectoral productivity from region-
level earnings rather than a national wage, and find a large rural-urban productivity gap
in tradables. Our relative productivity estimates are broadly consistent with Herrendorf,
Rogerson, and Valentinyi (2026), Gollin, Lagakos, and Waugh (2014a), Caselli (2005), and

Restuccia, Yang, and Zhu (2008), who all document that poor countries lag far more in
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agriculture than any other sector of the economy.

The interpretation of the frictionless benchmark depends on the exact nature of the
spatial wedge. If it is a migration barrier then removing the wedge simply reflects removing
spatial frictions in the allocation of economic activity. If the wedge is due to a skill gap then
the frictionless benchmark reflects a rise in rural workers’ skills until they are as skilled as
the average urban worker. The higher manufacturing peaks then represent what happens
under a rural human capital shock.

One important point is that even if the agricultural productivity gap reflects pure selection
then our benchmark does not cleanly collapse to SYZ. If rural workers are less skilled in
general then a low rural wage reflects few efficiency units. In that case, our model coincides
with an SYZ interpretation where comparative advantage is in agriculture. But if the skill
gaps are urban-specific then it signals low farm productivity. In this case, there is a latent
comparative advantage in manufacturing until rural workers acquire urban skills.

The evidence suggests that much of the gap is due to such a lack of urban-specific skills. In
Hamory et al. (2021), and Alvarez (2020) the selection gap is primarily absorbed by individual
fixed effects. These fixed effects include things such as language differences between rural
and urban labor markets which represent a disadvantage that an agricultural worker carries
into urban labor markets but not at home. For example, language differences measurably
reduce migration between Indian districts (Kone et al. 2018). Similarly, Zambia has over
eighty dialects and around thirty languages. Seven of these are official national languages.
English is used mainly in urban areas, while rural areas rely on national languages (Marten
and Kula 2008).

Figure 7 shows the industrial paths of the baseline spatial model against our frictionless
benchmark model for the three biggest developing economies. Each of these economies peak
above the data in the frictionless benchmark, and premature deindustrialization does not
appear. The spatial model pulls down industrial shares in the three emerging economies,
and does generate premature deindustrialization. In the appendix, we report alternative
calibrations of the frictionless model in E.3 that try to get these economies to prematurely

deindustrialize in the frictionless benchmark.
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Manufacturing employment share
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FIGURE 7: MAJOR EMERGING MARKET MANUFACTURING EMPLOYMENT PATHS

Notes: Manufacturing employment shares for the three biggest emerging markets from 1971-2013: Brazil,
India and China. Data in black, baseline spatial model in blue dashed, and frictionless model in red dotted.
Table 2 summarizes the fit.

5.3 Peak Manufacturing Employment Shares

Figure 8 is the central exhibit of this paper. For each country we record the manufacturing
employment share over 1970-2013 from the data. We smooth the data series with a centered
five-year moving average, and record the value and year of the maximum. For the model,
we record the manufacturing employment share by aggregating over urban and rural manu-
facturing. Panel A plots the baseline model peaks on the y-axis against the smoothed data
peaks on the x-axis. Panel B does the same for the frictionless benchmark. Table 2 records

summary statistics.
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Peak manufacturing employment share (both axes)
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FIGURE 8: FIT OF THE PEAK MANUFACTURING EMPLOYMENT SHARE, 1970-2013

Notes: Each point is a country. The left panel plots the peak of the dynamic spatial model with rural-
urban labor market wedges against the peak in the data. The right panel plots the peak of the frictionless
benchmark economy with 7, — 0. Red markers are developing countries, blue markers are advanced
economies. The 45-degree line denotes perfect fit. Each panel also reports the correlation, the OLS slope
of the model peak on the data peak, the root mean squared error and the mean model minus data gap for
developing countries. Table 2 summarizes fit moments.

Figure 8 shows that the frictionless economy clearly over-industrializes late developers.
Peak manufacturing employment shares exceed the data by 14.1 percentage points on aver-
age across the 26 developing countries. The median peak overshoots by 10.3 points. This is
exactly what the comparative advantage argument would suggest. Once rural labor friction-
lessly can access urban labor markets, the open-economy sends a large number of workers
into manufacturing. The core feature of the data that drives this reallocation is the high
wages (and hence high inferred productivity) of manufacturing in the data. This high in-
ferred productivity shows up as strong comparative advantage. Developing economies in
the model specialize in manufacturing and import agriculture. The correlation between fric-
tionless and observed peaks is 0.04 and the slope is 0.05. Recalibrating preferences to the
frictionless economy alone moves the median overshoot to 8.9 percentage points and leaves
the correlation near zero. See Appendix E, for details, and Table E.1.

The dynamic spatial model with costly migration wedges removes roughly nine tenths of
over-industrialization bias. The spatial model over-industrializes developing economies by

1.9 percentage points on average. However, most of this is driven by outliers. The model
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slightly under-industrializes the median developing economy by 0.8 percentage points. The
correlation with the data rises to 0.59 and the slope to 0.66. South Korea, Botswana, and
Costa Rica are the largest model outliers. These countries’ baseline peaks exceed the data by
36, 31, and 19 percentage points respectively. Excluding these countries flips the mean over-
prediction into an under-prediction of 1.6 points. Botswana’s over-industrialization is driven
by its mining sector, which the model inversion infers as high manufacturing productivity.
As might be expected, the migration wedge does not materially move advanced economies.
Both the frictionless and frictional models under-predict the advanced economy mean peaks

by about 8 percentage points. The shortfall is inherited from the calibration of our trade
block.

TABLE 2: FIT OF PEAK MANUFACTURING EMPLOYMENT SHARES, 1970-2013

Baseline Frictionless

Correlation with data peaks 0.59 0.04
OLS slope of model peak on data peak 0.66 0.05
Root mean squared error (pp) 10.7 17.7
Model — data, developing, median (pp) -0.8 +10.3
Mean peak, developing (data 0.24) 0.26 0.38
Mean peak, advanced (data 0.39) 0.31 0.31
Median peak year (data 1986) 1989 1973

Notes: 41 countries. Hong Kong and Singapore excluded. Developing (26) is every country except the 15
advanced economies AUS, AUT, DEU, DNK, ESP, FIN, FRA, GBR, IRL, ITA, JPN, NLD, PRT, SWE,
and USA, so South Korea and Taiwan count as developing. Peaks are maxima of five-year moving averages
of the manufacturing employment share over 1970-2013.

5.4 Peak Levels, Peak Timing, and Income

Figure 9 plots the peak manufacturing share against log GDP per worker in 1990 in the
baseline model, in the frictionless economy and in the data. In the data the relationship is
steeper and starker than our frictional model. A country that is one log point richer in 1990
reaches a peak manufacturing employment share 5.7 percentage points higher, and peaks 12
years earlier. This is the premature deindustrialization fact of Figure 2, Panel A, restated
for our sample data.

The frictionless model gets the sign of this relationship wrong. The slope is —0.021 (with
standard error 0.017) because poorer countries over-industrialize. The baseline removes
this overshoot and the slope is +0.026 (standard error 0.015). Neither version produces a
relationship that is as stark as the data. Both models under-industrialize rich economies by
about 8 percentage points. The migration wedge successfully rationalizes why late developers

peak far below their comparative advantage (where they peak in the frictionless benchmark).
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Richer countries also peak earlier in the data than in the model. The median peak year
moves from 1973 in the frictionless economy, to 1989 in the baseline, against 1986 in the
data.

Model: Baseline Model: No frictions Data
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FIGURE 9: PEAK MANUFACTURING SHARE AND INCOME PER WORKER

Notes: Each panel plots a country’s peak manufacturing employment share over 1970 to 2013 against its log
GDP per worker in 1990 for the baseline model (left), the frictionless model, 7, — 0 (middle), and the data
(right). Peaks are maxima of five-year moving averages of the manufacturing employment share. Colors give

the é)eak year. Circles mark interior peaks, and diamonds mark peaks at the first or last year of a country’s
window. Hong Kong and Singapore are excluded since they have no rural region in the model.

5.5 China Shock

In the previous sections we argue that a rural-urban labor market wedge is blocking the in-
dustrialization paths of today’s emerging markets. One common argument is that premature
deindustrialization could be caused by China. This section adjudicates the role of China in
premature deindustrialization. We run a counterfactual that freezes Chinese fundamentals
at their 1970 values. Our baseline follows Caliendo, Dvorkin, and Parro (2019) by explicitly
modeling the Chinese manufacturing export boom as a target of the model. Because running
counterfactuals relies on a baseline that matches the data, we also run a version of the model
that incorporates sector switching costs into the model. Changing rural-urban switching
costs for direct sector switching costs follows the approach of Caliendo, Dvorkin, and Parro
(2019) and makes sure that the baseline follows the data as closely as possible. We also run
the rural-urban model (with frictionless labor movement within regions) and report results
for both.

In this version of the model each country now has three labor markets: agriculture,
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manufacturing, and services. Each has a switching cost inverted similarly to the rural vs.
urban discrete choice model. We run the counterfactual in this version of the model in
addition to the frictionless within region version. The sector-switching model tracks sector
employment closely. The correlation between model and data peak manufacturing shares
in this version of the model is 0.96. This version also imposes a time varying drift in the
manufacturing preference weight so that it drifts down at a common rate of 1.5 percent a
year over 1970-2013.

Table 3 reports the resulting difference in manufacturing employment shares between the
baseline and the counterfactual. Figure 10 plots the baseline and counterfactual employment
paths against the data for the United States and nine countries which the baseline fits well.

In the sector-switching model, we find that the rise of China decreased manufacturing
employment by 0.67 percentage points in advanced economies and 0.29 in developing coun-
tries. The rise of China decreased U.S. manufacturing employment by 0.23 in our model
which is below the 0.36 found by Caliendo, Dvorkin, and Parro (2019). Naturally, we find
larger effects in 2000 and 2013 in the region switching model, where the less frictional real-
location of labor leads to a 0.52 percentage point decrease in manufacturing employment in
the United States. Our smaller estimate in the sector-switching model is consistent with our
broad manufacturing industry classification which includes construction, mining, and utili-
ties. These are either non-tradable sectors or sectors that likely boomed via input demand to
Chinese manufacturing. Our model captures these forces inside of the broad manufacturing
definition, which likely mutes the result relative to the definition in CDP.

This aggregate effect masks substantial cross-country heterogeneity. The rise of China
had the biggest deindustrialization effects by 2013 in Australia (—2.0), Ireland (—1.9),
Ethiopia (—1.8) and France (—1.0). By contrast, Hong Kong (+4.0) and Malaysia (+0.8)
found their manufacturing shares rise with China. Effects on peak manufacturing shares
are smaller than the 2013 effects. Advanced economies’ peaks are unchanged, since they oc-
cur before China’s rise. Developing economies are (.22 points lower in the sector-switching
model. In the region-switching model, advanced and developing peaks are 0.38 and 0.09
points lower respectively.

Two points are noteworthy in the interpretation of our estimates. First, we aggregate
manufacturing across different types of goods. So Chinese manufacturing competition falls
equally over all types of manufactures in this model’s counterfactual. In reality, Chinese
manufacturing competition was concentrated in lower value added, labor-intensive goods.
This overlap is stronger with other emerging economies than for advanced nations. Thus, in
practice emerging economies were probably more exposed while advanced economies were

probably less exposed than our counterfactual suggests. Our counterfactual averages over
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these exposures.

Second, consistent with Huneeus and Rogerson (2024), we use the broad sector manu-
facturing classification. This includes mining, utilities, and construction into the category of
manufacturing. The global commodity supercycle of the 2000s was largely driven by China,
and so shows up in our estimates. In this sense, commodity intensive exporters like Aus-
tralia, Brazil, and Chile would have deindustrialized more than the counterfactual suggests
if we were to define manufacturing more narrowly.

Figure 11 shows manufacturing real wages for the select countries. By 2013 the rise of
China lowers manufacturing real wages in seven of the ten pictured economies, most strongly
in France, where it falls by 6.9 percent. Since switching between sectors is costly, Chinese
competition lowers manufacturing real wages despite increasing real wages in the economy
overall. The switching costs mean that real wages move more dramatically than employment
shares. In the global economy as a whole, the rise of China raises the average real wage in
2013 by 3.1 percent in advanced and 4.3 percent in developing economies, where real wages

are deflated by the model’s own price index with the drifting preference weights.

TABLE 3: MANUFACTURING EMPLOYMENT SHARES: BASELINE AND CHINA FROZEN AT
1970 COUNTERFACTUAL

Effects of the Rise of China

Sector switching Region switching

Advanced, in 2000 —0.38 —0.52
Developing, in 2000 —0.13 —0.41
Advanced, in 2013 —0.67 —1.23
Developing, in 2013 —0.29 —0.77
Advanced, peak share 0.00 —0.38
Developing, peak share —0.22 —0.09
United States, in 2013 —0.23 —0.52

Notes: The table reports the manufacturing employment share in the baseline minus the counterfactual (pp).
This counterfactual holds Chinese productivities and trade costs at 1970 levels. The labor market wedges,
Chinese value-added and input-output shares and China’s deficit-to-income ratio follow baseline paths. The
column labeled “Sector switching” reports results for the model with sector switching costs described in this
section. The column labeled “Region switching” reports results for the rural-urban migration model used in
the rest of the paper. Manufacturing employment share sums manufacturing employment over a country’s
rural and urban regions. The rows for advanced and developing economies report simple means over the 15
advanced economies and the 25 developing economies excluding China, Hong Kong and Singapore.
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FIGURE 10: MANUFACTURING EMPLOYMENT SHARES: BASELINE AND
COUNTERFACTUAL

Notes: The figure reports the manufacturing employment share, in percent, in the baseline, counterfactual
and data. The counterfactual is defined as in Table 3. Results are for the model with sector switching costs
described. The top row reports advanced economies and the bottom row developing economies.
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FIGURE 11: MANUFACTURING REAL WAGES IN BASELINE AND COUNTERFACTUAL

Notes: The figure reports the manufacturing real wage in the baseline, counterfactual and data. The
counterfactual is defined as in Table 3. Results are for the model with sector switching costs described
in this section. The top row reports advanced economies and the bottom row developing economies. The
countries are those of Figure 10. Model real wages are the manufacturing wage deflated by the CES price
index of the manufacturing region.

The finding that China is not a primary driver of premature deindustrialization should
not be surprising given the stylized facts we observe in the data. If China were the cause
of broad global deindustrialization then we should expect to see low and falling wages in

manufacturing. Yet, in the data manufacturing wages remain stubbornly higher than overall
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wages in emerging markets. Secondly, premature deindustrialization was already a stark fea-
ture of the data before China’s accession to the WTO in 2001, which is widely considered to
be the start of the China shock. If China were responsible for premature deindustrialization
then the timing of premature deindustrialization would sit awkwardly against Chinese global
import penetration numbers before 2000. Finally, CDP already study this question in the
context of the United States. Although CDP document substantial negative impacts to U.S.
manufacturing from the China shock, their numbers are an order of magnitude lower than

the numbers that show up in the premature deindustrialization literature.

5.6 Discussion

We draw three conclusions from the results presented in this section. First, the baseline
dynamic spatial model is internally consistent with the data used for inversion.

Second, Section 2.2 documented suggestive evidence as to why premature deindustrializa-
tion should take account of global trade. The figures in this section document this compre-
hensively. Our frictionless benchmark of structural change that incorporates trade with fric-
tionless labor markets (and productivities measured per worker) tends to over-industrialize
late developers by about 10 percentage points. Trade-induced over-industrialization elimi-
nates, and slightly inverts, premature deindustrialization. The open-economy is thus quan-
titatively active, and swamps the closed economy Baumol channel.

Third, estimated migration wedges close almost nine tenths of the trade-induced over-
industrialization and bring emerging economies much closer to the data. Our quantitative
model still under-industrializes advanced economies. The next section tests the mechanism

behind these results outside the model, using a labor-saving agricultural shock in Brazil.

6 Evidence from Brazil

An implication of our model is that whether a labor-saving agricultural productivity shock
moves employment from agriculture into manufacturing depends on rural-urban mobility
costs. We examine this implication using the setting, data construction, and specification
of Bustos, Caprettini, and Ponticelli (2016) (henceforth BCP), which studies the 2003 legal-
ization of genetically modified soy in Brazil, a labor-saving shock that raised manufacturing
employment shares in more exposed municipalities. We augment their specification by al-
lowing the effect of the shock to vary with a pre-period proxy for municipalities” mobility
costs.

In 2003, Brazil legalized the planting of genetically modified soy, which decreased the
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necessary labor per hectare by allowing farmers to plant without tillage and with fewer
herbicide applications while maintaining soy yield. The following decade simultaneously saw
the continued spread of a second harvesting season for maize due to modern cultivation
techniques, which increased output per hectare by allowing farmers to grow maize as a
second crop within the same agricultural year. We exploit the fact that the soy technology
was labor-saving rather than a pure productivity shock. In municipalities that sell crops
in open markets, a productivity shock that does not save labor would draw workers into
agriculture, as BCP finds for the land-augmenting second maize season. The labor-saving
soy shock, however, releases labor out of agriculture, which allows us to test our model’s
prediction about how mobility costs determine whether they find jobs in manufacturing.

Our exposure measure is the difference in FAO-GAEZ potential yields under high and
low-input technologies separately for soy and maize, which measures how much a region
stands to gain from adopting the new technology for that crop. We use the population
census microdata waves 2000 and 2010 to measure changes in sectoral employment shares,
and the 1991 wave for our baseline control variables. Table F.1 shows the summary statistics
of all main variables used.

We proxy for mobility costs with migration propensity, the observable implication of
low mobility costs under either of their interpretations, migration frictions or skill barriers.
Specifically, workers leave agriculture more easily where migration frictions are low and find
urban jobs more easily where skill barriers are low. Our baseline measure is the youth
share, i.e., the share of a municipality’s 1991 population aged 18 to 25, measured more than
a decade before the shock. Migration is strongly concentrated among younger adults in
every country and period for which age-specific rates exist. This is the well-documented
age gradient in migration propensity (Rogers and Castro 1981; Bernard, Bell, and Charles-
Edwards 2014). The mean age of migration between Brazilian municipalities lies in young
adulthood in the 1991, 2000 and 2010 censuses (dos Santos, Barbieri, and Amaral 2023), and
those leaving rural Brazil have become increasingly young (Camarano and Abramovay 1998).
The same gradient appears in international migration: countries with a larger share of their
population aged 15 to 29 have higher emigration rates (e.g., Mayda 2010). Young cohorts
also drive structural change by entering non-agricultural work, carrying the human capital
valued outside it (Porzio, Rossi, and Santangelo 2022). A young population therefore signals
low mobility costs under both interpretations. In Appendix F, we show that our results are
similar under alternative age-based proxies and under realized urban-directed out-migration
from 1995 to 2000, which measures migration propensity directly. Past out-migration also
matters for later moves, as migrants from the same origin facilitate access to destination
labor markets (Munshi 2003).
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We keep the youth share as our baseline because it is largely determined by fertility
decisions in the 1960s and 1970s, three decades before the shock, and thus cannot respond to
local economic conditions in the years just before the shock, unlike realized out-migration.
The two proxies reflect migration frictions and skill barriers differently and thus need not rank
municipalities in the same way. While the youth share proxy measures potential movers, i.e.,
residents at the most mobile ages, the out-migration proxy measures actual moves between
1995 and 2000.

Our research design augments the continuous difference-in-differences specification of
BCP by interacting the technological exposure measures with quintiles of migration propen-

sity:

5
ij — AJ + ﬁsoy AAEOY + 6maize AA;naize + Zﬁaoz AA;oy . 1{Q(]) _ k}
k=2
5 . ' 5
+ ) pEe AAT L 1{Q() =k} 4+ > O, H{QU) = k} + X 190 w + Ae; (20)
k=2 k=2

where Ay; is the 2000-2010 change in an AMC j’s sectoral employment share, AA™ and
A AT are the crop exposure measures, and X 1991 collects the baseline controls, specifi-
cally, the rural share, log population density, literacy rate, and log income per capita from
1991, as in BCP. The interactions with Q(j), the quintiles of an AMC j’s migration propen-
sity, identify how the effect on sectoral employment shares is moderated by mobility costs.
The total effect of the soy shock in a given quintile is given by the sum of the coefficients
of interest, 3°*¥ + 7, which our model predicts to increase with mobility. We include the
maize exposure term and its interactions with migration propensity in each specification as
controls but do not use this shock for our analysis as its average effect size is only a fifth
of the size of the soy effect, too small to detect heterogeneity with precision. We cluster
standard errors at the microregion level, a grouping of municipalities above the AMC level,
except in columns that replicate BCP, where we use robust standard errors.

Table 4 presents our main results. The first column replicates BCP, showing that a one
tonne per hectare increase in soy exposure increases the manufacturing employment share
by 2.1 percentage points from 2000 to 2010. The second column shows our baseline speci-

fication.® Our key finding is that the effect on manufacturing employment shares exhibits

80ur estimation sample includes slightly more AMCs than BCP (our 4,260 against their 4,149) because
their estimation sample requires filtering on non-missing values on variables that we do not study. Through-
out our analysis, we explicitly test if our results are robust to limiting our analysis to the AMCs in the
original BCP sample. We label these columns with a “BCP sample” row indicator, such as column 4 of this
table.
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a strong gradient across migration propensity. In particular, municipalities with the lowest
migration propensity experience an effect indistinguishable from zero; this effect then rises
monotonically with migration propensity reaching its maximum total size of 2.8 percentage
points in the largest quintile. Figure 12, Panel A, depicts this gradient in the total effects on
manufacturing employment shares, while Panel B shows the mirror image of this gradient
for the agricultural sector. Column 3 shows that the gradient is robust to a rich set of devel-
opment controls, specifically, state fixed effects and the 1991 measures of urbanization, log
population density, literacy rate, and log income per capita, each demeaned and interacted
with our two exposure measures, and column 4 replicates our results in the sub-sample of
AMCs used in BCP.
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TABLE 4: MIGRATION PROPENSITY GRADIENT IN THE SOY EFFECT ON
MANUFACTURING

A Manufacturing employment share

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

A A3Y 0.021***  0.003 0.003 0.003
(0.002)  (0.006)  (0.006)  (0.006)

AAY x Mig. Prop. Quintile 2 0.014**  0.011*  0.014**
(0.007)  (0.007)  (0.007)

A A5 x Mig. Prop. Quintile 3 0.014* 0.012* 0.014*
(0.008)  (0.007)  (0.008)

A A5 x Mig. Prop. Quintile 4 0.017**  0.016**  0.016**
(0.007)  (0.006)  (0.007)
A A5 x Mig. Prop. Quintile 5 0.025***  0.026***  0.027***

(0.008)  (0.007)  (0.008)

Joint test, soy coeflicients on quintiles 2-5 equal 0:

p-value 0.028 0.011 0.016
Observations 4,149 4,260 4,260 4,149
Fixed Effects and Controls:

Baseline controls v v v v
Development controls - - v -
BCP sample v - - v

Notes: The table reports estimates from equation (20). Column (1) restricts all migration propensity terms to
zero, which replicates the BCP specification (Table 9, column 2). Columns (2)—(4) estimate the unrestricted
equation. The outcome variable for each column is the 2000-2010 change in the manufacturing employment
share. Migration propensity is measured as the 1991 youth share (ages 18 to 25), and its lowest quintile is
the omitted category. Baseline controls are the 1991 rural share, log population density, literacy rate, and
log income per capita. Column (3) adds development controls, specifically state fixed effects and the 1991
urbanization rate, log population density, literacy rate, and log income per capita, demeaned and interacted
with our soy and maize exposure measures. Column (4) restricts the sample to the AMCs used in BCP.

The row labeled “p-value” reports the p-value from an F-test of the null hypothesis that the soy exposure X
quintile coefficients are jointly zero. Standard errors are in parentheses, clustered at the microregion level in

columns (2)-(4) and robust in column (1), as in BCP. *** ** and * denote significance at the 1, 5, and 10
percent levels.
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FIGURE 12: MIGRATION PROPENSITY GRADIENT IN THE TOTAL SOY EFFECTS ON
MANUFACTURING AND AGRICULTURE

Notes: The figure explores the relationship between the soy shock’s effect on sectoral employment shares and
migration propensity. We divide AMCs into five groups depending on their quintile of migration propensity,
measured as the 1991 youth share (ages 18 to 25). We estimate the unrestricted equation (20) and plot

the total effects 35 + Baoy for each quintile along with the 95 percent confidence interval. Each panel

includes the baseline controls, specifically the 1991 rural share, log population density, literacy rate, and log
income per capita. Panel A corresponds to column (2) of Table 4 and Panel B to Column (2) of Table F.2.
Confidence intervals are based on standard errors clustered at the microregion level.

Table F.2 estimates our baseline specification across the four sectors, showing that the
positive mobility gradient of the effect on manufacturing employment shares is mirrored by
a negative mobility gradient of the effect on agricultural employment shares. We interpret
this evidence as consistent with a reallocation across sectors, from agriculture into manufac-
turing, for municipalities with high enough migration propensity. Indeed, in each of the four
upper quintiles, the fall in the agricultural share is accompanied by a comparable rise in the
manufacturing share, while the services share barely moves.

Our results are remarkably robust across different migration propensity definitions and
functional forms. Table F.3 shows that we obtain similar results when measuring migration
propensity with the young-adult share (ages 18-35) or the prime-age share (ages 15-55)
as with our baseline measure, the youth share (ages 18-25). We also obtain similar results
using pre-shock realized out-migration into urban destinations, from 1995 to 2000. Table F.4
presents similar results after replacing our migration propensity quintiles with a continuous
version, normalized to the unit interval in our sample. Our baseline specification, in column
(2), shows that the effect of a one tonne per hectare increase in soy exposure rises by as much
as 4.9 percentage points at the highest migration propensity region relative to the lowest,
where it is indistinguishable from zero.

Identification in this design rests on two main assumptions. First, as in BCP, exposure

must be exogenous conditional on the baseline controls. That is, regions with differential
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potential yield gains would have followed similar trends in sectoral employment absent the
new technologies. Second, migration propensity must be quasi-exogenous, meaning that it
was fixed before the shock and that it does not stand in for other municipality characteristics
that change the shock’s effect. It was fixed before the shock, since we measure it in 1991, over
a decade before the shock and before genetically modified soy was commercially available
anywhere. It also does not appear to stand in for development or region, since our results
are robust to development controls, which include state fixed effects and 1991 measures of
development interacted with exposure, and to alternative proxy measures. The out-migration
proxy provides a further check because it moves with development in the opposite direction
from the youth share. While the youth share is higher in richer municipalities, out-migration
is lower there. Were the gradient driven by development, it would imply opposite patterns
for the two proxies. Instead, both proxies produce the same pattern, with no detectable
effect in the least mobile quintile and larger effects in all four upper quintiles.

We additionally test both assumptions with a pre-trend test, asking whether municipal-
ities with different soy exposure were already on different sectoral employment trends and
whether these differences varied with migration propensity. This would be the case, for ex-
ample, if municipalities with high migration propensity and high soy exposure were already
industrializing faster, independent of the shock.

Table F.5 reports the pre-trend tests. Following BCP, we regress the 1991-2000 and 2000-
2010 changes in log manufacturing employment on exposure and exposure interacted with
the post-shock period (2000-2010) in a stacked specification with lagged baseline controls.
Column (1) replicates BCP’s pre-trend test, testing whether soy shock exposure predicted
changes in manufacturing employment in the years preceding the shock, between years 1991
and 2000.° As BCP, we find a large effect in the post-period and a null effect in the pre-
period, consistent with the quasi-exogeneity of exposure. Columns (2) to (4) add our mi-
gration propensity quintiles and their interactions with exposure and with the post-period
indicator. Consistent with Table 4, we find evidence of substantial effects in the post-period,
moderated by migration propensity, with no detectable effect in the least mobile quintile of
municipalities. In contrast, across all of the specifications, we can never reject the joint null
hypothesis of no effects across the five quintiles in the pre-period. While our individual total
effects show a clear, robust pattern across migration propensity in the post-period, they are

noisy, around zero, and overwhelmingly not significant in the pre-period.

9While our and BCP’s exposure measures, built using the same FAO-GAEZ v3.0 grids, are correlated
at 0.997, they are not numerically the same. This explains why our replicated coefficients are essentially,
but not numerically, identical. Our pre-period coefficient in column (1) is < 0.001 (s.e. 0.020) while theirs is
0.007 (s.e. 0.020), and our post-period differential, not shown in the table, is 0.238 (s.e. 0.025) while theirs
is 0.234 (s.e. 0.025).
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While our evidence is consistent with mobility costs acting as a moderator, two limi-
tations remain. First, we measure migration propensity using proxies, which rely on the
age-gradient of migration or the realized pre-period out-migration directed to urban places.
These proxies may capture municipality characteristics other than mobility costs, such as its
level of development or regional characteristics. While the robustness of our results speaks
against these main alternative mechanisms, we cannot rule out every alternative reading of
the gradient. Second, we observe sectoral shares rather than movements of workers. While
we show that in mobile municipalities, employment shifted from agriculture to manufactur-
ing, we cannot link workers who left agriculture to those who entered manufacturing at the
worker level as the censuses do not track workers over time.

Overall, our quasi-experimental evidence is consistent with the implication of our model
in Section 3 that a labor-saving agricultural productivity shock moves employment from
agriculture into manufacturing only where mobility costs are low. In Brazil, comparing
municipalities with the same exposure to the shock but different migration propensities,
those with high migration propensity industrialized in response to the shock while those

with low migration propensity did not.

7 Conclusion

Today’s late developers reach manufacturing employment peaks about half as high as the
early industrializers did, and they reach them at lower incomes. This paper argues that
through the lens of a spatial model inversion, international trade should push these economies
to industrialize more, not less. We rationalize the fact that emerging markets are not indus-
trializing through a rural-urban labor market wedge, which can be interpreted as either an
internal migration friction, or a worker skill barrier. This wedge stops manufacturing from
pulling labor out of agriculture, and keeps workers in agriculture.

We recover this wedge from the joint path of rural-urban wage gaps and population stocks
in 43 countries. We find it to be large in late developers, where comparative advantage
would otherwise pull labor into manufacturing, and falling over time in most countries.
Because today’s late developers grow much faster than the early industrializers did, this
wedge binds within a far shorter development window. We show that without this wedge
a trade model over-industrializes the median developing economy by over 10 percentage
points and eliminates premature deindustrialization. Because rural and urban labor markets
clear at different wages, the model also delivers the fact that premature deindustrialization
appears in employment shares but is weaker in value added shares.

We augment this result with an accounting decomposition of the standard trade model
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budget constraint. The accounting decomposition suggests the same story: internal mi-
gration is the largest contributor to manufacturing employment growth in four of the six
emerging markets in WIOD. By contrast, migration appears to be a small channel in ad-
vanced economies.

We use microdata and a quasi-experiment from the literature to examine the observ-
able implication of our model that agricultural productivity shocks should have a stronger
industrializing effect on places where spatial mobility costs are lower. Following BCP, we
use the 2003 legalization of genetically modified soy in Brazil as a labor-saving agricultural
productivity shock. We show that the productivity shock’s positive effect on local man-
ufacturing employment shares is larger in municipalities with higher pre-period migration
propensity and absent in those with the lowest pre-period migration propensity, consistent
with our model. Together, our accounting decomposition, structural counterfactual, and
quasi-experiment all point to the same bottleneck, the barriers slowing the flow of labor
out of agriculture. We leave for future work whether differences in the rural-urban wedge,
in addition to the factor bias of technical change emphasized by Bustos, Caprettini, and
Ponticelli (2016), can explain the mixed empirical evidence on the industrializing effects of
agricultural productivity shocks across settings.

The paper suggests multiple avenues for future work. First, the model under-
industrializes advanced economies by about eight percentage points. The median advanced
economy manufacturing peak also comes about nine years too late. The level shortfall is
independent of the migration wedge and could require more sophisticated non-homothetic
preferences, such as those in Comin, Lashkari, and Mestieri (2021).

Second, wage and migration flows cannot distinguish moving costs from skill discounts
for the marginal rural worker. Our results suggest that late developers do not industrialize
because labor does not flow from rural to urban areas, but we do not take a stance on whether
this is due to skill or barrier. Whether the agricultural productivity gap reflects selection or
barriers is a long-standing debate. Incorporating a dynamic Roy model of worker selection
to our framework could separate the two forces.

Our results suggest that rural-urban migration is a critical channel through which opening
to trade works to deliver welfare gains. When this channel is blocked, comparative advantage
cannot be efficiently exploited and industrial dynamics end up coincidentally resembling

those of closed economies in Huneeus and Rogerson (2024) and Fujiwara and Matsuyama
(2024).
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A Construction of Model Inputs and Inversion of Funda-

mentals

This appendix describes how we recover the structural fundamentals of the model from
data. The main fundamentals include sectoral productivities {A7 (¢)}, bilateral trade costs
{x].(t)}, IO weights I (t) and rural-urban labor wedges {7/ (), 7VR(t)}. We set 6% = 4
in agriculture, ™ = 4 in manufacturing and #° = 4 in services, in line with the estimates
from Simonovska and Waugh (2014). The sector-switching model of Section 5.5 instead uses
0 = 3.92, 0™ = 1.61 and 6° = 1.91, and its productivities and trade costs are inverted
at these internally calibrated trade elasticities. The across-variety CES elasticity is set to
n = 2, following Caliendo, Dvorkin, and Parro (2019).

Sections A.1-A.4 cover the underlying panels. Sections A.5-A.8 cover the model in-
version. Table A.1 summarizes calibrated parameters and targets. The model covers 43
countries from 1970 to 2013.

TABLE A.1: CALIBRATED PARAMETERS

Parameter Symbol Value Source

Preferences

Discount factor I} 0.96 annual

CES preference elasticity o 0.56 internal

Ag. subsistence Ca calibrated target median sy = 0.27

Sve. luxury shift Cs calibrated  target median |s;°| = 0.14

Sectoral weights a; calibrated match labor shares in 1970

Migration Gumbel scale Up country-spec. NLS on {3,...,100}

Production

Fréchet elasticity 67 4,4, 4 Simonovska and Waugh
(2014)

Across-variety elasticity i 2 Caliendo, Dvorkin, and
Parro (2019)

10 weights A" | Ik data WIOD, k-NN imputation,
RAS

Geography € numerics

Sectors J 3 ag, manu, svc

Countries C 43 ROW excluded

Regions per country R, 2 rural / urban

Total regions N 84 C x R,

Model base year - 1970

Price benchmark year - 2005 GGDC, ICP

Time horizon T 100 yrs

Notes: 1970 Base Year, 43 Countries, 84 Regions
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A.1 Internationally Comparable Gross-Output Prices

The static inversion below requires, for each country n, sector j, and year ¢, an internationally
comparable gross-output price P?(t) in common units.

We start from a sectoral value-added deflator

Pj’va<t) _ Vr{(t)

Q)

where V' and @ are nominal and constant-price value added in sector j. For every country
except Taiwan, Hong Kong and Bolivia we use UNIDO MEI (United Nations Statistics
Division 2015). They report sectoral value added in both current U.S. dollars and constant
2005 U.S. dollars. 1 UNIDO coverage begins later than GGDC coverage for most countries.
For the years before the first year in which UNIDO reports all three sectors, we use the GGDC
10 sector database, scaled to match the UNIDO deflator. GGDC is in local currency units
so we multiply the price series by the PWT market exchange-rate ratio xr,,(2005)/xr,(t).
Taiwan, Hong Kong and Bolivia are not in UNIDO. For them we use GGDC throughout. We
smooth these series before applying them so that the model smooths through exchange-rate
volatility.

All value-added series are smoothed before taking the deflator. Different to most papers,
we do not use the HP filter. The reason is that, due to the famous exchange rate disconnect,
nominal exchange rate adjustments can have very long half lives that the HP filter is not
designed to smooth through. Even with a large A the HP filter can leave decade-long humps
that pick up exchange rate factors. These humps flowed through to fundamentals and led
to non-convergence in our dynamic model solver. Instead, for each country and sector, we
regress the log of the series on a time trend and its square by a robust Huber regression. We
replace the series with these fitted values. If the fitted quadratic changes direction inside the
sample, we use the linear fit instead. This smoother is used at every smoothing step in the
model inversion, except for rural employment shares, which use a five-year centered moving
average. This is more aggressive smoothing than the HP filter, which Sposi, Yi, and Zhang
(2026) uses. It is less aggressive smoothing than Huneeus and Rogerson (2024), which picks
end points and does simple average growth rates.

Our model needs the gross-output price, which has to absorb intermediate inputs. Let
', be the country’s 3 x 3 matrix of IO coefficients 77*. Let 17 be the share of value added
in gross output. We measure v/ directly as value added over gross output and smooth it
over time when we have both value added and gross output data at sector level. We then

scale each sector’s input coefficients so that Y, 79* = 1 — 1. The Cobb-Douglas constant

1080 exchange-rate movements are built in.
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is Bi = (i)~ Hk(vﬂ;’“)_%k. Equilibrium gross-output prices then must satisfy

log P’ = log B? + v/ log P?" + Z yik log Pf,
k
and solving the Leontief system gives the expression for gross output sector prices, Pﬂl (1),

ﬁg@);;exp{<([-rg(ﬂ)‘10@(w<Dlog1§?(ﬂ-+10gli&t»)j}-

The GGDC Productivity Level Database of Inklaar and Timmer (2014) provides cross
country comparable gross output series in 2005. The remaining countries use the World
Bank ICP 2005 price indices (World Bank 2008). We convert those levels to dollars at the
2005 market exchange rate. We then scale them by the United States benchmark from the
Productivity Level Database. Costa Rica appears in neither source so we impute it with a
Balassa-Samuelson regression of log relative prices on log GDP per capita. This gives us a
complete set of gross output prices for each sector that are internationally comparable at
2005. We denote this series, P7(2005). Then, to obtain a series of prices for each year we
chain differences off of this anchored 2005 data. That is, we set

Pift) = s

= 2P (2005).
PJ(2005)

This approach is similar to SYZ, arrived to independently. We learned to impute Costa Rica

using the Balassa-Samuelson imputation from SYZ (Section 4.1, Appendix A, eq. E.1).

Input-output structure. The I',(¢) input-output weights come from WIOD. We splice
the 2000-2014 WIOD series with the new WIOD Long Run dataset (Woltjer, Gouma, and
Timmer 2021) which covers 1965-2000. We scale the long-run dataset so that the levels
match at the 2000 boundary.

For countries not in WIOD we impute their Input-Output structure. We prioritize getting
value-added shares right, so we identify the value-added share v/ (¢) first, and impute the
value added shares of missing countries first. We do this via k-NN imputation that fits value
added based off the average of the three closest economies. “Closeness” of economies means
economies that are the closest in terms of log GDP per capita, sector value added shares of
total GDP, and a region dummy. Once the value added share is imputed, we then impute
the weights on each of the inputs via the same process but restricting that the weights must
sum up to 1 — v (¢). This prioritizes getting the level of value added shares right, and the
relative input weights right rather than the level of all the inputs right. As one final step to
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make sure the matrices satisfy national accounts we run RAS on the original WIOD weights
of sample countries to impose two identities: 1) intermediates plus final demand must equal
sector j’s gross output, 2) intermediate purchases by a sector must equal non-value-added
payments. This final RAS step follows SYZ and was learned from that paper.

Throughout this process we smooth IO weights three times. We smooth once before the

nearest-neighbor imputation, once after it, and once again after the balancing.

A.2 Sectoral Wages

GGDC reports sectoral value added and employment in local currency. The first step we do
is fill in countries with short gaps of missing years with simple extrapolation from average
growth anchored to the nearest units where we have data. GGDC sector value added data
stops at 2011 or 2012 for most countries, so we fill in the gaps to 2014 from either WIOD
or simple extrapolation. The simple extrapolation is just a log-linear trend fitted to the last
10 available years. Countries without internationally comparable gross-output price data
constructed earlier are dropped. We drop any years where more than half of the remaining
countries lack these gross-output prices which is why our balanced panel starts at 1970,
despite GGDC having data for many countries as far back as 1950. Employment shares
and sector wage differentials are then built on this balanced panel from 1970-2014. We now
describe how the employment shares and wage differentials are constructed. The first piece

is a sectoral wage premium, that we define as

e (1) — VA (t)/EMP(t)
O S VAL (8)/ 0, EMPE ()

where VA’ (t) and EMP? (t) are GGDC value added and employment in sector j, country

n, year t respectively. We do this so that we have a unitless measure of wage differentials

between sectors. Missing data points are imputed using k-NN on log GDP per capita and
sectoral employment shares.

For levels, we then anchor aggregate GDP to PWT 10.01 nominal aggregate GDP G,,(t) =
cgdpo,,(t) - pl_gdpo,,(t). We choose the scalar w,(t) so that the sectoral wage bill matches

G (t):
Gn(t)

3, prewdh (1) - L (1)
where L/ (t) denotes PWT population times the GGDC sectoral employment share. We call
Li(t) “EMP POP” since it represents the share of the population that would be associated

with a given sector rather than a specific employee headcount. This definition makes the

W (1)
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model consistent with national accounts, since in the model every household works and
represents a worker. The level of wages in each sector is then obtained using this PWT
anchor as:

W) (£) = premi(t) - wn(t).

In short, PWT gives us national aggregates to anchor, while GGDC gives us sector-level

differences.

Robustness: stripping capital income. Because our sectoral wage is value added per
worker, part of the agricultural wage gap could in principle be due to differences in capital
intensity. Since our model absorbs payments to capital into payments to labor, if payments
to capital are vastly higher in manufacturing then this could be inflating the wage. The
agricultural wage gap could in that case be an illusion.

To check this, we rebuild the wage panel under two capital-stripped variants. The first
is labor compensation per worker, w!’/ = LS/ w/, with LS? denoting a self-employment-
adjusted sectoral labor share (WIOD Socio-Economic Accounts relative structure, k-NN
imputed for the 21 countries not in them, anchored to the PWT aggregate labor share).
The second is value added net of investment, w27 = w? (1 — \,(1 — LS?)). Here, ), denotes
the country’s investment-to-capital-income ratio. Figure A.1 plots the manufacturing-to-
agricultural wage ratio under the three conventions. We find that stripping capital only
compresses the premium modestly. At 2010 the cross-country median falls from 2.51 to
2.30. The rank correlation with the raw ratio is 0.97. The large premiums in poor countries
remain. For example, Tanzania falls from 10.7 to 7.0, Indonesia from 6.3 to 3.6 and Brazil
from 4.3 to 3.2. Differences in capital intensity between sectors cannot account for the wage

gap between agriculture and manufacturing.
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Manufacturing wage relative to agricultural wage (ratio, log scale)
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FIGURE A.1: AGRICULTURAL WAGE GAP WITH AND WITHOUT CAPITAL INCOME

Notes: Each panel plots the ratio of the manufacturing wage to the agricultural wage on a log scale, by
country and year, under three wage concepts: value added per worker (raw), labor compensation per worker,
and value added net of investment per worker. The gray line marks parity. Rest of world is excluded.
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A.3 Bilateral Trade Flows and Self-Trade Shares

Bilateral goods trade for 1962-2000 comes from Feenstra World Trade Flows (Feenstra et al.
2005), and for 1995-2023 from BACI HS92 (Gaulier and Zignago 2010). We stitch these
datasets at the 1995 overlap by scaling the whole Feenstra series so that aggregate importer
data matches in 1995. This adjusts aggregate levels without disturbing the bilateral share
structure of Feenstra. For agriculture, we then replace part of the stitched matrix with
WIOD. For every year and every importer that WIOD covers we replace the trade data with
WIOD trade data. This is because trade data is relatively poorer on agricultural goods than
other goods. As such, WIOD is better for these goods because it is imputed to be consistent
with national accounts rather than relying directly on cleaned customs data, which is the
approach that Feenstra and BACI use. WIOD members outside our 43 countries are pooled
into one WIOD ROW lump. Within this lump we revert to trade shares from BACI and
Feenstra. Manufacturing keeps the trade data from Feenstra and BACI rather than WIOD.

Is this switch from Feenstra and BACI to WIOD in agriculture worth it? Simple ac-
counting says that sector’s wage bill must equal its sales times the value-added share v7. In
agriculture, moving from trade data to WIOD moves the discrepancy from these two sources
from over 100% to just 10%.

For services trade we again use WIOD data as the backbone. We impute services trade
in three steps. First, for pairs covered by WIOD we use the WIOD trade levels but record
down trade in shares, not levels. Pairs that WIOD does not cover use a logit-lasso regression
of bilateral services trade shares on log services exports, log services imports, log GDP per
capita, and sectoral employment shares of both partners. A third step then converts these
trade shares into levels using WIOD’s implied levels of services trade relative to goods trade.

Next, the inversion needs domestic absorption (self trade shares) w7, which trade data
does not record, but is again recorded via input-output tables in WIOD. This self trade
object is filled via one of four routes. Where we can find self-trade shares from WIOD we
use those. Where WIOD has no observation, we close the diagonal from the wage bill, as set
out below. Where this closure is infeasible we fall back on a logit-Lasso self-share imputation.
The Lasso is estimated on sector dummies, year fixed effects, employment shares, log GDP
per capita and trade openness. We clip the re-export hubs, Singapore and Hong Kong.
Where the predictors run out before 2014 we carry the last observed self-share forward as
simple extrapolation. Here, flow,; denotes n’s purchases from i. Where we observe WIOD

and where we use the Lasso fallback we fill the self-trade levels as

flow,,, = (Z ﬂowm) . 15—%5”’
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where S is the self trade share in country n, sector j obtained from either WIOD or Lasso.
For entries that we close via the wage bill we proceed as follows. Denote sector gross
output R’ as wage bill divided by value-added share,

Ry(1) = “alD L),

Then accounting means that we must have

flow,,,, = RJ(t) — Z flow;,.

The self-share is then the diagonal over total absorption. We do not touch observed off-
diagonal exports, so bilateral patterns are preserved. This approach fails for re-export (en-
trepot) hubs such as Singapore and Hong Kong, which motivates our Lasso fallback. Of the
6450 country-sector-years in the panel, 2240 use the WIOD self-share, and 1120 are agricul-
ture columns replaced by WIOD. 2908 are closed from the wage bill. The remaining 182 use
the Lasso imputation.

Two more steps stand between this rescaling, and the matrices used in the model. The

services diagonal is adjusted by imperfect coverage:

0.95 57

godig — 0%
" 1-0059

This corrects for the roughly five percent of countries with no imputed services trade flows.

We then rebuild trade levels from these shares.

A.4 Rural-Urban Decomposition

The dynamic block needs location-specific (rural/urban) employment stocks and wages

within each country.

Rural shares. Let ozf‘%t € [0,1] be the rural share of sector j employment in country
n at time t. We assume that agriculture is conducted entirely rurally, while services and
manufacturing can be done in any region. Thus we set afft = 1. We use IPUMS international
census micro-data, from which we compute rural-rural (RR) and urban-urban (UU) stocks

at the OCCISCO occupation level which we then map to three sectors. This sets

OAéij _ ZCGS]' RRC
ot > ees, (RR. +UU.)’
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IPUMS labels are noisy and only available at census frequency, so we project them onto a
Lasso in country-year variables to get smooth predictions (Szfl’t on the full panel. The lasso
variables are log GDP per capita, sectoral employment shares, year as well as the World Bank
urbanization share (World Bank 2026). We fit a cross-validated Lasso for manufacturing and
services separately. The training sample is 49 country-year observations across 20 countries.
We exclude China from the training sample. Its hukou-based urban definition is incompatible
with both the World Bank urbanization and the IPUMS measures. We then use the fitted
values from these predicted weights for all countries, sectors, and year - including where we
have the raw IPUMS data because the World Bank urbanization rate is very predictive. In
order to make the final shares consistent with the overall urban share of that country, we
then replace the five-year centered moving average of the Lasso predictions, clipped to [0, 1],

,ap%), that satisfies

manu

with the closest pair of weights (o)}

manu

Sn,t WB) . Sag

Qmanu SZV;? oV = (1 — urban_sharent n,ts

WB
n,t

where sfht is sector employment shares, and 0 < otht < 1. when % + urban_share;’,” >
1 then the adding up constraint is infeasible at o = 1. In words, this is just saying
that agricultural employment is greater than the World Bank urban share implied rural
population. In that case, we relax the assumption that all agriculture is rural and set
o™ = ¢ = () and back out a® < 1 from the World Bank identity. This regime covers
14.3 percent of the country-year observations. Hong Kong and Singapore are defined as fully
urban in every sector and do not have rural regions. Taiwan has the year-by-year average
of the Korean and Japanese shares. This is because the World Bank reports no urban share

for Taiwan.

Stocks. Aggregate rural and urban employment within a country are

_ § ' JorJ _
Rn,t - an’t Ln7t7 Un,t - Nn,t - Rn,ta
J

We normalize for population growth using the factor, g; = Ny, 141/Nps. The net movement

of workers from rural to urban areas (or vice versa) is given by:

Nn,t—l—l
Nnt

)

net_RUm = Rn,t : — Rn,tJrl-

Rural and urban wages. We assume that wages are pinned down at the region level and

not the sector level, and that workers can move frictionlessly within regions. A rural worker
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earns wZ, and an urban worker w!,. The sectoral wage we observe is then the employment

weighted of the two regional wages:

U
n,t’

J

wy,

= afm wfit +(1- afm) w J € {ag, manu, svc}.

Three sector-level wages cannot be matched by only two regional wages. We thus impose
this identity for agriculture and for the combined manufacturing and services wage bill.
Since agriculture is entirely rural we are able to pin down the rural wage as the agricultural

wage, wl, = wh.

In some countries, commodity booms and high capital intensity send
agricultural wages higher than the rest of the economy. Usually this reflects commodity
boom measurement problems. We thus cap any potential rural wage premia at the Australian
level. Australia represents the most efficient and capital intensive agricultural sector in the
world. So when other countries, such as Argentina, temporarily have implied rural wages
that boom higher than Australia, we cap them at Australian values. To solve for the urban

wage we then simply solve for the wage bill identity, given the known rural wage:

U wmanuLmanu + wSVCLSVC _ (amanuLmanu + aSVCLSVC) wag

n,t (1 _ amanu)Lmanu + (1 _ asvc)stc

In the capped observations, and observations where a2, < 1, where urban farm workers earn

UJU

n.t> Tegional wage bills match national wage bills only approximately.

A.5 Static Inversion: Sectoral and Regional TFP

Firms in country n and sector j draw productivities from a Fréchet distribution with location
parameter 77 and shape 6. We define the value-added-level TFP A7 implicitly through
T3 = (A3)° This normalization interprets A as a productivity at the value-added level.
Given the wage and price panels of Sections A.1-A.2, the unit cost of producing gross output
in sector j is

zl(t) = Bi(t) - (w], (t))u,z;(ﬂ TI¢ P:,int(t))’ﬂlk(t)'

3
k=1

The model’s domestic self-trade share satisfies

T =L - T ()™ - (P])',

where I'gr = F(l +(1— 77)/9) Y071 Note that I'pk is common across countries but is not

neutral across countries. It enters A7 as I‘}E/ijb, so it moves with the IO structure. Inverting

63



for TFP gives the classic expression

x] (t) I/ng(t)

J(4) = LI pd ()Y _

The self-trade share term 77 (¢)'/? is the Ricardian-selection correction. Finicelli, Pagano,
and Sbracia (2013) highlights that international competition holds average productivity of
home firms above the fundamental TJ(t) by a factor of 77, (t)~/%. The Cobb-Douglas con-
stant BJ shows up in zJ in the numerator and in P7™™ in the denominator (via the Leontief
inversion of Section A.1). Because the same RAS-adjusted IO structure feeds both, B/ can-
cels in the ratio. Recomputing P™°4°! = 'y - 2/AY - Tl from the recovered A reproduces
the input price to machine precision. This equation is where a substantive trade inversion
difference from SYZ arises. Our 27 here uses the sectoral wage w!, while theirs uses a

national wage.

Derivation of (21). We obtain (21) directly in the following steps.

Step 1 — Fréchet/CES primitives at time t. Producers in country n, sector j draw pro-
ductivities from a Fréchet distribution with location T9(t) = (A7 (¢))**®? and shape 6. Unit
costs follow from the Cobb Douglas bundle,

W) = B - @) T @)™ ", b+ S =1 (22)

k

Fix t and suppress the notation for simplicity. Due to perfect competition, the origin 7

delivers variety with draw z to market n at price Kkl /z. The price distribution from i to

nie

n is given by the standard formula

Glp) = PrlBd <p] = 1 FI(R) = 1o e g =T (sl

ni—t

The above distribution, F/(z) = exp(—T7/27?) is the Fréchet cdf. Each variety is bought

from the cheapest origin which yields

Gp) = 1-[[1-GLp) = 1—e ™7,

)

where we define ® = Y b Let dGi(p) = 607 pP~te=® " dp. Substituting u = ®Jpf
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implies

()7 = [Trracim) = [T() e = (@) (1 5)

This expression is finite iff n < 1 + 6. Raising to the power ﬁ generates the sector level

gross-output price index

1/6

P = T [00] ' €)= ST O((0)2l0) . (23)

Note that ®/(¢) is unobserved, but the price-index relation (23) substitutes it out of the
algebra.

Step 2 — gravity expressions Origin ¢ undercuts all rivals on a given variety with proba-
bility

/ [T -Gi.w) dE(p) = / e~ @000 gy -1t g
0

m£i
—p b] / €—¢’J s ds = bzu
0 P,

Computing the integral up to p rather than oo gives Pr[pfu. <np 1 cheapest} = %(1 —
—q>$;p9) = 7 J.GI(p). Thus, conditional on supplying, every origin’s transaction price is
distributed GJ

n?

share equals the sourcing probability 7rfu Setting 7+ = n with k= 1 and restoring ¢ we get,

so expenditure per variety is equalized across origins and the expenditure

—0

Ti(t) (# (1))
I (t)

Ton(t) =

Solving (23) for the multilateral aggregate, dividing by I'gx, and then raising both sides to

the power —6 so that the exponent on ®J becomes (—3) - (—0) = 1 we get

Ei(t)

FEK

Rit)

FEK

- o] = w0 - (F9) - o e

Substituting this expression into the domestic share eliminates ®J and yields,

() = Tphe - Ti(t) - (a3(0) " (PU))". (24)
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Step 3 — solve for T:. Rearranging (24) and using T7(t) = (A{'Z(t))”%(t)e yields,

(i (1))

A )"0 = T el
(A1) o

-7l (t). (25)

Both the gravity equation and 7' = A*? normalization hold for all ¢.
Step 4 — value added 1/(vi(t) ). Taking (25) to the power 1/(v(t)6) we get,

i _ |pe ,(“”%(t))a o 100
A(t) = {PEK oy m<t>] | (26)

Pulling the common 1/v4(t) gives,

| iy (0
w0 = [re 20 o]

Pit) " (27)

Step 5 —model and code gross-output price indices Equation (27) still references the model
object PJ(t), which is defined off the unobserved ®J (¢). The pipeline’s P?"(¢) (Section A.1)
is built as the Leontief inversion of the value-added deflators PV 4+ (¢) using the same weights
{vi(t),~vI*(t)} and constant BJ(t) that enter (22). In this case,

log PI™ (t) = vi(t)log Py (t) + > 4k (t)log PE™(t) + log B (t).
k

The calibration imposes PJ(t) = PJt(t) to absorb the productivity residual into A7 (¢). As
a corollary, BJ(t) appears in log 27 (¢) and in log PJ™(¢) with the same weight and so cancels
in the ratio 27 / P?™ as already noted above.

Step 6 — country-level inversion. Substituting PJ(t) — P%"(¢) in (27) completes the
steps to yield the inversion of Section A.5. The final expression is thus:
i (t) 1/vh(t)

A0) = | Do s w0

, (28)

which is (21). Note that gy is fixed by (0,7), 27 (¢) is built in Section A.2 wages and
Section A.1 materials prices, P?"*(¢) is the Leontief-grossed-up gross-output price, 7/ (t) is
the domestic self-share from Section A.3, and v (¢) is determined from the time-t IO weights.

Step 7 — the location-conditional inversion. The above working gives us an inversion for
a sector’s TFP, but now we need to see how that splits across regions. Our model splits

the labor market into rural and urban with wages: wf(t),wY(t). So, wages differ across

n n
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regions and the region’s trade openness (self-trade share) also differs. We assume that the
IO structure of sectors within the same country is the same across regions. We also assume
free-trade between regions within a country so that price indices are also the same. The
region-Z unit cost is (22) with wl — wZ:

j

e, (t) = Bi(t)- (w?(1)"" H(vaint(t))%k(t)'

This gives region-sector level unit costs. But now we need a measure of a region’s trade
openness in order to complete the Ricardian selection term in the trade inversion. We know
that a country’s domestic share is the sum of the two regional shares, 7/, (t) = 7/ . (t)+77 ().
The assumption of free trade within countries means we take the simplest approach that a

region’s openness corresponds to its wage bill share within the country in that sector. That

is,

j — i) where %7 _ wf(t) ij(t)
7TnZ<t) = @ (t) nn(t)’ h “n (t) - wff(t) L,Ifj(t)—i—w,l{(t) Lr[{j(t), (29)

where LI (t) = of ,L] , and LY9(t) = (1 — ol ,)L7,,. Note that this split is not a separate
assumption, but is implied by the assumption of free trade within the country, as well as
identical international trade costs and value-added shares across regions. The initial period’s
allocation proceeds similarly. It uses each country-sector’s 1970 sales, and so value added
is split between the rural and urban regions in proportion to ¢Z7(1970). The resulting

region-conditional inversion is

/v ()

L) iy )] (30)

J _
AZ,n(t) - FEK ) Pg,int(t)

A.6 An Alternative Expression for TFP Based on Labor Produc-
tivity Chaining

The above section derived location-conditional TFP through inversion. However, it relies
very heavily on the quality of our gross output price index series. This section outlines a
procedure to reduce dependence on this series.

We refer to the inversion formula from the previous section as Option A, and now we

present Option B.
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Option B: 2005-anchored LP propagation. Option A loads the time path of Ajz,n with
two wedges that are not productivity. One is a country-level drift between PWT-anchored
GDP and GGDC sectoral value added. This creeps in through the period-by-period wage
anchor. The other issue is a sector-level wedge between the UNIDO and GGDC value-added
vintages used to build P71, Option B anchors at t; = 2005 from the unsmoothed Option A
series. From there we propagate away from this 2005 anchor via simple chaining arithmetic
of the model. Define GGDC labor productivity LP’(t) = VA Q05/(t)/EMP (t). Also,
recall the wage-bill share is denoted by ¢Z7(¢), and defined in (29). We can express AjZ,n,t

as:

: P
AjZ :AJ‘Z oo LP;,t . wn,t/wgz,t
7n7t 7n’ ] ]
LP£,2005 wﬁ,zoos/ wi,zoos
Zj _j \Ywa®8) ( 7j : ~1/(v(2005) 0) 1/, (£)—1/v4,(2005)
: (Son]t ﬂ-im,t) ’ (SOn,Jzoo5 7T7]1n,2005) gk :
Here, wi ; 1s the regional wage of Section A.4 and wit the sectoral wage of Section A.2. This

expression means that we only need to carry the price indices in 2005 inside the AJZ%QO05

term.

Derivation of the Option B formula. We now re-derive the Option-B level formula
from the static EK inversion.

Step 1 — static wage-plug identity. Take

J J
. Tyt . 1/6 1/v3(t)
AJZ,n,t = [FEK : Pj’int(t) ’ ((107Z17]t ﬂ—gm,t) ] ) (31)
and note
J _ B] t Z t Vgl(ﬂ Pk,int t 'Ygzk(t) 39
xZ,n,t - n( ) : (wn( )) : H( n ( )) ) ( )
k

with #3(£) + 74 () = 1.
Step 2 — logs and the two channels of v, dependence. Taking logs of (31) and multiplying
both sides by v/ (t) gives
vI(t) log Aé’m = logTgx + log B (t) 4 vi(t) log w?(t)
+ Y 7k () log Py (1) — log PI™(t) + glog o) + j logm, . (33)
k

Step 3 — cancel materials via the Leontief identity. Recall that the gross-output (inter-
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mediate) price can be written in logs as:

log P™ () = va(t)log Py (1) + ) 73 (t) log Py™ (¢) + log By (1). (34)
k

Substituting (34) into (33), the logBi(t) terms cancel and the materials bundle
>n k() log PHnt(t) cancels, leaving

vl (t)log Aé’n’t = logTpx + V() [log wZ(t) — log PTYAJ (t)} + % [log c,p,ZL]t + log W%njt}. (35)

Step 4 — collapse w/PV* to labor productivity. Note that we can define labor productivity,
LP{M via:

Vi) L) VEOr()

n — J

M)/ _ D = LP/,.
Vi () Vi 9% (1) Li(t) !
Value added per worker, V/(t)/L(t), measures the sectoral wage w’(t) rather than the

regional wage wZ(t). Note that option B assumes that the sectoral real wage is proportional
to GGDC real value added per worker, wi(t)/PY44(t) = ¢}, LP?,, with ¢/ constant, so

wn) g Walt)
Py (1) " wh(t)

Step 5 — the pointwise Option B identity. Combining Steps 3 and 4 and dividing by v/ (t)

gives
; log'pk 4 . wZ(t) 1 7 .
log A, . = : +log LP? , +log ¢ + log ———= + — log % +logml, |- (36
gAY 0 gLP;, +log v z/%(t)ﬁ[ g Py +1og T, ] (36)

Step 6 — difference between t and to = 2005. Applying (36) at ¢ and ¢, yields:

w7 (to) /wh(to)
- 1 25 J - 1 Zj J
Vi (t) 0 08 (¢t Tun) V(1) 0 08 (1o Tan.t)

+log Tx [#(t) - %} . (37)

log A]'Z’m — log AjZ,nio = [log LPZ'M —log LP? ] + log

n,to

+

Step 7 — comparison without time varying 10 weights ratio formula. If 10 weights are
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constant over time we get

. . LpP’ wZ () Jwi (t) 1 02 7l
log A%, —log A’ = lo 2t 4 log —2 AN lo bt )
[ & Azt ) Z,mto] naive &) (LPJ ) g wﬁ(to)/w%(to) V%(t) 0 g Zj _j

n,to meto 7T-nn,to
(38)
With time-varying 10 weights, v (ty) — v (t), in (37) we pick up the extra term
1 1 S 1 1
e = [— log (0% 7l +[.——. ]1or . 39
7 (10 vito) g) o8 (55 monc) ORI L (39)

Step 8 — exponentiate to the level formula. Rearranging (37) and exponentiating yields:

AjZ t = Ajz to LP?]M : wf(t)/w%(t)
v TP LR, wito)/walto) (40)

(Bl VIOROD (25 i YO0 101/ )

All countries use this TFP inversion. Since China is an important economy where wages
are low relative to other productivity measures, we also multiply inverted manufacturing
productivity in China by an export-import penetration wedge. This is a common factor
exp((;) on rural and urban TFP, with (1970 = 0 and (; piecewise linear between dates 1975,
1980, ..., 2010 and 2013 and constant thereafter. We choose this wedge so that the model
best matches China’s share of global manufacturing absorption which rises from 0.05 percent
in 1975 to 3.8 percent in 2013.

A.7 Static Inversion: Bilateral Trade Costs

Given the bilateral expenditure-share matrices 77, from Section A.3, we invert for bilateral

iceberg trade costs k7, through the symmetric Head-Ries inversion. This process uses the

gravity equation to obtain

J J
ﬂ-ni'ﬂ-in_(j j)_e
j i Kni Fin )
Tnn * T

since country-specific terms (A7, 2/, P7) cancel. Imposing symmetry /ﬁf'm- = /ﬁ{n means that

S —1/(20)
. il
K, = <M> . (41)

J J
T+ T,

we get

By construction, k2 = 1. The raw Head-Ries ratio is noisy and in many zero trade pairs
undefined. For each country pair and sector we therefore fit a linear or monotone quadratic

trend to logx’; over the years in which it is finite, and use the fitted values. Outside the
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window of years in which a pair is observed we hold «/, constant at its fitted value in the
last observed year. We also cap the absolute value of the year-on-year change in inverted

log 7. at 0.10 and floor £/, at 1.

A.8 Dynamic Inversion: Spatial Labor Market Wedges
Setup

Note that the within-country value functions are
UN]R BV, t+1 5Vt+1 7'tR v
V log(P ) + Vlog[exp< ) + exp(—)} ,
t

~U

B t+1 TtU 8, t+1
V log<P ) + Vlog[exp(—) + exp( )],
t

with migration shares given by

1 UR _ 1
L exp((BAVi + 7)) 1 T T exp((—BAVi + 70R) 1)

pit =
where AV, = VA — VY.

Backward recursion for AV

The price index E” is common to the two regions of country n. The index, f’t”, thus cancels
when expressing between region differences, but the subsistence term, Kj', does not. Let
softplus(z) = log(1 + €*):

AV, = 10g< )"’BAVtH

+v softplus(M) —v softplus(M) : (42)

We set the terminal condition AVz,; = AV*, where ¢ is the last year of the inversion sample
and AV* is the fixed point of (42) which holds incomes and fundamentals constant for years
after the sample. This fixed point exists and is unique because the slope of (42) in AV,
B(1—plV — V1), lies in (-, 3). The path {AV;}!_, is computed through backward iteration
path from the observed path of (@wf)/(w!), and a guessed spatial labor market wedge path

(V TtRU UR)
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Estimation objective

Given that we know the path of values AV, we also know the path of migration shares that
follow in closed form, ufV V. These are gross flows. In the data we observe net flows.

Net flows must satisfy the basic constraint that
n@Utzgt~ (MfU'Rt_,u?R'Ut)a

where R; and U; are known rural and urban population stocks from the data and ¢; =
Ni41/N; controls for the population growth rate. The task is thus to estimate (v, 77V, 7/F)
so that we back out gross migration flows u¥, uU% that reconstruct the observed net flows,
net_RU?ata. In order to preserve smoothness and avoid under-identification, we parametrize
spatial labor market wedges at country level as follows:

RU _ —RU | sRU UR _ ~UR | sUR
Tt = max (0, 70 + 67V 5), Tt = max (0, 7. " + 65, sy),

where s; = (year —1992)/21.5. For each country we choose (7Y §7V VR §UR) by nonlinear

least squares to solve
! 2
: O data

L ;(net_RUt — net_ RU{**)". (43)
We pick migration elasticity v, separately and then choose the elasticity that gives the
best fit. We run the NLS on a 21-point grid of v,. The grid is the integers 3 to 15, then
17, 20, 25, 30, 40, 50, 75, and 100. We pick the v with the highest cumulative R? against
the observed cumulative net-migration trajectory. This whole dynamic inversion procedure

runs in a matter of seconds in Julia. There is a median cumulative R? of 0.99. The 25th and
75th percentiles are 0.97 and 0.998.
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Rural population share
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FIGURE A.2: FIT OF THE RURAL POPULATION SHARE, 1970-2013

Notes: Rural population share by country, 1970 to 2013: model (blue, solid) and data (red, dashed). Hong
Kong and Singapore have no rural region and are omitted.
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Rural-urban wage gap (urban over rural wage)
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FIGURE A.3: FIT OF THE RURAL-URBAN WAGE GAP, 1970-2013

Notes: Ratio of the urban to the rural wage, wy /wg, by country, 1970 to 2013: model (blue, solid) and data
(red, dashed). Hong Kong and Singapore have no rural region and are omitted.
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Rural share (world, pop-weighted) agriculture share (world)
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Notes: Global rural population share and employment share by sector from 1970 to 2013. Model (solid) and
data (dashed).
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B Proofs of Propositions 1 and 2

This appendix provides derivations of the dynamic-hat-algebra system in Propositions 1
and 2. There are two technical generalizations relative to Caliendo, Dvorkin, and Parro

(2019): (i) Stone-Geary shifts in agriculture (¢, > 0) and services (¢; < 0), (ii) time-varying

nj _njnk

input-output weights ~,”, v,

Notation. For any positive quantity y; denote ¢,41 = y;+1/y;. For any object z; denote

Az = 21 — 2. We also make repeated use of the identity
agy1 log by — aglogby = a1 log i?t+1 + Aagyq log by, (44)

which follows by adding and subtracting a;, log b;.

B.1 Proof of Proposition 1
Cost bundle (P1.1)

The unit cost of the input bundle at any date is

J

ni ni o e RO R Iy T njnky

xt] = Bt] (wt )% | |(Pt k)%5 ) Btj = ('Yt]) K | |(7t] ) e ) (45)
k=1 k

where B} is the standard Cobb-Douglas constant. Take logs of (45) at ¢ + 1 and ¢ and

difference:

log &7, = log B, + [y logwyyy — 77 logw| + Y [vi#1" log Py — 47" log P*]. (46)
k

Apply identity (44) to each bracket:

7:11 log w?+1 — ¢’ log wy' = 7:11 log w?—i—l + A%?L log wy’,

nj,nk n nj,nk n nj,nk S5n nj,nk n
Veiy log Pt-fl — 77" log P = Veiy log Pt+k1 + Ay, 7" log P g
Substituting back into (46) collects the level terms into

A logwy + ) Ay log P
k
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The CRS condition at ¢ and t + 1 gives Ay, + 3, A% =0, 50 Ay = — 30, AyH*,

The level collection above therefore consolidates into 3=, Ay 7™ log( P/ /w}). Exponenti-

ating: _
n, .n nJ 5N ng,nk Pnk A'y?ﬁ]—ink
il = Bify - (i) H(Ptf )Y H(ﬁ) : (47)
k k ¢
This matches (P1.1) of Proposition 1.
Sectoral price index (P1.2)
Raise both sides of the price-index equation to —67:
. . N . .. . vl
(PEL) ™ = (V) (apwift) ™ (Ad)" . (48)
i=1

In each summand, multiply and divide by the base-period factor (2 k7))~ (A% )ej'ﬁj. The

trade-share term and trade-cost term factor as (&7, ,4;717)~%. Apply identity (44) (in expo-

nent 67) to the productivity ratio:

(A7)

iy = )T (AR (49)
Substituting:
(P = (09) 703 im0y~ (AP - (@)™ (AT (A7) 20
The base-period factor inside the sum, by the level definitions of P, " and 7T”" ™ satisfies
(I~ (i)~ (A = (BP) 7, (50)
Substituting and rearranging;:
G = 2 R V(A (AP A
Raising to —1/67 yields (P1.2). O
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Bilateral trade shares (P1.3)

The level definition of ;" frfj is the ratio of 7’s contribution to the price denominator. By
(49), the numerator factors as (i x7")~¢’ (Ai] Yo (i TR0 (AT )0 (AP M
By (50) the first factor equals (I"9)~% (P)=% 794, The denominator equals

(T79)= (P9)= (P}Y)~%". Canceling the common (I™)~% (P)=%.

ng,ij
x K j A0 TINY] i
nj,ij njij t+1"vt+1 i \67y 17607 A~y
Tyry = Ty (—Pn] ) (A ) t+1(At ) tH1
t+1
This is (P1.3). O

Stone—Geary share recursion (P1.4)

By definition s}/ = P*/¢;/wl for j € Jsq = {a,s}. Moreover,

n,j n,J = n n,J
Stf1 Pt+1cj/wt+1 - Pt+1

n?j nvj - n
St P fw Wiy

delivering (P1.4). O

Supernumerary CES expenditure share and total-income share (P1.5)

Step 1: level shares. The household maximizes log Cj* subject to ), P PrMEerR — wn. Substi-
tuting ¢™* = &F + ¢
> oprtet =Y PV =YY"= (1-S)w
k Jj€Jsa
Since C}' is a homothetic CES in ¢, the standard FOC gives
anj Iy .
TR VXA VRS T LGt W o (S
> o(B) ;
Step 2: total-income share. Total per-capita expenditure on j is P/’ = 1{j €

Jsa} P + P& Dividing by w! and using Y /w! = 1 — S

AP =1{j € Jsa} s + (L= SN, Y A =S+ (1-57) =1
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Step 3: hat recursion for A. From the level definition,

~n7j
A1

3 n’]
At

-0 Zzal(Pnl)lfo
Zkak( t+1)

For the denominator ratio, multiply and divide each numerator term by (Pt"’k)l_":

Zk (P, t+1 n.k / on k
Ay P ) (51)
> o Z 7o)

Therefore .
(B
S AP
giving (P1.5). Apply the same step to P = (3, ar(PF)1=9)1/0=9) to obtain the supernu-

merary price-index hat (P ;)= = 3>, \*(P%})'=7, used in Proposition 2. O

n?] JR— 7]
>\t+l _ >\

Goods market clearing (P1.6)

The level identity at ¢t + 1 is

J
nj nk,nj ik,nk v ik n,j n
Xty = E Vi1 E :7Tt Xit + t+1 (wt+1Lt+1 + Dt+1)

The materials term is in change form already. For the consumption term, multiply and

n.

divide wi, L}, | by wiL:
an _ nk,nj ik nszk n,j ( . L Ln 4 Dr )
t+1 = V41 Tyt Xepr + Mgy (W Ly wy t+1

k

which is (P1.6). Substituting from (P1.5) and using s},wf,, = s’ P/ (from P1.4) and
(1—Spuwp, = (1= SP)wp,, (proved below) gives the equivalent split form in which the
consumption term decomposes into a Stone-Geary outlay 1{j € Jsg}s; A P[_fl and a supernu-
merary CES expenditure A7, (1—S/)ip, ,, each multiplied by (1+d,, —dy 1) L7, wi Ly, O
Labor-market clearing and sectoral residual (P1.7-P1.8)

The level labor-market clearing wi L7,y = >, 714 S Y X becomes, after multiplying
and dividing the LHS by wj'L},

Timi i
wt+1Lt+l wy' L E ’Yt+1§ i1 Xit1s
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which is (P1.7). Sectoral employment is then the static residual LY, =
ST X/ (wpwl) — equation (P1.8). Note the absence of Li on the RHS, con-
firming that within-region sectoral employment carries no dynamic state, in contrast to
Caliendo, Dvorkin, and Parro’s (2019) model with persistence through migration over (n, j)

pairs. ]

© Level Dependence

Inspecting (P1.1)—(P1.8), the only level objects entering the date-(¢ + 1) system are the
date-t allocation { L7, LI 7" X7 i, P A s s* X'} and the level A7, as well as
the IO weights ;4 and the imbalances dj | — d;1. The Stone-Geary parameters &,, ¢, enter

only through the initial states sy, sg””. From ¢ = 1 onwards the recursions only use ®t+1’

Avy11, the level dyyq, and the state variables. O

B.2 Proof of Proposition 2
Migration logit recursion (P2.1)

The Gumbel-max calculation of Section 3 gives the level migration logit, integrated over

destination regions :

ni exp (B — 77)/v)
ni _ , 52
S e ((8Vi — ) -

Take the ratio at ¢ + 1/t and group exponentials:

R v . Vm _ n,m
Mt—ﬂ — exp<w> eXp(_ATtZizl V) . Zm eXP((ﬂ t+1 n )/V) (53>

T v > exp((BV, — 757 V)

For the ratio of summations, multiply and divide each numerator term by exp((8V}}, —

7 )

Z e:x;p((ﬁ‘/ﬂf2 — Tﬁ;ﬁn)/y) = Z exp((ﬁVt’f1 — Ttnm)/y> exp(%) exp(—ATT V).

Dividing by > exp((8V74 — ;") /v) and using (52) at date ¢ yields

> o exp((BVIYy — 751 /v) (BT —ViE) nom
= — = > " exp( —EE 1 ) exp(—ATT /v). (54)
> exp((BViy — ™) /v) m : ( > .
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Substituting (54) into (53):

= H:fw‘ exp(B(V t+2 t+1)/ )eXp(_ATtTl/V)
t+1 n,m n,m ’
Z7Nn:1 " exp(B(Vigy — Vi) /v) exp(—=ATLT /v)

which is (P2.1). The level 7;"" has dropped out — only the additive change A7/" enters —

while the level migration matrix p,”" enters as a state. O

Supernumerary real-consumption growth
Indirect utility under Stone-Ceary CES is U(CP) = logC" = log(Y;*/P"") = log((1 —
SMyw?/P). Time-differencing:

U(Cf—f—l) - U(Ctn) = IOg(Y/ﬁrl/ﬁﬁl) = log CTH' (55)

Compute Yt’}rl from the level deﬁnition Y= Awf = icisc P"’j ¢;. In the numerator at ¢ 41,
write wp,, = W}, ,wy and P¢; = P - splwy (using Pe; = sp7wy). The denominator

equals (1 — S7")w}". Therefore

W Sn ,a HN,a Sn 8 ON,S
ﬁjf_’_l = }/;11 _ t+1 t 1 _t—i-‘SIWL t t+1 ) (56)
t
Equivalently, Vi1, /Y;" = (1 = Sp i, /(1= SP)w}) gives
~n B Sn N
Wepr = 77 5121 Wiyt (57)
t

which is the form used in (P2.2). The two forms are algebraically identical (use s}’ P =
syt from P1.4).
For the supernumerary price-index hat, applying (51) to P/ yields (P2,)'"" =
S M (BY) 1=, Combining,
Cpy = =, (58)
P
In the homothetic limit &, = & =0, S; = 0 and Wy, | = W}, ,, f’ﬁrl = Pp,, and (58) reduces
to Caliendo, Dvorkin, and Parro’s (2019) C’+1 = wt—l—l/Pt?}H O

81



Bellman in time differences (P2.2)
The Bellman in levels, with U(C}') = log C]' and integrated taste shock, is
N .
V' =logC]' + VlogZexp((BV;;l — 7" /v).
i=1

Time-differencing:

> exp((BVys — 71 /v)

> exp((BViy — ") /v)

The ratio of summations was already evaluated in (54). Substituting and exponentiating:

Vi, — V" =log C’t”H + vlog

N
exp(Vity = V) = Oy (30 1 exal (Vi — Vi) /v) exp(= A7 /)

i=1

Substituting (58) for '[;1 delivers (P2.2). The Stone-Geary modification enters only through

the supernumerary real-consumption growth @y, , / ﬁ’tﬁl, replacing CDP’s w}, ,/ Pt’fH [

Labor flow accounting (P2.3)

The labor stock in region n at ¢ + 1 is the sum of inflows from all origin regions i, L} | =
> ,ui’"Li — a level identity that requires no time-differencing. No Stone-Geary modification

arises because ¢; does not enter the migration logit. O

© level dependence

Equations (P2.1)~(P2.3) depend only on (i) the changes @}, }%tﬁl, A7 and (i) the con-
temporaneous state {}", L, VZ,,1}. From the proof of Proposition 1, @y, and E”H require
some levels of ©. Specifically, the A correction in (P1.2)~(P1.3), the I0-weight levels 7,41,
and the imbalances df. Stone-Geary parameters ¢,, ¢s enter via sy, s;’°, spatial labor mar-

ket wedges Tt"’i enter through //i’f. From ¢ = 1 onwards we need A7,}; the level d;;,, and

nj,nk
A’Ytil . Il
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C Proof of Proposition 3

This appendix proves Proposition 3 in the special case of Section 4.1.

C.1 The Static Equilibrium of the Special Case

We make the following restrictions on the primitives of country c.
(i) No intermediate input output network. So v/ =1 for n € {R,U}, and 2™ = w".
(ii) R produces only agriculture and U only manufacturing and services. This is the special
case limit A%m Afs AU
(iii) Services are completely non-tradable across countries but freely tradable within coun-
tries. This is in contrast to quantitative model where services are internationally
tradable with Head-Ries inverted trade costs. This means that for services we have
KNS = ki = oo for n € {R,U} and i ¢ ¢ but £V = gUili = 1.
(iv) The economy is a completely small open economy in agriculture and manufacturing,.
No trade costs in goods, and international market shares 7" — (.
(v) Homothetic preferences and balanced trade each period such that ¢, = ¢ = 0 and
D¢ =D"=0.
(vi) No international migration, 7" = 79" = oo for n € ¢, i ¢ c.
Write L = S,E° and LY = (1 — S,)E°. Because the country is small and there is free
trade within countries, every price except services is set by the international market and is
fixed. Thus, P* = T'Y*w? /AY® moves one-for-one with the urban wage. With homothetic

preferences, every household has the same services expenditure share

as(Ps)l—o

A= :
2 aw(PF)e

Note that this expenditure share depends on wY, and that the consumption gap between
the regions equals the wage gap, so that we have log CY — log CF = log(w? /w®).

Each region faces a constant-elasticity foreign demand for its traded output. Region n
sales in sector j € {a,m} are K™ (w"/A™)~% where K™ summarizes foreign demand.!!

Labor market clearing in agriculture, manufacturing, and services is consequently
R _pa U _pm
RrR _ g-Ra( W UrUm _ g-Um( W UrUs _ ys(, UTU RTR
wRLE = K (A—R> . WUIUm = K (W> o wULUs = XU LY 4 P LR,
(59)

with LV™ 4+ LVs = LU,

"' The foreign demand constant is K™ = 37, (Fijnij’"j/Pij)fer”.
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C.2 Dynamics after a Manufacturing Productivity Shock

Consider an MIT shock at ¢ = 0. Suppose at t = —1 the economy is in a steady state
with S, € (0,1) and S,,,S; > 0. The shock raises AY™ unexpectedly and permanently by
A = dlog AV > 0.

Migration. Let AV; = V2 — VU be as in Appendix A.8. The logit and the Bellman
equation from Section 3 yield

MEU = [1 + G(TRU-F/BAVH—I)/V] *1’ H%JR - [1 + e(TUR—ﬁAVm)/V} *17

wi’ p”
A‘/t:_log_R—i_ﬁA‘/t+l+ylog RR’
Wy Hy

and Sy i1 = (1 — pfY)Sas + pl (1 — S,;). Let ¢ = p®Y + VR be the steady-state churn
rate and y = 1 — ¢ be the fraction of stayers. In a steady state, flows must balance, so
SV = (1 — S,)uYE. Thus, pf¥ = (1 — S,)c and uYf = S,c. Multiplying together the

fractions of movers in each direction gives,

RU,UR _

7TRU 7_UR v
URU (rRU+UR) v RR

UU
e T

which yields
ac® +c=1 (60)

where
a=S5,(1-28,) (e(TRU+TUR)/u _ 1)'

The left hand side increases in ¢ and in a, and exceeds 1 at ¢ = 1. So churn ¢ € (0, 1) falls
strictly as the cost 7 = 78V 4 7Y rises. Since ac? < 1, it follows that ¢ — 0 as 7 — 0.
+RU | ;UR

To see how 7 = affects an economy, we compare economies with the same

parameters, fundamentals, and initial allocations and that differ only in 7. For each cost,

RU and 7Y supports the allocation as a steady state. By the

exactly one split between 7
definition of B, H = (14 0™ — X*)S,, + o(1 — A\*)Ss > 0. Since migration costs don’t enter
into (59), ¢, B, and H are constant in 7. Only x is an increasing function of 7.

Outline. The proof now analyzes the MIT shock in three steps.

e Within a period, agricultural employment is fixed, so the shock only moves urban
workers between manufacturing and services. Services pull B decides which way they
move. This is lemma 1 parts (a)—(b)).

e Over time, a higher urban wage draws workers into urban labor markets. At a given
urban wage, a share  of them end up in manufacturing. This is the farm push M and

is Lemma 1 part (c).
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e Migration costs determine the speed and size of this worker movement given the new
wages (Lemma 2). This is equation (61) below).

How strongly migration responds. Define

v(1—fBx)
B(1+x)

v

(61)

In the long run, when the urban wage premium wY /w? rises by 1%, workers leave agriculture
until (1-295,)/S, has risen by 1/v percent (Lemma 1). A smaller 7 means a larger contraction
and farm push, M.

Write My for M at 7 = 0. That is, at v = v/3. This is the weakest the farm push will
ever be, since M > M, for every 7 > 0.
Lemma 1. To first order in A:

(a) Given S,4, the static equilibrium of period t satisfies

0mS,.B . C(1+0m)S

dSm,t = — H A— H = dSa,t7

wy oS, - ¢ 1
dlog —= = A dsS, =>4+ — .
ngﬁ Vi + W dS,y, 44 H+(1+€“)Sa>0

(b) On impact, the move in manufacturing employment satisfies dSpy, o = —HmSmel/H.
(c) If 7 > 0, then dS,; = (1 — p') dSaco With dSaee < 0, where p € (0,x) is the smaller

root of
fr)=pxr® — (1+ 8> +QW)r +x, Q= BS,(1 - S)(1—x*)/v. (62)

So dS,,; rises strictly int to dSy, . = oms,, A (M —-B)/(M+ H).

Proof. (a) and (b). Write @ = dlogwV, and take farm employment as given. Formally, (59),
Sy =X (1 = S+ Sew?/wY), and dlog A = (1 — 0)(1 — A*)w give

dS,

dl R—___ -9
ogw (1+9a)5a7

Sy = Sp[0™A — (1 +60™)w],  dS, = B — (1 — () dS,.
Since —dS, = dS,, + dS,, we get Hw = omS, A+ ¢ dS,. Substituting w into dS,, and into
w — dlogw®, and using H + B = (1 + 6™)S,,, gives (a). Since nobody moves on impact,
(dSa0 = 0), from which (b) follows immediately.
(c). Linearizing the migration block gives
U
dSai11 = X dSas + QdAV, 4, dAV, = —dlog — + Bx dAV1.

w
Wy
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In the second equation, we can see that the value gap is forward looking in all future gaps.
These future gaps are discounted at Sy, because starting in a location raises the chance of
being there next period by y = pft® — U, Higher costs thus raise y and make migration
respond more to a more persistent wage gap.

(a) can be used to eliminate AV, which then gives a second-order difference equation in
dSas. Define the characteristic polynomial of this difference equation as f. Since f(0) =
X > 0> f(x) = —QWyx and roots multiply to 1/5, f has one root p € (0,x) and one
other root above 1. The value gap can jump at ¢ = 1, thus the only non-explosive path is
dSat = (1 — p') dSs0o. Therefore, each period, a fraction 1 — p of the remaining adjustment
takes place.

As t — oo, the two equations give dS, = —[S,(1 — S,)/7] dlog(w? /w®). Combining this
with (a), and using W + v/[S,(1 — S,)] = (/H + (/M, gives

0™S,, M A

dSpo = ———1— < 0.
’ ((M+ H)

From (a), every worker who exits agriculture raises S, to first order by dS,,; = dS;,0—C((1+
0™) Sy (1—p") dSye/H. S0 dS,,, rises with 1—pt, to dSp.co = 0" SmA (M —B)/(M+H). O

Lemma 2. Migration slows down in 7. This is because p and p(1 + x)/x rise strictly in T,

and p — 1 as T — o0.

Proof. x is an increasing function of 7 that increases from 0 toward 1. Let w = S,(1 —
S.)W/v. This term does not depend on 7. Let z = x/p > 1. Then f(p) = 0 implies that z

is the larger root of
9(z:x) = (2 = 1)(z = Bx°) = (1 = X*)w2.

At this root,

dg 2 2 dg ZX(Z - 1)(2 —f)
— =z — >0 d (1 — = > 0.
=R >0 ad (14y)pt = 2D
By the implicit function theorem, %log = = —Zagélaj;)(lzg’;}gg/ax < 0. So p(1+x)/x =
(1 + x)/z increases in x. The root p = % . % also increases in y. Finally, ¢ = 0 and
z=Bx*>(1—=B)zimply (1-8)(z—1)<(1—x*)w— 0,50 p=x/2— 1. O
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C.3 Thresholds on the Agricultural Employment Share

Note that for a fixed \* and w®/wY, the farm share pins down S, = A*(1 — S, + S,w®/wY)
and S,, =1—95, — S5, and hence B and M. For 0 < ¢ < 1 define

(1—0)(1 =X\
(1=0)(1=X)+ [A+0(1 = N)]wh/wV

S € (0,1).
Lemma 3. Fiz 0 < 0 < 1 and the initial \* and w?/wY.

(a) B >0 if and only if S, < S.

(b) There is a unique S € (0,S) such that My > B if and only if S, > S.

Neither threshold depends on 0™ or on T.

Proof. (a). Substituting S, and S, into B gives B = X\*(1 — o)(1 — \*)(1 — S,/95).
(b). By (a) and the definition of My,

My — B (¢S, wf S, }

L= S, v/B+(1=5,)/(1+69) -x[a-aa-x) - ol -Me 175

This expression is strictly increasing in S,. It is negative as S, — 0 and positive at S, = S,
at which point we have B = 0. Thus, the expression changes sign exactly once, at some
S € (0,5). Note that B and M, do not involve 6™ or 7. O

C.4 Proof of the Closed-Form Proposition

Proof of Proposition 3. Use the thresholds in Lemma 3. Across comparable economies that
differ in 7, note that only x changes. Define H = (1 +6™)S,, — B.

(a). If S, < S, then B > 0 and dS,, o < 0 by Lemma 1 part (b).

(b). If S, > S, then B < My < M. That is, the agricultural push beats the services pull
at every value of 7. By Lemma 1 part (c), note that dS,,, rises strictly to a positive limit.
Thus, t* = min{t > 0: dS,,; > 0} is finite and dS,,; < 0 if and only if ¢ < ¢*.

If S, > S then it follows that B < 0, and t* = 0 at every 7. Now, let S, < S, so that
t* > 1 by (a). Higher 7 implies that there are two opposing effects on t*:

e migration is slower (p rises), which delays industrialization.

e the eventual push is larger (M rises), which speeds it up.

We now show that the first force always dominates. Since dSy,; = dSm 0o —p'(dSm.co—dSm0),
we have t* > k if and only if p*¥ > U, where we define

Y <1

dSm 0o H < B> _

dSpmee —dSmo H+B\' M) H+B
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as the share of the gap still left to close when S,, = S,,0. By (61), we have that 1/M =
1/My — qx/(1+ x) where ¢ = (1 + 8)v/[8(S.(1 — S,)] > 0. Thus,

p_H+B p(1+x)/x
U H  (1—B/My)(1+x)/x+qB

By the argument in Lemma 2, we know that the numerator is increasing in 7. Since 0 <
B < My, the denominator is decreasing. So for each k > 1, p*/¥ = pF=1. p/W rises in 7,
and t* is weakly increasing. Since p — 1 while ¥ < H/(H + B) < 1 for all 7, for each k it
follows that p¥ > WU for 7 large enough, so t* — oo. O

D Manufacturing Peaks and Sectoral TFP Growth

Figure 4 of the main text measures productivity growth in terms of labor productivity growth
as measured by GGDC’s measure of real value added growth per worker. This appendix
repeats that exercise but replaces labor productivity with inverted TFP for all 43 countries
over 1965-2014. This adjusts labor productivity by the domestic expenditure share, such

that: ; i /
LP}? (e YOO (g Y THORE)
Ly " N |

nj __ nj
At _Ato'

All four slopes in the data are positive. Slopes are steeper than labor productivity
counterparts (Figure D.2). The slope  moves from +3.10 to +3.12 in (A), +7.43 to +7.66
in (B), +2.98 to +3.11 in (C) and +3.78 to +4.07 in (D), while p rises from +0.53 to +0.55
in (C) and rises from +0.45 to +0.50 in (D).
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FIGURE D.1: PEAK MANUFACTURING SHARES AND MANUFACTURING TFP GROWTH

Notes: Four Moments. Panels, left to right and top to bottom: (A) Raw ¢m; (B) gm — 35 (C) gm — 9a
(Tradable-Tradable Margin); (D) g — gs (= HR’s g). All Four Slopes Are Positive. Sample: 43 Countries,
1965-2014. As Figure 4, with sectoral TFP in place of labor productivity. TFP is the unsmoothed series
anchored at 2005. Growth rates are annualized log changes over each country’s first and last observed year
within 1965-2014, and the sample is all 43 countries.
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FIGURE D.2: PEAK MANUFACTURING SHARES AND MANUFACTURING LABOR
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Notes: As Figure D.1, with labor productivity in place of TFP. Panels, left to right and top to bottom: (A)
raw gm; (B) gm — G; (C) gm — ga; (D) gm — gs. Sample: 43 countries, 1965-2014.

Figure D.3 is a 43-country, 1965-2014 version of Figure 4 but measures the peak as
the unsmoothed annual maximum of the manufacturing employment share, rather than the
smoothed five-year moving average. The slope (3 is +3.15 in (A), +7.55 in (B), +3.03 in (C),
and +3.83 in (D). All four are positive and statistically significant.
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FIGURE D.3: UNSMOOTHED PEAK MANUFACTURING SHARES AND MANUFACTURING
PropuctiviTy GROWTH

Notes: A 43 country version of Figure 4, with the peak now measured as the unsmoothed maximum of
manufacturing employment share. Panels, left to right and top to bottom: (A) raw g¢,,; (B) gm — g; (C)
Im — Ya; (D) gm — gs. Sample: 43 countries, 1965-2014.

Figures D.4 and D.5 show our 43 countries over the same time period as Figure 4. In
Figure D.4 the model of Huneeus and Rogerson (2024) is started from each country’s observed
initial shares. Model generated slopes are positive but flatter than in the data. In both
model and data, the positive slopes mostly reflect where countries start. A country’s peak
correlates at 0.90 with its initial manufacturing employment share in the data and at 0.87

in the model. This means that countries that were more industrial at the start subsequently

91



had faster relative manufacturing productivity growth. In Figure D.5 every country starts
from the HR model’s common benchmark initial state. This is as HR Proposition 2. The
model is run until each country’s manufacturing share peaks. In this case the model slopes

are negative.
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FIGURE D.4: PEAK MANUFACTURING SHARES AND MANUFACTURING PRODUCTIVITY
GROWTH, ALL COUNTRIES

Notes: Same exercise as Figure 4 for all 43 countries.
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FIGURE D.5: MANUFACTURING PEAK SHARES AND PRODUCTIVITY GROWTH,
BENCHMARK MODEL INITIAL CONDITION

Notes: Data as in Figure D.4. Orange diamonds are the peaks of the Huneeus and Rogerson (2024) model

started from its benchmark initial state in that paper, instead of observed starting employment shares. The
13 countries with g, < gs and g, > 0 have no model peak and are omitted from the model fit.
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E Frictionless Benchmark with Recalibrated Preferences

The frictionless benchmark of Section 5.2 uses the preference parameters of the spatial model.
These parameters do not give the frictionless economy its best chance. This appendix re-
calibrates preferences for the frictionless economy alone to improve its fit to the data. We
keep fundamentals, trade elasticities and trade balances at baseline values. The household
elasticity of substitution between sectors and Stone-Geary terms are re-chosen. Common
preference weights a; are re-solved, as in the baseline, so that the model matches average
1970 labor shares. Base-year expenditure shares, wage bills and trade flows are recomputed.
We choose the parameters to minimize the sum over 43 countries and 1970-2014 of squared
deviations of model from data manufacturing employment shares plus 0.3 times the same
sum for services. This is the rough criterion used for the baseline calibration. This search is
over a grid of (o, ¢4, ).

We report results in Table E.1. The best frictionless fit pushes o to the lower bound
of the search, 0.05. Sectors become almost Leontief complements in this range. Preference
weights on manufacturing fall from 0.33 to 0.20. Frictionless model mean square loss falls
from 89.1 to 82.9 against 36.1 for the spatial baseline.

Figure E.1 plots the recalibrated peaks against the data. The median developing economy
still over-industrializes by 8.9 percentage points. This is relative to the 10.3 percentage
points in the original calibration. The newly calibrated preferences lower manufacturing
almost everywhere and not just developing economies. The mean advanced-economy peak
falls from 0.31 to 0.27 relative to 0.39 in the data. The correlation between model and data
peaks also falls from 0.04 to 0.03. The slope of the peak share on log GDP per worker in 1990
remains oppositely signed to the data, and appears in Figure E.2. Figure E.3 shows how the
time paths change for Brazil, India, and China under the new calibration. Brazil’s frictionless
performance is much better but China still over-industrializes substantially relative to data
and the spatial model. India over-industrializes only until the mid-1990s and then falls below
the data. Overall, we conclude that the over-industrialization of emerging markets in the

frictionless benchmark does not appear to be due to the spatial model’s calibration.
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TABLE E.1: FRICTIONLESS BENCHMARK WITH RECALIBRATED PREFERENCES

Baseline Frictionless Recalibrated
frictionless
Preferences
Elasticity of substitution, o 0.56 0.56 0.05
Preference weights (cta, Qm, cis) (0.07,0.33,0.60)  (0.07,0.33,0.60) (0.18,0.20,0.62)
Median subsistence exp. share s,, 1970 0.28 0.28 0.10
Median luxury exp. share |s4|, 1970 0.14 0.14 0.37
Quantitative Fit
Sector share target 36.1 89.1 82.9
Correlation with data peaks 0.59 0.04 0.03
Model peak vs. data peak OLS slope 0.66 0.05 0.03
RMSE (pp) 10.7 17.7 17.4
Model — data, developing median (pp) -0.8 +10.3 +8.9
Mean developing peak (data 0.24) 0.26 0.38 0.35
Mean advanced peak (data 0.39) 0.31 0.31 0.27
Median peak year (data 1986) 1989 1973 1973
Peak vs. 1990 log GDP per worker slope (data +0.057) +0.026 —0.021 —0.028

Notes: Baseline and Frictionless calibrations as in Table 2 and Figure 9. The recalibrated frictionless economy
re-chooses o, ¢4, and ¢,, with common «; re-solved to match global 1970 sectoral labor shares. Peak statistics

cover the 43 countries minus HK and SGP from 1970-2013.
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Baseline No frictions
@
08 t 0.8
15 15
g
0.6 r 0.6 r
@
s id 5] ® )
< (] < L™
=] ] =] & "
S 04l v Soap o
w & @ .
@ 75‘ * t @ v (]
TR g . " &
‘ ‘W‘&% N I LR e
¢ 30 ¢ LAY
02t 02 "'
¥ Cor = 0.59 & Cor = 0.03
@ W OLS slope = 0.66 & OLS slope = 0.03
) oy RMSE = 10.7 pp RMSE — 17.4 pp
@ Bias (developing) 1.9 pp Bias (developing) 114 pp
0.0 0.0
0.0 0.2 0.4 0.6 0.8 0.0 0.2 0.4 0.6 0.8
Data Data

@ Developing

@® Advanced

FIGURE E.1: PEAK MANUFACTURING EMPLOYMENT SHARE, FRICTIONLESS
BENCHMARK WITH RECALIBRATED PREFERENCES

Notes: As Figure 8, with the right panel (No frictions) showing the frictionless economy under the recalibrated
preferences of Table E.1. The left panel (Baseline) is unchanged. Recalibration seeks to maximize fit of

frictionless model.
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Notes: As Figure 9, but with the middle panel demonstrating the recalibrated frictionless economy from

Table E.1.

Manufacturing employment share
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F1GURE E.3: MANUFACTURING EMPLOYMENT SHARE PATHS IN BRAZIL, INDIA AND
CHINA FOR RECALIBRATED FRICTIONLESS BENCHMARK

Notes: Manufacturing employment share paths, 1971-2013 in data (black), baseline spatial model (blue) and
frictionless economy with the recalibrated preferences of Table E.1 (red).
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(vi)

(vii)

Empirical Appendix

Definition of Variables

Sectoral employment shares. The share of an AMC’s employed persons work-
ing in agriculture, manufacturing, services, or other sectors, from the 2000 and 2010
population censuses. Outcomes are the 2000-2010 changes in these shares.
Manufacturing employment growth. The change in the log number of an AMC’s
employed people working in manufacturing, from the 1991, 2000, and 2010 censuses.
This is the outcome of the pre-trend test, as in BCP, since employment shares cannot
be compared across the 1991 and 2000 waves. The 1991 and 2000 censuses define em-
ployment differently, which affects total employment but barely affects manufacturing
employment.

Soy and maize exposure. The difference in potential yields of the crops under high
versus low input farming, measured in tonnes per hectare. We take this variable from
FAO-GAEZ v3.0 and average over the AMC'’s area.

Baseline controls. The 1991 share of the population living in rural areas, log income
per capita, log population density, and the literacy rate. The pre-trend test, which
additionally uses the 1991-2000 changes, uses the 1980 values of these control variables
as well.

Development controls. State fixed effects and the 1991 urbanization rate, log popu-
lation density, literacy rate, and log income per capita, which we demean across AMCs
and interact with our soy and maize exposure measures.

Youth share. The share of an AMC’s 1991 population aged 18-25. The young-adult
share (ages 18-35) and the prime-age share (ages 15-55) are defined analogously.
Urban-directed out-migration. The share of an AMC’s 1995 residents who by 2000
lived in a different, urban AMC.
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TABLE F.1: SUMMARY STATISTICS

Variable Mean  SD pl0 P50 P90 N
Panel A: Outcomes (2000 to 2010 changes in employment shares)

A Manufacturing share 0.013 0.057 -0.036 0.004 0.078 4,260
A Agriculture share -0.063 0.074 -0.158 -0.057 0.015 4,260
A Services share 0.032 0.057 -0.035 0.031 0.103 4,260
A Other-sector share 0.018 0.039 -0.024 0.015 0.064 4,260
Panel B: Agricultural exposures

AAZY 1.806 0.847 0.628 1.837 2.882 4,260
A Amaize 3.065 1.808 0.778 2.727 5.753 4,260
Panel C: 1991 baseline controls

Rural share 0.458 0.231 0.133 0470 0.761 4,260
Log pop. density 3.202 1.358 1.588 3.232 4.672 4,260
Literacy rate 0.717 0.164 0476 0.773 0.899 4,260
Log income per capita 4.525 0.588 3.746 4.556 5.281 4,260
Panel D: Moderators

Youth share, 1991 0.144 0.015 0.125 0.144 0.162 4,260
Young-adult share, 1991 0.286 0.033 0.240 0.290 0.327 4,260
Prime-age share, 1991 0.530 0.047 0.465 0.539 0.586 4,260

Urban outmigration, 1995 to 2000 0.231 0.092 0.122 0.223 0.351 4,260

Notes: This table presents summary statistics of our data. Panel A reports the 2000-2010 changes in sectoral
employment shares, the outcome variables of equation (20). Panel B reports our soy and maize exposure
measures, constructed as the difference between FAO-GAEZ potential yields under high and low inputs,
in tonnes per hectare. Panel C reports the baseline controls, measured in the 1991 population census.
Panel D reports the four measures of migration propensity. “Youth share” is the share of an AMC’s 1991
population aged 18 to 25; the prime-age (ages 15 to 55) and the young-adult (ages 18 to 35) shares are
defined analogously. “Urban outmigration” is the share of an AMC’s 1995 residents who by 2000 lived in a
different, urban AMC. The unit of observation is the AMC.
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F.2 Additional Empirical Results and Robustness

TABLE F.2: MIGRATION PROPENSITY GRADIENT IN THE SOY EFFECT: ALL SECTORS

A Employment share

Agriculture Manufacturing Services Other Sectors
(1) (2) (3) (4) (5) (6) (7) (8)
AAY —0.020*** 0.006 0.021**  0.003 —0.002 —0.012* 0.001 0.002
(0.002) (0.008) (0.002)  (0.006) (0.002) (0.006) (0.001)  (0.004)
AA®Y x Mig. Prop. Quintile 2 —0.020* 0.014** 0.007 > —0.001
(0.009) (0.007) (0.007) (0.005)
A A x Mig. Prop. Quintile 3 —0.028** 0.014* 0.010 0.004
(0.010) (0.008) (0.007) (0.004)
A A% x Mig. Prop. Quintile 4 —0.025** 0.017* 0.009 —0.001
(0.009) (0.007) (0.007) (0.005)
AA*Y x Mig. Prop. Quintile 5 —0.035"* 0.025** 0.016™* —0.006
(0.010) (0.008) (0.007) (0.005)
Joint test, soy coefficients on quintiles 2-5 equal 0:
p-value 0.009 0.028 0.163 0.050
Observations 4,149 4,260 4,149 4,260 4,149 4,260 4,149 4,260

Notes: The table reports estimates from equation (20) for each sector. The odd-numbered columns restrict all
migration propensity terms to zero, which replicates the BCP specification (Table 10). The even-numbered
columns estimate the unrestricted equation. The outcome variable for each column is the 2000-2010 change
in the employment share of the respective sector. Migration propensity is measured as the 1991 youth share
(ages 18 to 25), and its lowest quintile is the omitted category. Baseline controls are the 1991 rural share, log
population density, literacy rate, and log income per capita. The odd-numbered columns restrict the sample
to the AMCs used in BCP. Column (4) corresponds to column (2) of Table 4. The row labeled “p-value”

reports the p-value from an F-test of the null hypothesis that the soy exposure x quintile coefficients are
jointly zero. Standard errors are in parentheses, clustered at the microregion level in the even-numbered

colun(lins and robuit iIi the odd-numbered columns, as in BCP. *** ** and * denote significance at the 1,
5, and 10 percent levels.
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TABLE F.3: MIGRATION PROPENSITY GRADIENT IN THE SOY EFFECT ON
MANUFACTURING: ALTERNATIVE PROXIES

A Manufacturing employment share

Youth Young- Prime- Urban
share adult age share  outmig.
share
(1) (2) (3) (4)
A A 0.003 —0.011 —0.005 < 0.001

(0.006)  (0.008)  (0.007)  (0.005)
AA x Mig. Prop. Quintile 2 0.014*  0.026"*  0.021***  0.019***
(0.007)  (0.009)  (0.008)  (0.007)
AAY x Mig. Prop. Quintile 3 0.014*  0.039**  0.028"*  0.031"**
(0.008)  (0.010)  (0.008)  (0.007)
AAY x Mig. Prop. Quintile 4  0.017**  0.033**  0.033**  0.023"*
(0.007)  (0.010)  (0.009)  (0.007)
AAY x Mig. Prop. Quintile 5 0.025**  0.035**  0.024**  0.020"**
(0.008)  (0.010)  (0.009)  (0.006)

Joint test, soy coefficients on quintiles 2-5 equal 0:
p-value 0.028 0.001 0.006 < 0.001
Observations 4,260 4,260 4,260 4,260

Notes: This table explores the robustness of our results to alternative definitions of the migration propensity
moderator. Each column estimates the unrestricted equation (20) with migration propensity measured as
indicated in the heading of the column. The outcome variable for each column is the 2000-2010 change in
the manufacturing employment share. “Youth share” is the share of an AMC’s 1991 population aged 18 to
25; the young-adult share (ages 18 to 35) and the prime-age share (ages 15 to 55) are defined analogously.
“Urban outmig.” is urban-directed out-migration, the share of an AMC’s 1995 residents who by 2000 lived in
a different, ur%an AMC. In each column, the lowest quintile of migration propensity is the omitted category.
Baseline controls are the 1991 rural share, log population density, literacy rate, and log income per capita.

Column (1) corresponds to column (2) of Table 4. The row labeled “p-value” reports the p-value from an
F-test of the null hypothesis that the soy exposure x quintile coefficients are jointly zero. Standard errors

are in parentheses and clustered at the microregion level. *** ** and * denote significance at the 1, 5, and
10 percent levels.
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TABLE F.4: MIGRATION PROPENSITY GRADIENT IN THE SOY EFFECT ON
MANUFACTURING: CONTINUOUS MIGRATION PROPENSITY

A Manufacturing employment share

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

A A5 0.021*** —0.003 —0.008 —0.005
(0.002)  (0.009) (0.010)  (0.009)
AAY x Mig. Prop. 0.049*  0.059"* 0.055""

(0.021) (0.021) (0.022)
Test, soy coefficient on Mig. Prop. equal 0:

p-value 0.022 0.006 0.011
Observations 4,149 4,260 4,260 4,149
Fixed Effects and Controls:

Baseline controls v v v v
Development controls - - v -
BCP sample v - - v

Notes: This table explores the robustness of our results to a continuous definition of the migration propensity
moderator. The table reports estimates from equation (20), where we replace the migration propensity
quintiles with a continuous version, normalized to the unit interval in our sample. Column (1) restricts the
migration propensity term to zero, which replicates the BCP specification (Table 9, column 2). Columns
(2)—(4) estimate the unrestricted equation. The outcome variable for each column is the 2000-2010 change
in the manufacturing employment share. Migration propensity is measured as the 1991 youth share (ages
18 to 25). Baseline controls are the 1991 rural share, log population density, literacy rate, and log income
per capita. Column (3) adds development controls, specifically state fixed effects and the 1991 urbanization
rate, log population density, literacy rate, and log income per capita, demeaned and interacted with our soy
and maize exposure measures. Column (4) restricts the sample to the AMCs used in BCP. The row labeled
“p-value” reports the p-value from a test of the null hypothesis that the soy exposure x migration propensity
coefficient is zero. Standard errors are in parentheses, clustered at the microregion level in columns (2)-(4)
and robust in column (1), as in BCP. *** ** and * denote significance at the 1, 5, and 10 percent levels.
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TABLE F.5: MIGRATION PROPENSITY GRADIENT IN MANUFACTURING EMPLOYMENT
GROWTH: BEFORE AND AFTER THE SOY SHOCK

A Log manufacturing employment

(1) 2) 3) 4)

Soy exposure, 1991 to 2000

All AMCs < 0.001
(0.020)
Total effect on:
Mig. Prop. Quintile 1 0.146* 0.102 0.197**
(0.087) (0.084) (0.086)
Mig. Prop. Quintile 2 0.053 0.064 0.055
(0.053) (0.054) (0.053)
Mig. Prop. Quintile 3 —0.041 —0.022 —0.023
(0.045) (0.050) (0.042)
Mig. Prop. Quintile 4 —-0.019  —0.008  —0.007
(0.045) (0.046) (0.044)
Mig. Prop. Quintile 5 0.003 —0.004 0.007

(0.045)  (0.052)  (0.043)

Joint test, pre-period soy slopes equal 0:

p-value 0.403 0.637 0.222
Soy exposure, 2000 to 2010
All AMCs 0.238***
(0.018)
Total effect on:
Mig. Prop. Quintile 1 0.073 0.017 0.052
(0.078) (0.075) (0.071)
Mig. Prop. Quintile 2 0.227***  0.155***  (0.240***
(0.052) (0.052) (0.052)
Mig. Prop. Quintile 3 0.181***  0.123***  0.174***
(0.041) (0.042) (0.040)
Mig. Prop. Quintile 4 0.232***  0.190***  0.215***
(0.038) (0.043) (0.037)
Mig. Prop. Quintile 5 0.233***  0.228***  0.233"**

(0.040) (0.043) (0.040)
Joint test, post-period soy slopes equal 0:

p-value <0.001 <0.001 <0.001
Observations 7,984 8,440 8,440 7,984
Fixed Effects and Controls:

Baseline controls v v v v
Development controls - - v -
BCP pre sample v - - v

Notes: This table explores whether the migration propensity gradient was present before the soy shock.
The table reports estimates from equation (20) stacked over the periods 1991-2000 and 2000-2010, where
all exposure and migration propensity terms are interacted with an indicator for the post-period, following
BCP (Online Appendix Table A6). Column (1) restricts all migration propensity terms to zero, which
replicates the BCP specification (column 1). Columns (2)—(4) estimate the unrestricted equation. The
outcome variable for each column is the change in log manufacturing employment over the period. The table
reports the total effect of soy exposure in each period, for all AMCs in column (1) and for each quintile of
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migration propensity in columns (2)-(4). Migration propensity is measured as the 1991 youth share (ages 18
to 25). Baseline controls are the rural share, log population density, literacy rate, and log income per capita,
measured in 1980 for the first period and in 1991 for the second. Column (3) adds development controls,
as in Table 4, interacted with the indicator for the second period. Column (4) restricts the sample to the
AMCs used in BCP. The rows labeled “p-value” report the p-value from an F-test of the null hypothesis
that the five total effects of the period are jointly zero. Standard errors are in parentheses, clustered at the
microregion level in columns (2)-(4) and robust in column (1), as in BCP. *** ** "and * denote significance
at the 1, 5, and 10 percent levels.
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